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Abstract: Pneumonia remains a significant global health challenge, with chest X-rays serving as a critical
diagnostic tool. However, accurate and timely diagnosis often requires expert radiologists, who may not be
readily available in all settings. Pneumonia is most prevalent in underdeveloped and developing countries,
where factors such as overpopulation, air pollution, and unhygienic environmental conditions exacerbate the
spread and severity of the disease, while medical resources remain scarce. Therefore, early diagnosis and
effective management can play a pivotal role in preventing the disease from becoming fatal. This paper
surveys the effectiveness of Convolutional Neural Networks (CNNSs), particularly ResNet-50 and VGG-16,
in automating the detection of pneumonia from chest X-ray images. We evaluate the integration of these pre-
trained models with various techniques such as data augmentation, preprocessing, and transfer learning, and
discuss how these methods enhance the classification performance. The proposed models, when combined
with optimized classifiers such as Support Vector Machines (SVM), achieve high diagnostic accuracy,
offering a promising and scalable solution for timely disease detection, particularly in remote, underserved,
or resource-limited areas.

Index Terms - Pneumonia Detection, Deep Learning, CNN, ResNet-50, VGG-16, Image Classification, Data
Augmentation, Transfer Learning

l. INTRODUCTION

Pneumonia remains one of the major causes of death worldwide, particularly affecting vulnerable
populations such as children under five and the elderly. The primary method for diagnosing pneumonia is
through chest X-rays, which allow radiologists to observe the condition of the lungs and detect any
abnormalities. However, analyzing chest X-ray images is a complex and time-consuming process that
requires trained radiologists.

Deep learning methodologies, particularly Convolutional Neural Networks, have provided significant
promise in automating medical image analysis. CNNs are capable of extracting and learning hierarchical
features straight from raw data, eliminating the need for manual feature extraction. Pre-trained CNN
models, such as ResNet-50 and VGG-16, are widely used for image classification tasks, benefiting from
the vast amounts of data they have been trained on. These pre-trained models can be fine-tuned for specific
tasks like pneumonia detection, leveraging the ability to generalize learned features to new medical datasets.
By applying these models to chest X-rays, we aim to enhance the diagnostic process, particularly in remote
or underserved regions where access to expert radiologists is limited.

Moreover, the integration of artificial intelligence in medical imaging enables scalable and cost-effective
solutions for developing countries with limited medical infrastructure. With cloud-based deployment and
edge-device compatibility, CNN-powered applications can be implemented in mobile clinics or rural
hospitals, ensuring timely diagnostic support even in low-resource environments. Real-time feedback,
automated triage, and image prioritization can also assist overburdened medical staff by highlighting high-
risk cases and enabling quicker intervention. This advancement not only improves individual patient
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outcomes but also supports public health efforts in managing disease outbreaks. As research in this domain
continues to grow, combining Al techniques with domain expertise offers the potential to revolutionize
diagnostic radiology and address global disparities in healthcare access.that requires trained radiologists.
In regions with limited access to healthcare professionals, this process can lead to delays in diagnosis and
treatment, potentially resulting in severe health consequences. CNNs are capable of extracting and learning
hierarchical features straight from raw data, eliminating the need for manual feature extraction. Pre-trained
CNN models, such as ResNet-50 and VGG-16, are widely used for image classification tasks, benefiting
from the vast amounts of data they have been trained on. These pre-trained models can be fine-tuned for
specific tasks like pneumonia detection, leveraging the ability to generalize learned features to new medical
datasets.

Il. LITERATURE REVIEW

The integration of deep learning in medical image analysis has rapidly advanced pneumonia diagnosis by
offering improved accuracy, faster inference, and scalable solutions. Several studies have explored various
convolutional neural network (CNN) architectures and transfer learning techniques to enhance pneumonia
detection in chest X-rays. Below is a review of key literature that has significantly influenced this project:

2.1 Deep Learning Algorithms for Detecting Pneumonia in Chest X-Rays IEEE Access,2023

This study offers a comprehensive comparison between multiple deep learning models, including ResNet50,
DenseNet121, and VGG16, for detecting pneumonia using chest X-ray datasets, specifically the widely used
ChestX-rayl14 dataset. The results demonstrated that ResNet50 achieved an exceptional accuracy of ~97%,
outperforming the other models in terms of both precision and recall.

