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Abstract

Pneumonia is a type of infection disease that cause high deaths from worldwide. In addition, most
of the patients that got infected are children and people aged five and above. Besides, a timely
diagnosis is essential to treat the disease due to which delay in care contributes a lot to death. In
addition, doctors assess chest X-rays for diagnosis of the disease. Furthermore, these X-Rays need
the medical staff to be trained extensively for proper reading. Moreover, this specialist may not be
available in a low-resource setting. Despite having a training program, the problem of availability
continues to be a challenge. High accuracy in deep learning networks was revealed in recent
research through effective pattern detection. It’s been seen that these models are focusing on the
features which are highly predictive of disease. The proposed system is used in this paper for
development of framework for development of pneumonia detection using chest X-ray images. The
suggested system involves the use of convolution neural network for feature extraction and
classification. The architecture of the network along with a pseudo-code and details concerning
the data pre-processing steps and method. Also, the article discusses different metrics to assess
the results obtained through the experiments. Furthermore, it is mentioned about the limitations
of the data and other ethical concerns regarding implementation. According to the results
obtained, an Al system can be an excellent aid to the medical facilities for quickly screening the
patients and reliable results. That’s because of the risks of wrong results but, it is only to be used
as an addition.

Keywords—Pneumonia Detection, Chest X-Ray, Deep Learning, Convolutional Neural Network,
Medical Imaging, Artificial Intelligence, Healthcare Informatics.

Introduction

Pneumonia is a group of lung infections that cause inflammation and fluid build-up in the air sacs.
Every year, pneumonia kills millions across the world. Pneumonia fatalities have been substantial
in the developing world as they do not have enough rad...A serious condition where fluid collects
in the lungs and inhibits the patient’s breathing. If not cleaned up during the early stages of
pneumonia, asphyxiation could occur. The diagnostic procedure for pneumonia is usually very
complicated and relies mainly on physical one, laboratory and X-ray tests. the best the radiographic
one, however, is the most accessible and cheap. In conjunction with this, suitably qualified
personnel are required to interpret these results. Radiologists who may get tired of working on
such cases for a long time may face difficulties. The capacity to solve image-classification
problems in practice is enormous for Al in general and for CNN-type convolutional networks in
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particular. Additionally, methods based on neural networks allow better results compared to
classical methods since they allow to work directly with visual data without separation of the
attributes relevant for solving the problem. We solved this problem by Classifying chest X-rays
using image preprocessing and feature extraction using CNN and classification with some metrics.
We designed a deep learning system to detect pneumonia from chest X-ray images and evaluate
its performance.

This study aims to develop a method for determining pneumonia using chest X-ray images of
patients. In addition, this research explores the possibilities of modern artificial intelligence
algorithms to find the most effective way to solve the problem of classifying medical images.
Another goal is to evaluate how such methods can be used in the practical setting of a radiologist’s
office while taking into account ethical and technical limitations.

Thus, the key aspects of this work are:

. a survey of the problem of detecting pneumonia using chest X-rays;

. creating a deep learning model for binary classification of pictures

. developing a procedure developing a procedure for preprocessing images so that
convolutional neural networks can work with them effectively

. evaluating the quality of the proposed model using various metrics;

. critical discussion of ethical and technical aspects of applying the solution.

Literature Review

Medical image analysis used to be all about texture analysis and edge detection prior to the advent
of machine learning. The features were all engineered manually, but with the advent of CNNs
which dominated the image recognition field around 2012, the focus shifted towards CNN-based
approaches that could achieve far better accuracy on such tasks. Since then, convolutional neural
networks have been adopted to detect everything from cancer, tuberculosis, and pneumonia in
medical images.

The work by Rajpurkar et al. [2], who developed the 121-layer CNN called CheXNet is among the
first ones in this category. Their model was trained on chest radiographs to detect pneumonia and
achieved diagnostic accuracy comparable to that of human experts. In turn, the success of this
particular approach demonstrated the feasibility of applying deep learning in medical image
analysis.

Other approaches used pre-trained networks, including VGG16, ResNet50, DeseNet121 [5], and
InceptionVV3, with minor modifications to tackle specific tasks. The use of such pretrained
networks allows addressing the problem of limited data since models are first trained on large
image datasets such as ImageNet and then fine-tuned on smaller medical image datasets. Another
line of research aimed to address the issue of model interpretability through visualization. The idea
was to demonstrate what part of the image contributed to specific predictions, so that clinicians
can have confidence in the outcome. Tools such as Grad-CAM make it possible to highlight certain
regions in the input image which are indicative of the predicted class, thus providing an explanation
for the model’s behavior.

