ﬂ"ﬂ

ISSN(O): 2319-8753
B , ,t .n ISSN(P): 2347-6710

Scwnce | Engmeermg | Technology
TR W T

International Journal of Innovative Research in Science
Engineering and Technology (IJIRSET)

(A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

Impact Factor: 8.699 Volume 14, Issue 6, June 2025

@ www.ijirset.com ijirset@gmail.com & +91-9940572462 (O +9163819 07438



(|

ﬂ“gﬁ International Journal of Innovative Research of
[FII;:IJ5j Science, Engineering and Technology (IJIRSET)

Impact
Factor

8.699

|www.ijirset.com |A Monthly, Peer Reviewed & Refereed Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710|
Volume 14, Issue 6, June 2025
|DOI: 10.15680/1JIRSET.2025.1406192|

An Optimized Transfer Learning Framework
for Chest X-Ray Image Classification

Shraddha Prakash Mankar, Dr. S.K.Yadav, Dr.S.A.Ubale
Research Scholar, Shri JJT University, Rajasthan, India
Professor, Shri JIT University, Rajasthan, India
Associate Professor, MMCOE, Pune, India

ABSTRACT: An autonomous deep neural network-based system has been developed for the diagnosis of pneumonia
using chest X-ray images. The proposed approach utilizes a deep convolutional neural network enhanced through
transfer learning. To evaluate its performance, the model is benchmarked against established architectures such as
ResNet, ImageNet, Xception, and Inception using metrics including precision, recall, accuracy, and ROC-AUC score.
Experiments are conducted using standard chest X-ray datasets from the Women and Children's Medical Center. The
results clearly demonstrate that the proposed model outperforms traditional methods. Additionally, localization studies
highlight the effectiveness of advanced deep learning techniques in enabling practical chest X-ray image classification
applications.
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I. INTRODUCTION

To identify the limitations of existing methods in terms of accuracy and efficiency. Goal Assess the precision of current
techniques in diagnosis of CheX-ray image classification in transfer learning. Evaluate the computational resource and
processing time efficiency of the existing methodologies. Describe the precise constraints preventing the current
methods from operating at their best. Chest radiography is widely regarded as one of the most effective and accessible
diagnostic tools for pneumonia, offering a faster and more cost-efficient alternative to computed tomography (CT)
scans. In many underdeveloped regions, limited access to high-quality CT equipment further underscores the reliance
on X-ray imaging. However, accurate interpretation of chest X-rays remains a challenge in areas facing a shortage of
trained radiologists and healthcare professionals. This has led to an increased demand for computer-aided diagnostic
(CAD) systems to support medical decision-making [6].Recent advancements in artificial intelligence (Al),
particularly deep learning, have demonstrated significant potential in addressing this gap by delivering scalable,
affordable, and accurate diagnostic solutions [7]. These Al-driven systems can serve as effective second readers,
offering diagnostic performance comparable to experienced radiologists [8]. Among these, Convolutional Neural
Networks (CNNs) have shown remarkable success in the automated classification of chest X-ray images, making them
highly valuable in both clinical and research settings [9].In this study, we propose a deep learning-based pneumonia
detection model utilizing transfer learning with pre-trained networks such as ResNet50 and MobileNetV2 for feature
extraction. To enhance model generalization and address dataset limitations, we further employ Generative
Adversarial Networks (GANs) to synthesize over 100,000 artificial chest X-ray images. The resulting system
effectively classifies chest X-rays into NORMAL or PNEUMONIA categories, offering rapid and reliable diagnostic
support. The model achieves a test accuracy of 98%, highlighting its potential as a robust CAD tool for pneumonia
detection.To get a foundational understanding of current approaches, conduct a thorough review of the most advanced
techniques performance metrics to ensure a thorough assessment, define and use the right performance metrics to gauge
accuracy and efficiency it choose illustrative case studies or applications from the field to highlight the real-world
effects of accuracy and efficiency constraints. Key Areas of Investigation:

1. Algorithmic Accuracy: Assess the accuracy, recall, and precision of current algorithms, emphasizing any
discrepancies or weaknesses.

2. Computational Efficiency: Examine the computational demands, such as scalability, memory requirements, and
processing speed, of the existing methods.
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3. Data Limitations: Analyze the effects of both quantity and quality of data on the precision of current techniques,
noting any potential difficulties.