The research emphasizes the role of residual learning in enhancing feature extraction, allowing ResNet50 to
effectively identify subtle visual cues such as minor infiltrates or early-stage infections. The study also
highlights the capability of deeper models to generalize well even in complex medical imaging scenarios,
making them suitable for real-world deployment. This research supports the selection of ResNet50 in this
project as a primary architecture due to its proven clinical relevance and superior diagnostic performance.

2.2 Pneumonia Detection Using CNN Transfer Learning Techniques; Springer — Journal of Healthcare
Engineering, 2022

This paper investigates the application of transfer learning in training CNN models for pneumonia detection.
The study benchmarks ResNet50, MobileNet, and InceptionV3, assessing their performance in terms of
computational efficiency, accuracy, and training time. Among the models tested, ResNet50 stood out as the
most balanced in terms of speed and diagnostic precision, making it optimal for use in practical healthcare
settings.

2.3 Al-Based Diagnosis of COVID-19 and Pneumonia from Chest X-rays Using Deep Learning;
Elsevier — Computers in Biology and Medicine, 2021

This research explores the application of deep CNNs in diagnosing both COVID-19 and pneumonia from
chest radiographs. The models were trained using transfer learning on mixed datasets and demonstrated high
diagnostic capability in multi-class classification tasks. The study proves that CNN architectures are not only
capable of distinguishing between healthy and diseased lungs but can also differentiate between multiple
respiratory diseases. The findings validate the flexibility and adaptability of CNN-based systems such as
ResNet50 and VGG16 for various diagnostic purposes. This multi-disease detection capability is particularly
valuable in real-world clinical scenarios where differentiating between respiratory infections is crucial for
treatment planning. The success of these models further supports their use in this project for binary
classification (Pneumonia vs. Normal) and opens possibilities for future extension into multi-disease
diagnosis.

1. METHODOLOGY

The pneumonia detection platform follows a systematic approach that involves data preprocessing, model
training, and deployment through a Flask-based web application. The first step in the methodology involves
data preprocessing, where chest X-ray images are collected, resized to 224x224 pixels, and normalized by
scaling pixel values between 0 and 1. To enhance model generalization, various data augmentation techniques
such as horizontal flipping, rotation, and zooming are applied to increase the diversity of the dataset.
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Once the data is prepared, the next phase involves training deep learning models for pneumonia classification.
The system utilizes ResNet50 and VGG16, two well-established Convolutional Neural Networks (CNNSs),
which have been pre-trained on large image datasets and fine-tuned for pneumonia detection. The models are
trained using a binary cross-entropy loss function, optimized with the Adam optimizer, and validated using
accuracy, precision, recall, and F1-score. The trained models are then evaluated on unseen test data to ensure
their reliability in real-world scenarios.

After achieving satisfactory performance, the trained models are integrated into a Flask web application,
allowing users to upload chest X-ray images for real-time diagnosis. The uploaded image is processed by the
model, which classifies it as either Pneumonia or Normal, along with a confidence score. To enhance user
experience, the system also integrates Gemini APIs for automated report generation, providing detailed
diagnostic insights and precautionary measures.

The platform is designed to be scalable and can be deployed on cloud services such as PythonAnywhere or
AWS, ensuring accessibility for healthcare professionals and remote users. Additionally, user metadata,
including diagnostic history and uploaded images, can be securely stored on cloud databases to enable long-
term monitoring and follow-up consultations. This methodology ensures an efficient, accurate, and accessible
pneumonia detection system that supports healthcare professionals in making timely and informed decisions.

IV.SYSTEM REQUIREMENTS

4.1 Hardware Requirements

Processor: Multi-core processor (Intel i5/i7 or AMD equivalent)

RAM: Minimum 8GB (16GB recommended for better performance)

GPU: NVIDIA RTX series or equivalent for model training and inference
Storage: At least 20GB for dataset, models, and application files

Internet: Stable internet connection for cloud deployment and API integration

4.2 Software Requirements

Programming Language: Python

Deep Learning Frameworks: TensorFlow, Keras

Web Framework: Flask

Image Processing & Data Handling: OpenCV, NumPy, Pandas
API Integration: Gemini API for Al-generated reports

V. IMPLEMENTATION

This research demonstrated the design and implementation of an ESP32-based touch event logger with
integrated OLED feedback and cloud logging via Google Sheets. The system effectively captured physical
interactions, offering a practical solution for contexts such as retail, education, or industry. With capacitive
touch sensing and software debounce, it achieved a 99.7% accuracy rate and minimal false triggers. Non-
volatile storage using the Preferences library ensured data persistence across power cycles. The OLED display
provided real-time feedback with update times below 35ms, enhancing user interaction.