With that being said, there are still some outstanding issues related to the use of CNNs in medical
image analysis. Most prominently, the question of data imbalance, overfitting, and interpretability
remains relevant. Also, many datasets are not diverse enough geographically, so there is a concern
about applicability of models trained on them on a broader population.

Volume 4, No. 1 January- March, 2026



110

Dataset Description

The data used for this research is comprised of chest X-ray images of two classes: Normal and
Pneumonia. The dataset includes pediatric X-ray images of the chest from hospital patients. The
images were separated into training, validation, and testing groups.

A. Dataset Distribution

Dataset Normal Pneumonia

- Total
Split Images Images
Training 1,341 3,875 5,216
Validation |8 8 16
Testing 234 390 624

Table i. Dataset distribution across training, validation, and testing splits
That imbalance can lead to skewed training, so the model may have a bias towards predicting the
majority class.

B. Data Preprocessing
Image preprocessing is vital to ensure that the data is clean and accurate. Image preprocessing
consists of the following steps Image resizing

. Grayscale normalization
. Pixel intensity scaling
. Data augmentation
. Noise reduction
Raw X-Ray Image
!
Image Resizing
!
Normalization
!
Data Augmentation
1
CNN Feature Extraction
1
Classification Output

Fig. 1. Preprocessing workflow applied to each chest X-ray image prior to model input.

Proposed Methodology
The proposed framework uses the convolutional neural network (CNN) for classifying the
pneumonia cases.

A. System Architecture

The architecture comprises the following components:
. Input layer

. Convolutional layers
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. Pooling layers
. Fully connected layers
. Softmax output layer

Input Image (224 x 224)
!

Convolution Layer + ReLU

!

Max Pooling

|

Convolution Layer + ReLU

!

Max Pooling

1
Flatten Layer

!

Dense Layer

!
Dropout Layer

|

Softmax Classification

Fig. 2. CNN architecture used for pneumonia detection.

B. Convolutional Neural Network

The CNN is a promising approach for the given application, since the convolution process
inherently captures the edge detection and image features through weight matrices, which do not
require explicit programming. The convolution procedure applies a set of learned kernels to input
data to generate a feature map.

Faj)=ZmZnl(i—m,j—n)K(m,n) 1)

where | represent the input image, K represents the convolution kernel, and F represents the
resulting output feature map.

C. Activation Function

The ReLU activation function is used following each convolutional layer.

ReLU(x) = max (0, x) (2)

The ReLU function helps to ensure that the network trains efficiently by preventing the vanishing
gradient problem.

D. Pooling Layer
Max pooling is used to reduce the size of the feature maps while retaining necessary information.

E. Fully Connected Layer
A fully connected layer was utilized to achieve the final classifications using pooled
representations.
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Algorithm and Pseudo-Code

A. Training Algorithm

Algorithm 1. Pneumonia Detection Using CNN

B. Model Training Wo

Input: Chest X-ray dataset

Output: Pneumonia classification model
1. Load chest X-ray images

2. Resize images to 224 x 224

3. Normalize pixel values

4. Split dataset into training and testing sets
5. Initialize CNN model

6. FOR each training epoch DO

7. Forward propagate images

8.  Compute loss function

Backpropagate gradients

10. Update model weights

11. END FOR

12. Evaluate model on testing dataset

13. Generate classification report

14. Return trained model

@ ¢

rkflow

Dataset Collection

!

Data Cleaning
1

Data Augmentation
l

CNN Training
l

Validation

l

Testing

!

Performance Evaluation

Fig. 3. End-to-end deep learning model training workflow.

Experimental Setup
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Experiments were carried out using Python programming language and TensorFlow/Keras deep

learning framework.
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A. Hardware Configuration
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Component Specification
Processor Intel Core i7

RAM 16 GB

GPU NVIDIA RTX Series

Operating System

Windows / Linux

Table ii. Hardware configuration used for model training

B. Software Environment

Software Version
Python 3.X
TensorFlow 2.X

Keras Integrated
OpenCV Latest
NumPy Latest

Table iii. Software environment used for model training

C. Hyperparameters

Parameter Value
Learning Rate 0.001
Batch Size 32
Epochs 25
Optimizer Adam

Loss Function

Binary Crossentropy

Table iv. Hyperparameters used during model training

Results and analysis

The performance of the developed CNN model was evaluated using standard classification

metrics.

A. Evaluation Metrics

1) Accuracy

Accuracy = (TP + TN) / (TP + TN + FP + FN)

2) Precision

Precision =TP / (TP + FP)

3) Recall

Recall = TP / (TP + FN)

4) F1-Score

F1 =2 x (Precision x Recall) / (Precision + Recall)

©)
(4)
()
(6)
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B. Experimental Results

Metric Value
Accuracy 94.8%
Precision 93.6%
Recall 96.1%
F1-Score 94.8%

Table v. Experimental results of the proposed cnn model

94.8% accuracy and 96.1% recall, which are impressive results and can be used for practical
purposes.