4. Robustness of the Models: Examine how well the models handle variances, outliers, or unanticipated situations,
highlighting any weaknesses.

5. Resource Utilization: Evaluate the effectiveness with which computational resources are employed, looking for areas
that could be optimized.

1. Human-in-the-Loop Considerations: Examine how human intervention functions in the present techniques and assess
how it affects precision and productivity.

2. Stress the necessity of cutting-edge methods like deep neural networks and transfer learning.

II. LITERATURE SURVEY

Vidita P, (2023) Convolution Neural Network Architectures for COVID-19 Detection using Images from Chest X-Rays
for the aspect of review in this VGG-16 (Visual Geometry Group) is used VGG-16 is a deep CNN architecture with 16
layers, known for its simplicity and effectiveness. Researchers have used pre-trained VGG-16 models and fine-tuned
them on COVID-19 chest X-ray datasets to leverage the learned features. In this paper which introduces residual
connections to help mitigate the vanishing gradient problem, allowing the training of very deep networks. Its variants,
such as ResNet-50 and ResNet-18, have been used for COVID-19 detection in chest X-ray images.

Nassima D. et al. (2022) developed CNN models for COVID-19 classification, achieving high accuracy but
highlighting challenges like data scarcity and model generalizability. Overall, these studies underscore the potential of
CNNs in medical imaging, emphasizing the importance of transfer learning, feature engineering, and model
interpretability for reliable disease detection[13].Recent studies have explored deep learning applications for
diagnosing respiratory diseases using chest X-ray images. Nassima D. et al. (2022) developed a CNN-based model to
classify COVID-19 cases with an AUC score exceeding 95%. They emphasized the need for larger, annotated datasets
and model interpretability for clinical use[4].

Trong V, (2023) Enhancement of the DenseNet Deep Neural Network Model for Tuberculosis Identification with Chest
X-Rays Start the DenseNet model on a sizable dataset (such as ImageNet) using weights that have already been trained.
quicker convergence and improved performance. There are multiple steps involved in developing an enhanced
DenseNet- based deep neural network model for tuberculosis detection using chest X-ray images. DenseNet, an
acronym for Densely Connected Convolutional Networks, is a potent architecture renowned for its dense connectivity
pattern that facilitates improved parameter efficiency and feature reuse.

III. METHODOLOGY

Data Preprocessing :

Standardize input images by resizing them to a consistent resolution and normalizing pixel values. Enhance the model’s
generalization capability through the application of data augmentation techniques such as rotation, flipping, and
contrast adjustments.

Model Architecture :
Choose a deep neural network architecture well-suited for chest X-ray image classification. Modify the architecture to
match the number of output classes in the dataset.

Transfer Learning Setup :
Leverage a pre-trained model (e.g., trained on ImageNet) to accelerate training and improve performance. Implement
transfer learning by freezing the lower layers and fine-tuning the upper layers to adapt to the specific classification task.

Optimization and Loss Function :

For multi-class classification, use an appropriate loss function, such as categorical cross-entropy. Select an effective
optimizer like Adam, and configure learning rate and other hyperparameters for optimal convergence.
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Training Procedure :
Train the model using the training dataset and validate its performance on the validation set. Continuously monitor
training progress and adjust hyperparameters as needed to improve performance.

Evaluation Metrics :
Assess the model using standard evaluation metrics such as accuracy, precision, recall, and F1 score. For deeper
performance insights, analyze ROC curves and confusion matrices.

Interpretability Techniques :
Incorporate interpretability tools like Grad-CAM to visualize and understand the regions of the chest X-ray that
influence model predictions, particularly for abnormality localization.

Optimization and Regularization:
Fine-tune hyperparameters to enhance model performance. Implement regularization techniques, such as dropout or
weight decay, to prevent overfitting and improve generalization.

