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ABSTRACT— PNEUMONIA IS AN INFECTION OF THE LUNGS CAUSED
BY BACTERIA, VIRUSES, FUNGI, OR PARASITES, LEADING TO THE
ACCUMULATION OF PUS IN THE AIR SACS, WHICH CAN AFFECT ONE
OR BOTH LUNGS. THIS SERIOUS ILLNESS POSES A GLOBAL HEALTH
THREAT, WITH EARLY DIAGNOSIS BEING A KEY CHALLENGE.
TRADITIONALLY, IT IS DIAGNOSED BY MEDICAL PROFESSIONALS
USING CHEST X-RAYS. IN THIS STUDY, A COLLECTION OF X-RAY
AND CT SCAN IMAGES IS EMPLOYED TO ENABLE AUTOMATED
PNEUMONIA DETECTION. AS THE CONDITION PROGRESSES,
PATIENTS EXPERIENCE INCREASING DIFFICULTY BREATHING.
MACHINE LEARNING METHODS OFFER POTENTIAL FOR FASTER
AND MORE ACCURATE DIAGNOSIS BY APPLYING COMPUTER VISION
TECHNIQUES FOR AUTOMATIC DETECTION IN MEDICAL IMAGING.

Keywords— Deep Learning, RESNET50, CNN, Pneumonia,
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I INTRODUCTION

Throughout history, epidemics and chronic diseases have
claimed the lives of countless individuals, leading to
significant crises that often took years to overcome.
Infectious diseases within communities have been
classified as either pandemics or outbreaks over time. A
pandemic occurs when there are more cases of illness,
injury, or health issues than expected in a particular region
or among a specific population within a certain period,
with most cases appearing to be linked. In contrast, an
outbreak is more localized and typically causes less public
concern. One notable pandemic from the past is
pneumonia, a serious illness that leads to numerous health
complications. Epidemics and chronic illnesses have
taken the lives of many throughout history, resulting in
major crises that often-required years to resolve. Over
time, infectious diseases in communities have been
categorized as either pandemics or outbreaks. A pandemic
refers to a situation where there is a higher-than-expected
number of cases of disease, injury, or health issues within
a specific area or group over a certain period, with most
cases being interconnected. On the other hand, an
outbreak is more localized and generally causes less
widespread concern. Pneumonia, a severe disease that
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causes various health complications, is an example of a
significant pandemic from the past.

Machine learning (ML), deep learning (DL), and
statistical methods are highly effective tools in disease
diagnostic systems. These techniques are capable of
addressing complex vision tasks in medical imaging,
including lung disease classification, lung segmentation,
and more. Recent advancements in DL have not only
matched but often surpassed human performance in many
tasks. DL can also be applied to predict treatment
outcomes, such as in cancer therapy and clinical studies.
The use of labeled data combined with DL algorithms has
shown promising results in classifying thoracic diseases
using X-ray images. Traditionally, deep neural network
(DNN) models have been developed and tested by experts
through a time-consuming trial-and-error process
requiring significant resources and expertise.

To tackle this problem, a new model is proposed that
leverages DNN architecture for efficient and accurate
classification. This model is specifically designed for the
classification and prediction of pneumonia using chest X-
ray (CXR) images. The method is based on neural
network (NN) architecture, which employs multiple
neurons to link, identify, and extract essential features
from the image set. While state-of-the-art models exist,
NN provides a similarly targeted architecture for training
and testing systems, which has been a key factor in its
development. The NN model has inspired DL-based
algorithms to become a standard approach for predicting
and classifying healthcare image datasets.

Deep learning (DL) plays a crucial role in predicting
classification outcomes. Various DL models are
commonly used in the healthcare sector for disease
prediction, but their effectiveness depends on the type of
data involved. In this study, the dataset consists of images,
making the neural network (NN) model a suitable choice
for the experiment. NN models are particularly effective
for analyzing data with a consistent grid structure, such as
radiographs, as they are inspired by the organization of
the human visual system. These models are designed to
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automatically and flexibly learn spatial hierarchies of
features, from basic to complex structures.