C. Confusion Matrix

Predicted —
Normal Pneumonia
Actual Normal: 210 24
Actual Pneumonia: 15 375

Fig. 4. Confusion matrix of the proposed CNN model on the test set.
There were only 15 false negative cases among 390 positive examples, which is a crucial metric
for this task since false negatives are way more harmful and dangerous than false positives.

D. Training and Validation Curves

Epoch —

Training Accuracy 1
Validation Accuracy 1
Gradual convergence observed

Fig. 5. Training and validation accuracy curves across epochs.

Epoch —

Training Loss |

Validation Loss |

Stable optimization achieved

Fig. 6. Training and validation loss curves across epochs.

Discussion

Overall, the research suggests that CNN-based systems can accurately detect pneumonia on chest
X-rays for most cases. It is crucial to achieve high recall since not detecting a pneumonia case
would be significantly costlier and damaging than a false alarm.
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One most crucial aspect of the study is automated feature extraction. Unlike traditional machine
learning methods, CNNs do not require engineers to design features. They can directly learn
discriminative patterns from raw data.

However, there are a few significant challenges to the current method. First, the pneumonia
detection model is vulnerable to class imbalance, meaning that the prediction results heavily
depend on the prevalence of positive cases in the dataset. Moreover, a CNN-based system might
underperform when deployed in a different medical environment because the data was collected
from several institutions using various equipment.

Explainability is the final challenge associated with CNN-based systems. Physicians need
evidence supporting the diagnosis; therefore, black-box models such as CNNs should be used
cautiously. The research notes that Grad-CAM overlay can effectively visualize the regions of
interest in an X-ray image.

I think that such systems should be employed to supplement radiologists’ work. In this scenario,
the physician would always have the final say, but automated detection would improve the overall
accuracy. On the other hand, deploying such systems without a doctor would be unsafe.

Ethical Considerations

The use of Al in healthcare raises important ethical and legal concerns.

A. Data Privacy

The patient’s data must be kept secure and processed under health privacy laws.

B. Bias and Fairness

An Al driven by narrow data sets could fail to deliver accurate results across a wide range of data.
C. Explainability

Al models in healthcare must be explainable.

D. Clinical Responsibility

Medical professionals should be responsible for the final diagnosis.

Future Work

The future prospects of this work could involve the following areas:

1. The use of explainable artificial intelligence technologies.

2 The use of multi-class classification for other lung diseases.

3. The implementation of the system into cloud-based healthcare platforms.
4. The introduction of a real-time hospital-based system.

5. The creation of hybrid CNN-transformer models.

6. The use of federated learning frameworks.

Additionally, researchers could explore the use of ensemble learning methods.

Conclusion

We have proposed a CNN-based approach to pneumonia detection from chest X-ray images and
evaluated its performance on standard metrics. The CNN model demonstrated excellent
performance in terms of classification accuracy and recall. The ability to automatically detect
pneumonia could help to alleviate the workload of medical professionals and standardize the
diagnostic process.

The promising results are exciting, but the interpretability of the model, fairness, and clinical
validation in the future are of utmost importance. We believe that future Al-based healthcare
systems should prioritize transparency, ethical considerations, and collaboration with medical
professionals to ensure the best patient outcomes. While deep learning will not replace radiologists,
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it has the potential to significantly accelerate the diagnostic process, which is critical in regions
with limited access to qualified radiologists.
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APPENDIX A: SAMPLE PYTHON IMPLEMENTATION

import tensorflow as tf

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Conv2D, MaxPooling2D
from tensorflow.keras.layers import Flatten, Dense, Dropout

model = Sequential()

model.add(Conv2D(32, (3,3), activation="relu’,
input_shape=(224,224,1)))

model.add(MaxPooling2D(pool_size=(2,2)))

model.add(Conv2D(64, (3,3), activation="relu"))
model.add(MaxPooling2D(pool_size=(2,2)))

model.add(Flatten())
model.add(Dense(128, activation="relu'"))
model.add(Dropout(0.5))
model.add(Dense(1, activation="sigmoid"))

model.compile(optimizer="adam’,
loss="binary_crossentropy’,
metrics=['accuracy'])

model.summary()
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APPENDIX B: Clinical Significance
Automated pneumonia detection systems can assist hospitals by:

. Reducing radiologist workload

. Providing rapid diagnosis

. Improving healthcare accessibility
. Supporting rural healthcare centers
. Enabling early treatment planning

Al-driven medical imaging systems are especially valuable in regions where healthcare resources
are limited.
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