Cloud connectivity was handled through Google Apps Script, enabling reliable data uploads with a 99.8%
success rate under stable networks. Although performance declined under poor connectivity, the system
remained functional. A secondary energy harvesting module, while not fully self-sufficient, showed potential
to extend battery life or support additional components.

The architecture—featuring interrupt-based input handling, persistent storage, local display, and cloud
integration—serves as a reusable model for 10T systems. Energy consumption analysis emphasized the need
for better power management, especially for WiFi-connected devices. Despite its effectiveness, the system
was limited by lack of environmental testing, use of only one hardware setup, and unsecured data transmission
over HTTP.
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Future work should focus on integrating mesh networking for broader coverage, exploring advanced energy
harvesting methods like solar or piezoelectric systems, and implementing lightweight encryption for secure
data transmission. A fully self-sustained, battery-free design remains a key challenge but represents a
promising direction for continued development.

The implementation of the pneumonia detection platform involves multiple stages, encompassing user
interaction, image preprocessing, deep learning inference, Al-driven report generation, and cloud-based data
storage. The system is designed to provide an efficient, accessible, and scalable solution for pneumonia
diagnosis by integrating machine learning models with natural language processing capabilities for automated
and personalized medical reports. Each stage of implementation is carefully structured to ensure seamless
functionality, accuracy, and user convenience.

The process begins when the user uploads a chest X-ray image through a Flask-based web interface. The
interface is designed with an intuitive layout, allowing users to easily navigate through the system. Along
with the image, the user is prompted to select a preferred language for report generation. This feature ensures
accessibility across different linguistic backgrounds, making the system useful in diverse regions and
demographics. The uploaded X-ray image is validated to ensure it meets format requirements, such as JPEG.
The system also checks for corrupted or unreadable images before proceeding to the next stage.

Pneumonia Detection from X-Ray

Ul XAty s

Satect Langusae

Figure 1: Home Page of the ApplicationOnce the image is successfully received, it undergoes a pre-
processing phase for a deep learning model.

The image is resized to 224x224 pixels to maintain uniform input dimensions, ensuring consistency with the
model's training data. If necessary, the image is converted to grayscale to remove color variations and
emphasize structural details of the lungs. To enhance model robustness and improve generalization, image
augmentation techniques such as rotation, zooming, and horizontal flipping may be applied, ensuring that the
model performs effectively across different types of X-ray scans. After preprocessing, the image is converted
into a NumPy array for efficient computation before being fed into the deep learning model.

Pneumonia Detection Result

L

Figure 2: Prediction of Pneumonia along with Confidence Score

The system utilizes two state-of-the-art pre-trained Convolutional Neural Networks, ResNet50 and VGG16,
which have been fine-tuned on a large dataset of chest X-ray images. These models extract hierarchical
features from the input image, identifying key patterns associated with pneumonia. The convolutional layers
detect low-level features such as edges and textures, while deeper layers capture more complex structures. The
final fully connected layers analyze the extracted features and classify the image as either pneumonia-positive
or normal. The model outputs a probability score representing the likelihood of pneumonia being present. This
probability is used to generate a confidence score, indicating the model’s certainty in its prediction. The system
displays both the diagnostic result and confidence score, helping the user assess the reliability of the prediction.
To enhance interpretability, the system also visualizes the uploaded X-ray alongside the diagnosis.
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Figuvrem3: Heatmap of the Lung X-Ray

Once the diagnosis is complete, the system integrates Gemini APIs to generate a detailed medical report in the
user’s selected language. The API receives structured input, including the diagnostic result, confidence score,
and patient-specific details, and returns a natural language summary. The generated report contains four key
sections: diagnosis summary, confidence score explanation, preventive measures, and treatment
recommendations. The diagnosis summary clearly states whether pneumonia has been detected based on the
deep learning model’s analysis. The confidence score explanation helps users understand how reliable the
diagnosis is the preventive measures section provides general health guidelines such as maintaining good
hygiene, avoiding smoking, staying up to date with vaccinations, and ensuring proper nutrition and hydration.
The treatment recommendations section offers guidance based on standard pneumonia treatment protocols,
such as rest, hydration, prescribed antibiotics for bacterial pneumonia, and seeking medical attention in severe
cases.

