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Abstract: Pneumonia is a severe respiratory disease that requires timely and accurate diagnosis to prevent complications.
Traditional diagnostic technique depends on skilled radiologists, which can be difficult and prone to mistakes. In this work, we
provide a pretrained ResNet-50 model and transfer learning for an automated pneumonia diagnosis system. The approach
classifies instances as normal or pneumonia-positive based on chest x-ray images. To improve pneumonia-specific feature
extraction, the transfer method refines the last 20 layers of ResNet-50, which was first trained on ImageNet, using pre-extracted
features, To provide better model generalization, the dataset is pre-processed using image augmentation techniques. The model
is trained using binarycross-entropy loss and the Adam optimizer, and it achieves 95.35% accuracy on validation data.The
trained model is deployed in real time using Gradio on Hugging Faces,resulting in an intuitive user interface. The suggested
approach improves the accuracy and efficiency of pneumonia identification, highlighting its potential as a computer-aided
diagnostic (CAD) tool in medical imaging.

Keywords: Pneumonia Detection, Chest X-Ray, Transfer Learning, ResNet-50, Deep Learning, Medical Image Processing,
Fine-Tuning, Computer-Aided Diagnosis, Image Classification, and Convolutional Neural Networks.

I. INTRODUCTION
Pneumonia is a dangerous lung infection that produces inflammation in the air sacs, making breathing difficult and, in extreme
instances, life threatening. Early and precise diagnosis is critical for effective therapy, but traditional approaches, such as clinical
examination and radiographic analysis, sometimes need experienced radiologists and are time-consuming, with advances in deep
learning and medical image processing, automated diagnostic systems have gained popularity for enhancing the efficiency and
accuracy of pneumonia identification.
In this article, we present a deep learning-based pneumonia detection system based on transfer learning using ResNet-50. The
algorithm is trained using chest X-ray pictures to distinguish between healthy and pneumonia-affected lungs. Instead of creating a
convolutional neural network (CNN) from Scratch, we use ResNet-50, sophisticated pre-trained model that was first trained on
ImageNet, to extract generic picture attributes. To fine-tune it for pneumonia identification, the last 20 layers of ResNet-50 are
unfrozen, allowing the model to learn domain-specific characteristics from X-ray pictures.
Preprocessing and augmentation procedure are applied to the dataset in order to increase generalization and classification accuracy.
The Adam optimizer with binary cross-entropy loss is used to construct the model, which is trained across 15 epochs. Accuracy,
precision, Recall, F1-score, and confusion matrix analysis are all used to asses performance. The final trained model is deployed via
Gradio on Hugging Face Spaces, resulting in a user-friendly interface for real-time pneumonia detection. The suggested technique
achieves a high accuracy of 95.35% in pneumonia classification, demonstrating the usefulness ofTransfer learning in medical
imaging applications. This study adds to the development of computer-aided diagnostic (CAD) technologies that help healthcare
workers identify pneumonia rapidly and effectively.

Il. LITERATURE REVIEW
Effective treatment of pneumonia, a serious respiratory illness, depends on an early and precise diagnosis. Conventional diagnosis
techniques depend on laboratory testing, clinical symptoms, and chest X-ray analysis, all of which frequently require interpretation
by qualified radiologist. However, new developments in computer-aided diagnosis (CAD) and deep learning have transformed
medical image processing, make it possible to identify pneumonia automatically and effectively.
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Convolutional Neural Network (CNNs) have been investigated in a number of research for the diagnosis of pneumonia.

Transfer learning using pretrained models like VGG16, InceptionV3, ResNet has become more popular due to the high
computational cost and data requirements of training CNNs from scratch, which was the focus of early techniques. CheXNet a deep
learning model trained on a sizable X-ray dataset, was presented by Rajpurkar et al. (2017) and demonstrated encouraging outcomes
in obtaining high-level characteristics from medical pictures, which makes it perfect foundation for classifying pneumonia.