The NN architecture typically consists of three
hierarchical layers: convolution, pooling, and fully
connected layers. The convolution and pooling layers are
responsible for feature extraction, while the fully
connected layer links the nodes and transfers the extracted
features to the output layer to generate classification
results. Several NN architectures are available for
classification tasks, including Visual Geometry Group
(VGG), ResNet, and Google Net, which have
demonstrated high accuracy in various fields.

This paper utilizes the RESNETS50 transfer learning
model for feature extraction due to its flexibility in
handling smaller strides and window sizes. RESNET50,
with its 50 deep layers, is particularly well-suited for
larger datasets, offering better performance. The proposed
approach employs this DL-based model to enable quick
and early pneumonia detection, using RESNET50 to
optimize both accuracy and computational efficiency by
keeping the number of layers at 50 to minimize processing
time.

PRESENT STATE-OF-THE-ART

This section discusses the use of pre-trained and ensemble
models for predicting pneumonia in chest X-ray (CXR)
images. Sirazitdinov et al. [5] introduced a hybrid
ensemble model for pneumonia prediction, utilizing the
Adam optimizer and a batch size of 8. The model was
configured with a learning rate of 0.0001, a training-
testing ratio of 75:25, and an input image size of 512x512.
The results are summarized by the recall, precision, and
F1-score values, which were found to be 0.284, 0.288, and
0.286, respectively.

Ahmad et al. [12] employed a deep convolutional neural
network (CNN) approach for feature extraction from the
chest X-ray (CXR) radiograph dataset. The data were
classified based on the Area Under the Curve (AUC),
reflecting the severity of the patients' health conditions,
with a reported AUC of 0.98. Meanwhile, Rajpurkar et al.
[3]developed a 121-layer CheXNet model for pneumonia
prediction using CXR data. The results were assessed
using the Fl-score and compared to an average median
Fl-score of 0.387, which is significantly lower than the
performance achieved by the CheXNet algorithm.

Zech et al. [13] introduced a CNN-based method for
diagnosing pneumonia and noted that their model could
potentially overstate the accuracy of real-world
pneumonia predictions, achieving an AUC of 0.931.
Rahimzadeh et al. [14] developed a Deep CNN
framework that combines the ResNet50V2 and
XceptionNet models, demonstrating a high accuracy of
91.4% when compared to other existing models.
Additionally, Ieracitano et al. [15] designed a CNN
algorithm specifically for the identification of pneumonia.

This model extracts features from chest X-ray data and
fuzzy images. Additionally, it was compared to existing
algorithms and achieved an accuracy rate of up to 81%.
Zhang et al. [16] examined various Al-based algorithms
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for pneumonia detection and concluded that Inf-Net
algorithms  might outperform  others after a
comprehensive analysis of the current methods. Kundu et
al. [17] utilized an ensemble of three CNN frameworks—
ResNet, DenseNet, and GoogleNet—to diagnose
pneumonia, yielding promising results compared to
earlier design approaches. The research utilized two
datasets, showing accuracy rates of 87.02% for the
Radiological Society of North America (RSNA) dataset
and 98.8% for Kermany's dataset, respectively.

Yaseliani et al. [18] introduced an ensemble hybrid deep
learning system that integrates support vector machines
(SVM), radial basis functions, and logistic regression,
utilizing three distinct classification processes. The first
step involves a fully connected layer for image
categorization, followed by weight adjustments to extract
features from the images. Finally, the computer-aided
model is applied to classify chest X-ray (CXR) images.
Meanwhile, Mabrouk et al. [19] enhanced a deep learning
model by merging DenseNetl69, MobileNetV2, and
Vision Transformer models for pneumonia prediction
using CXR images. These three models were used to
extract features from the images, which were then
employed in the experimental analysis.