Figure 4: The Final Generated Report

The Flask-based web application handles user requests and facilitates communication between the frontend,
deep learning models, and external APIs. Once a report is generated, it is formatted into a downloadable PDF
file, allowing users to save, print, or share it with healthcare professionals. The system also provides an option
to store diagnostic history in a cloud database for future reference. This secure data storage enables healthcare
providers to track a patient’s medical history over time, improving continuity of care.

By combining deep learning for automated pneumonia detection with Al-powered report generation, the
platform offers a comprehensive and user-friendly solution for early diagnosis and patient support. Cloud-
based deployment enhances accessibility, making it a valuable tool for telemedicine and remote healthcare
applications. The integration of multiple advanced technologies ensures that the platform is both reliable and
scalable, ultimately contributing to improved healthcare outcomes.

VI. RESULTS

The results of the pneumonia detection system demonstrate the effectiveness of deep learning models,
specifically ResNet50 and VGG16, in accurately diagnosing pneumonia from chest X-ray images. The
performance of the system is evaluated based on key metrics such as accuracy, precision, recall, and F1-score.
The trained models were tested on a large dataset of labelled X-ray images, and the results indicate a high
level of diagnostic accuracy, with ResNet50 achieving an accuracy of approximately 96% and VGG16
achieving around 93%. The models also show high sensitivity and specificity, meaning they can effectively
distinguish between pneumonia-positive and normal cases.
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Model Training Validation Training Loss | Validation loss
accuracy Accuracy

Custom CNN | 0.988463 0.927419 0.035691 0.458763

VGGE16 0.712101 0.625032 0.601621 0.667301

Reshet30 0.575877 0.774154 051747 0.704661

Mobile Net 0.712101 0.625032 0.24116 1.572305

EfficientnetB0 | 0.974957 0.741935 0.094537 1.226364

Table 1: Showing the performance of training

The system's confidence score provides an additional layer of interpretability by indicating the model’s
certainty in its predictions. For correctly classified cases, the confidence scores are typically high,
demonstrating the model's reliability. In cases where uncertainty exists, the model outputs a lower confidence
score, sign the report generation feature, powered by Gemini APIs, successfully translates the model’s
predictions into comprehensive medical reports. These reports include a clear diagnosis summary, confidence
score explanation, preventive measures, and treatment recommendations. The multilingual capability of the
system ensures that users receive reports in their preferred language, improving accessibility.

Overall, the pneumonia detection system demonstrates high diagnostic accuracy, efficient automated report
generation, and user-friendly interaction, making it a practical and reliable solution for early pneumonia
detection. The integration of deep learning and Al-driven reporting significantly enhances the efficiency of
the diagnostic process, contributing to improved healthcare outcomes.

Figure 5: Graph Depicting the Accuracy of the model

Figure 6: Graph Depicting the Loss of the model
VII. CONCLUSION

The Pneumonia detection platform successfully integrates deep learning models and Al-driven report
generation to provide an efficient and accessible solution for early pneumonia diagnosis. By utilizing ResNet50
and VGGL16, the system achieves high accuracy in detecting pneumonia from chest X-ray images. The
implementation of a Flask-based web interface ensures seamless user interaction, allowing individuals to
upload X-rays, receive instant diagnoses, and obtain Al-generated reports in their preferred language. The
inclusion of confidence scores and visualized X-ray results enhances transparency, enabling users to assess the
reliability of the predictions.

Furthermore, the integration of Gemini APIs enables automatic report generation, providing users with a
structured medical summary, confidence interpretation, preventive measures, and treatment
recommendations. This not only assists individuals in understanding their diagnosis but also facilitates
communication with healthcare professionals. The option to store diagnostic history on cloud platforms
ensures long-term accessibility and allows for continuous patient monitoring. Overall, this project
demonstrates the potential of Al-powered diagnostic tools in revolutionizing healthcare.
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By combining deep learning with natural language processing, the platform streamlines the pneumonia
detection process, reducing dependency on traditional diagnostic methods and making medical insights more
accessible.
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