Because it can apply information from big datasets (like ImageNet) to particular goals like pneumonia identification, transfer
learning has been widely used in medical imaging. Inorder to improve classification performance, researchers have adjusted Resnet-
50 by unfreezing particular layers, which allows the model to adjust to domain-specific information. Additionally, to resolve dataset
imbalance and improve model generalization,data augmentation techniques including flipping, zooming, and rotating have been
used.

Accuracy, Precision, recall, F1-score, and confusion matrix analysis are common measures used to evaluate deep learning models
for pneumonia diagnosis. Studies show that fine-tuned deep learning models may attain above 95% accuracy, making them ideal for
clinical decision support systems. Furthermore, by integrating into real-world applications via platforms such as

Gradio and Hugging Face Spaces, remote diagnosis has become more user-friendly and scalable.

Despite these advances, difficulties persist. Such as dataset bias, the interpretability of deep learning models, and the need for strong
validation across varied populations. Further research seeks to use explainable Al (AXI) strategies to increase model transparency
and acceptance in therapeutic contexts. This work extends previous research by integrating transfer learning with ResNet-50, fine-
tuning the last 20 layers, and maximizing model performance for pneumonia classification, resulting in efficient and accessible
pneumonia diagnosis via deep learning.

11l. METHOLODOGY
The suggested pneumonia detection system uses deep learning and transfer learning algorithms to categorize chest X- ray pictures.
The techniques is systematic, beginning with data collection and preprocessing, then feature extraction using a pretrained ResNet-50
model, fine-Tuning, model training, assessment, and deployment for real-world applications.

Data collection &
Data processing

!

Feature Extraction
using Pretrained
nModel

1

Fine-Tuning

Evaluation

{

Deployment

~ o

Fig 1:Workflow of pneumonia Detection system using Transfer learning
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1) Data Collection and Preprocessing

The collection contains chest X- ray pictures divided into normal and pneumonia patients. The photos are pre-processed to
guarantee uniform proportions and quality, allowing for efficient training. Data augmentation techniques including as rotation,
zooming, and flipping are used to improve model generalization and reduce overfitting. Image normalization (scaling pixel values to
[0,1]) is also used to improve model performance.

2) Model Selection and Transfer Learning

To extract features from large -scale datasets, the ResNet-50 model is pretrained on ImageNet. The top (complete connected) layers
of ResNet-50 are deleted, and custom layers are added to tailor the model to pneumonia classification. The other layers include a
Global average Pooling Layer, Fully Connected(Dense) levels with activation functions, and a final output layer for binary
classification(Normal/Pneumonia), This transfer learning strategy ensures that the model benefits from generalized feature
extraction while being fine-tuned for pneumonia diagnosis.

3) Fine-Tuning Process

To increase model accuracy and apply it to medical imaging,ResNet-50’s last layers are unfrozen. These layers are then trained on
the pneumonia dataset at a lower learning rate to improve feature extraction while avoiding overfitting. This allows the model to
learn domain specific patterns for pneumonia detection while keeping the early layers’ overall features extraction capabilities.

4) Model Compilation and Training

The model is built with the Adam optimizer, which efficiently adjusts learning rate during training, and a binary cross- entropy loss
function that is appropriate for two classifications. The model is trained across 15 epochs, with training and validation accuracy
evaluated along the way. An adaptive learning rate techniques is used to optimize convergence and classification performance.
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Fig2: Architecture of the Transfer learning-based ResNer-50 pneumonia detection system
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5) Evaluation Metrics

Following training, the model is tested on a separate dataset to determine its performance. Key evaluation criteria, including
accuracy, precision, recall, and F1-score, are used to assess classification effectiveness, A confusion matrix is created to assess
misclassification rates and ensure reliability. The suggested model has an accuracy of 95.35%, proving its robustness in pneumonia
identification.

6) .Deployment (if applicable)

To support real-world testing, the trained model is deployed to Hugging Spaces using Gradio-based web interface. This interface
enables users to submit fresh chest X-ray pictures and obtain real-time pneumonia diagnosis results. Hugging Face spaces
deployment assures that medical practitioners and researchers have access, scalability, and simplicity of use.