Documentation and Reporting:

Maintain clear and thorough documentation of the model architecture, training configurations, and experimental setup.
Present the results in a well-structured report or research paper, ensuring clarity and conciseness.This structured
approach enables the systematic development, training, and evaluation of a deep learning-based transfer learning model
for pneumonia diagnosis using chest X-ray images Covid-19

IV. EXPERIMENTAL RESULTS

Chest radiography remains one of the most effective and widely accessible diagnostic tools for detecting pneumonia,
particularly when compared to computed tomography (CT) scans, which are often more costly and time-intensive. In
many underdeveloped or resource-limited regions, access to high-quality CT scanners is restricted, making chest X-
rays the preferred imaging modality. However, the lack of trained medical professionals in these areas presents a
significant barrier to accurate interpretation of radiographs.To address this challenge, there is a growing need for
computer-aided diagnostic (CAD) systems that can mitigate the shortage of radiologists and healthcare experts. Recent
advances in artificial intelligence (AI) and deep learning have shown great potential in delivering scalable, cost-
effective, and accurate medical diagnostic solutions. These Al-powered systems are capable of serving as reliable
second readers, offering diagnostic performance comparable to that of experienced radiologists among deep learning
methods, Convolutional Neural Networks (CNNs) have emerged as powerful tools for the automated classification of
chest X-ray images, proving valuable in both clinical applications and research. This study proposes an Al-based
diagnostic system for pneumonia detection that employs transfer learning techniques using pre-trained models such as
ResNet50 and MobileNetV2 to extract robust features from chest X-rays.

To further enhance the model's performance and generalizability, Generative Adversarial Networks (GANs) are used to
synthetically augment the training dataset, producing over 100,000 artificial chest X-ray images. The resulting system
is capable of classifying images as either NORMAL or PNEUMONIA with high accuracy. Our model achieves a test
accuracy of 98%, demonstrating its efficacy as a reliable and rapid computer-aided diagnostic tool to support
radiologists in clinical decision-making.We have implemented an automatic text detection technique from an image for
Inpainting. Our algorithm successfully detects the text region from the image which consists of mixed text-picture-
graphic regions. We have applied our algorithm on many images and found that it successfully detect the text region.

Model Test Accuracy Test Loss
Custom CNN 98% 0.03
ResNet50 74.19% 0.25
MobileNetV2 95.60% 0.08
Weighted Classifier (Equal Weights) 97.45% 0.087
Weighted Classifier (Optimized Weights) 98.43% 0.062
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The above fig. illustrate the training and validation performance of the deep learning model in terms of loss (left)
and accuracy (right) over 14 epochs. The training and validation loss curves exhibited rapid convergence within the
first few epochs, with the training loss declining steeply from approximately 1.2 to near-zero values. The validation
loss followed a similar trend, reaching its minimum around the 12th epoch, as highlighted by the blue marker. This
suggests that the model successfully minimized errors in both seen (training) and unseen (validation) data, indicating an
effective learning process. The training and validation accuracy curves also display strong performance, with accuracy
improving significantly during the initial epochs and stabilizing at around 98—99%. Both curves align closely, reflecting
minimal overfitting as the model generalizes well across the validation dataset

After pre-processing and normalization, the raw chest X-ray images were used to train the network. Data augmentation
techniques, including rotation, flipping, and zooming, were applied to improve the generalization of the model and
reduce overfitting. For fine-tuning, we used ResNet50 and MobileNetV2, which are pretrained models, along with a
custom CNN model. All layers of these networks were trained to allow the model to learn features specific to
pneumonia detection. The Stochastic Gradient Descent (SGD) optimizer was chosen based on recent findings from a
study at UC Berkeley, which showed that SGD had a better generalization performance than adaptive optimizers. The
model was then trained for 25 epochs. The following hyperparameters were set.

1. Learning Rate: 0.001
2. Momentum: 0.9
3. Weight Decay: 0.0001

V. CONCLUSION

The approach for pneumonia detection in chest X-ray images demonstrates outstanding performance, achieving an
AUC of 99.76% and a test accuracy of 98.43%. By integrating predictions from ResNet50, MobileNetV2, and a custom
CNN using a weighted ensemble strategy, the model outperforms traditional methods in terms of accuracy, precision,
and recall. The incorporation of synthetic data generated via Generative Adversarial Networks (GANs) not only
mitigates data imbalance but also enhances the model’s generalization capability. This robust combination ensures
reliable and efficient pneumonia detection, making it a valuable decision-support tool for radiologists in clinical
settings. Furthermore, the model's high computational efficiency underscores its suitability for real-world deployment.
To broaden its applicability, future work should focus on improving interpretability and validating the system across
larger, more diverse datasets. Overall, this study highlights the critical role of synthetic data augmentation and transfer
learning in advancing Al-powered diagnostic systems in medical imaging.
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