III. MATERIALS AND METHODS

This section outlines the methodology employed for
pneumonia prediction in chest X-ray (CXR) images, along
with the dataset utilized for the experiment. In this study,
ResNet50, a pre-trained feature extractor, is employed for
feature extraction ResNet50 is a neural network (NN)-
based architecture that garnered significant attention
following the 2014 ILSVRC (ImageNet) challenge [1]. It
is recognized as one of the most effective architectures for
image classification. Notably, it utilizes 3x3 filter
convolutions and features the same max pooling and
padding layers with a 2x2 filter, avoiding the need for an
excessive number of hyper-parameters. The arrangement
of convolutional and max pooling layers is consistent
throughout the model. Ultimately, the output comprises
two fully connected softmax layers [20][21].

A. Database description

The first dataset was obtained from Kaggle [22] and
is organized into two main directories: a training
folder and a testing folder. Each of these directories
contains two subdirectories—one for pneumonia X-
ray radiographs and another for CXR radiographs of
normal lungs. A total of 5,856 anteroposterior CXR
images were carefully selected from historical
records of pediatric patients aged between 1 to 5
years [20]. Two labels, pneumonia and normal, were
used to categorize all the folders, applied to the
pneumonia X-ray images as well. The initial data
classifications were refined and combined, resulting
in the entire dataset being divided into 70% for
training and 30% for testing. Consequently, the
distribution of images in the dataset includes 5,216
X-ray images for training and 640 radiographs for
testing the system. This dataset is publicly available
and consists solely of JPEG images.
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Input Data:
Chest X-Ray Image

Preprocessing
e Resizing
e Normalization
e Augmentation

Feature Extraction
(ResNet50)
e Conv Layers
e Activation
(ReLU)
e Max Pooling
o Fully Connected

Softmax Layers

Loss Function
e Categorical
Cross_Entropy

Optimizer
e Adam/SGD

B.  Methodology
The proposed deep learning (DL) model is divided
into several components: data collection,
preprocessing, feature extraction [25], training,
testing, classification, and pneumonia prediction, as
illustrated in Fig. 1. Data preprocessing is performed
to balance and normalize the dataset, ensuring that
the data is adjusted to a normalized range of [0-255].
Following this, the input data is supplied to the
ResNet50 model for feature extraction, which
effectively extracts relevant features from the
images for the classification phase of the prediction
process. The ResNet50 utilizes a bottleneck
architecture to reduce computational complexity.
Each residual block consists of three layers:
e 1x1 Convolution (reduces the number of
channels/dimensions)
e 3x3 Convolution (operates on the reduced
number of dimensions)
e Ix1 Convolution (restores the original
dimensions)
The "50" in ResNet50 refers to the total number
of layers, including the convolutional, pooling,
and fully connected layers. The network is
divided into several stages, each containing
multiple residual blocks, with increasing depth
as the network progresses. The model is
implemented using the Google collab,
employing the Adam optimizer with a learning
rate of 0.0001 and utilizing the ReL U activation
function. The training of the entire model is
conducted on the training dataset, comprising
70% of the total data, while 30% is reserved for
test data set.

IV. PERFORMANCE EVALUTATION

The effectiveness of the proposed model is evaluated through
several metrics, such as accuracy, precision, F1-score, and
recall, as detailed in Table 1. To understand these metrics, it's
important to clarify four key terms: "false positive," "true
positive," "false negative," and "true negative."

Evaluation Metrics
e Accuracy
Precision

[ ]
e Recall
e FI1 Score

Fig. 1 Proposed deep learning model for pneumonia
prediction.

The dataset obtained from Kaggle [24] and is
organized into two main directories: training and testing.
Each directory includes three subfolders: pneumonia,
COVID-19, and normal. In total, the dataset comprises
6,432 JPEG-format radiographs, with 80% allocated for
training and 20% for testing. This dataset was sourced
from Kaggle. Specifically, the training and testing
folders contain 3,418 pneumonia images, 1,266 normal
images, and 460 COVID-19 images. In the training
folder alone, there are 855 pneumonia images, 317
normal images, and 116 COVID-19 images. The first
dataset is utilized for binary classification, while the
second dataset is used for multi-class classification.
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o A false positive (FP) occurs when samples from the
negative class are incorrectly classified as belonging
to the positive class.

e A true positive (TP) refers to samples that are
accurately classified as positive and actually belong
to the positive class.

o False negatives (FN) are samples that belong to the
positive class but are incorrectly predicted to be in
the negative class.

e A true negative (TN) indicates samples that are
correctly identified as belonging to the negative
class.