A. Algorithm used

1) The ResNet-50 (Residual Networks) algorithm

ResNet-50 is adeep convolutional neural network (CNN) created to address vanishing gradient issues in deep networks. It employs
residual learning by creating skip connections (or residual connections) that bypass specific layers, allowing for direct gradient flow.
This avoids performance decrease in deeper networks. The architecture is made up of 50 layers with numerous residual blocks, each
including convolutional layers and identify mappings. In your work, ResNet-50 is used for feature extraction and Fine-tuning, with
the final 20 layers unfrozen and trained for pneumonia classification.

2) Backpropagation

Backpropagation isa a supervised learning technique that optimizes neural network weights to reduce prediction errors. The gradient
of the loss function with respect to each weight is computed using the chain rule, and mistakes are propagated backward from the
output layer to the input layer.

3) Gradient descent (Adam optimizer)

Gradient Descent (Adam optimizer) is an optimization procedure that changes model weights based on steepest loss reduction. The
Adam (Adaptive Moment Estimation) optimizer is a more advanced form of gradient descent that combines momentum-based and
adaptive learning rate techniques. It effectively updates model parameters by computing adaptive learning rates for each weight,
allowing for quicker and more stable training, Adam is employed in your model to reduce Binary Cross-Entropy loss while also
improving pneumonia classification accuracy.

IV. RESULTS AND DISCUSSION
1) Display of training and validation Accuracy/loss Curves
During the training phase, the model was trained using chest X-ray pictures from both pneumonia and normal patients.
Accuracy/loss curves were used to assess performance throughout both training and validation. The training accuracy gradually
grew, but the validation accuracy steadied at 95.35%, showing that the model properly learned the data’s patterns. The loss function,
Binary Cross-Entropy, Declined Gradually, indicating effective convergence. Figure [3] shows a graphical depiction of the accuracy
and loss curves.
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Fig 3: Training and Validation Accuracy over Epochs
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2) Performance evaluation using Test Data

The resulting model was evaluated on an independent dataset to ensure its generalizability. The test accuracy of 95.35% shows that
the model can successfully discriminate pneumonia from normal instances. In addition, major assessment measures including
accuracy, recall, F1-score, and confusion matrix were employed to assess classification performance. The confusion matrix shows
the number of properly and erroneously categorized instances, demonstrating a great balance of sensitivity and specificity.

Normal 0.93 0.96 0.94 234
Pneumonia 0.97 0.94 0.95 390
Accuracy 95.35 624
Macro Avg 0.95 0.95 0.95 624
Weighted Avg 0.95 0.95 0.95 624

Fig 4: Performance Evaluation using Test Data

3) Comparative Analysis with Existing Models or Methodologies
A comparison was made using classic deep learning models like CNN, VGG16, Mobile Net. The following is a performance

comparison:

ResNet-50 (Proposed) 95.35 95.10 94.50 94.80
CNN 90.20 89.50 88.90 89.20
VGG16 92.30 91.70 91.20 91.40
Mobile Net 93.10 92.50 92.00 92.20

Fig 5: Comparative Analysis with Existing Methodologies

V. CONCLUSION

In this work, we created a dep learning-based pneumonia detection system utilizing the ResNet-50 model and transfer learning. The
suggested method attained a model accuracy of 95.35%, proving its usefulness in identifying chest X-ray pictures as pneumonia or
normal cases. The system was tuned for high performance using approaches such as data processing, feature extraction, fine-tuning,
and model training, The model’s dependability was further confirmed using evaluation criteria such as accuracy, recall, and F1
score. Furthermore, the model’s deployment utilizing Gradio on Hugging face Spaces makes it suitable for real-world applications.
Further research might concentrate on increasing accuracy with bigger datasets, using explainable Al approaches, and integrating
the model into clinical decision-making systems.
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