The definitions of the metrics utilized for predicting
the proposed model's performance are provided below.

Acuracy = (TP +TN)/(TP+TN+FP+FN) (1)
Recall=TP/ (TP + FN) (2)
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Precision =TP/(TP + FP) 3)
F1 —score =2/((1/Precision) + (1/Recall)) (4)

Accuracy is a metric that reflects the proportion of correct
predictions made by the algorithm. However, in the case
of unbalanced datasets, a high accuracy rate does not
necessarily imply that the model can effectively
distinguish between different categories. In the field of
healthcare, image classification can be applied to all
classes within a dataset. Here, the values of "recall" and
"precision" offer insights into the model's performance.

"Precision" measures the accuracy of positive
predictions, representing the ratio of correctly predicted
positive cases to the total predictions made. On the other
hand, "recall" indicates the percentage of true positives
that the model successfully identifies. The "F1-score"
serves to harmonize "precision" and "recall,”" considering
both false negatives (FNs) and false positives (FPs). It
evaluates extreme values of "recall" and "precision,"
where an increase in one may lead to a decrease in the
other.

To accurately differentiate between healthy and diseased
patients in diagnostic image identification, it is crucial to
examine various evaluation metrics rather than relying
solely on accuracy.

Abbreviations and Acronyms

Define abbreviations and acronyms the first time they are
used in the text, even after they have been defined in the
abstract. Abbreviations such as IEEE, SI, MKS, CGS, sc,
dc, and rms do not have to be defined. Do not use
abbreviations in the title or heads unless they are
unavoidable.

A. Results and Discussion

This subsection presents a comprehensive analysis of
the results achieved with the proposed model for
predicting pneumonia.

o NN C(lassifier with RESNET50: The proposed
model demonstrates superior performance in
pneumonia prediction, as evidenced by various
performance metrics showing minimal error
values. Specifically, for dataset, the model
achieved an overall accuracy of 50.00%, with a
precision of 0.50 and a recall of 1.0, resulting in
an Fl-score of 0.670, as detailed in Table 1. For
dataset 2, the model showed an overall accuracy
of 94.5%, along with a precision of 0.954, recall
0f 0.954, and an F1-score of 0.954.

TABLE 1. PERFORMANCE OUTCOME OF PROPOSED
WORK USING GIVEN DATASET

Sl no precision recall fl-score support
0.50 1.00 0.67 10
Accuracy 0.50 20
macro avg 0.25 0.50 0.33 20
weighted avg 0.25 0.50 0.33 20
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The results are illustrated in ROC graphs, with Fig. 2
representing the model accuracy and Fig. 3 depicting the
model loss, highlighting the model's ability to separate the
classes. The ROC curve visualizes the relationship
between recall and precision, serving as a graphical
evaluation tool for binary classification. In contrast to
other methods that provide a single performance value,
the ROC curve is widely recognized for identifying
effective classifiers; the closer the curve is to the top left
corner of the graph, the better the model's performance.

Model accuracy
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Fig 2: ResNet50 Model Accuracy
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Fig 3: ResNet50 Model Loss
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Table2: RESNET50 EVALUATION METRICS OF PRECISION,
RECALL, F1-SCORE AND SUPPORT

Dataset
Models . FI-
Accurac Precisio Reca
scor
y n u
e
NN with 0.67
RESNET 50.00% 0.50 1.0 :
0
50
[234 0
390 0

Fig 4: Confusion Matrix

V. CONCLUSION AND FUTURE SCOPE

This study confirms that the NN with RESNET50 model
delivers the moderate accuracy and overall performance for
pneumonia prediction. In future work, enhancing the model’s
performance could be achieved by expanding the dataset,
incorporating data augmentation, and increasing the number
of hidden layers to allow for deeper convolutions in the
model, potentially leading to even greater accuracy,
particularly for complex cases such as COVID-19 and
pneumonia.
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