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[bookmark: _Toc208365343]ABSTRACT
Pneumonia remains one of the leading causes of death worldwide, with chest X-rays being the most commonly used diagnostic method. However, deep learning models for pneumonia detection often struggle with generalization, performing well on one dataset but showing reduced accuracy when applied to unseen data from different clinical settings. This study tackles this limitation by exploring transfer learning with ResNet152 and DenseNet201 to enhance generalization in pneumonia detection from chest X-ray images. Publicly available datasets, including the COVID-19 Radiography Database and the Chest X-ray (COVID-19 & Pneumonia) dataset, were combined, pre-processed, and balanced before training. The models were optimized through frozen and unfrozen layers, learning rate adjustments, and data augmentation techniques. Performance was assessed using accuracy, precision, recall, F1-score, error rate, and AUC-ROC, with generalization further validated on an independent external dataset. Results showed that DenseNet201 consistently outperformed ResNet152, achieving 93.2% accuracy with an AUC of 0.9916 on the main dataset and 88.3% accuracy with an AUC of 0.9742 on the external dataset. In contrast, ResNet152 recorded 86.4% accuracy (AUC 0.9665) on the main dataset and 84.6% accuracy (AUC 0.9573) on the external dataset. Confusion matrix analysis indicated that most misclassifications occurred between Normal and Pneumonia cases, reflecting real-world diagnostic challenges. Overall, the findings demonstrate that DenseNet201 offers greater robustness and generalization than ResNet152, reinforcing its potential for clinical use and emphasizing the importance of external validation in medical AI research.
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[bookmark: _Toc208365347]CHAPTER 1 – INTRODUCTION
1.1 [bookmark: _Toc208365348]RESEARCH BACKGROUND
Pneumonia is a widespread and potentially fatal respiratory disease that causes significant sickness and death, especially among young children, the elderly, and those with weakened immune systems. Chest X-ray imaging is a common diagnostic tool because it is both accessible and effective at showing lung conditions. However, manually interpreting these X-rays is a slow process, can be inconsistent between different readers, and requires expertise that may not be available in areas with limited resources. These challenges have led to a growing interest in using artificial intelligence (AI), specifically deep learning, to automate medical image classification and help healthcare professionals with early, accurate disease detection.[1, 2]. Medical images, such as chest X-rays, are crucial for diagnosing respiratory diseases because they provide detailed visual information about lung structures. Their frequent use in clinical practice makes them an ideal target for deep learning models designed to improve diagnostic accuracy and efficiency.
Deep learning models, especially Convolutional Neural Networks (CNNs), have shown impressive results in various image classification tasks, including the diagnosis of pneumonia from chest X-ray images[3]. Convolutional Neural Networks (CNNs) can automatically learn and extract features from images, making them highly effective at identifying complex patterns that might be missed by the human eye. Despite these advances, a major challenge in medical AI is the lack of generalization. This means a model trained on one dataset may not perform well on data from a different source. This is a significant problem in clinical practice, where image data can vary widely between hospitals, different types of equipment, and diverse patient populations.
To address this issue, transfer learning has been suggested as a solution.[4]. Transfer learning leverages models pre-trained on large, general-purpose datasets and fine-tunes them on domain-specific data, such as chest X-rays. Models like ResNet and DenseNet are frequently used for transfer learning in medical imaging [4, 5]. However, even with transfer learning, many studies [6-8][1-3, 6-8] evaluate their models only on the training dataset, without testing generalization across external datasets [5].
1.1.1 [bookmark: _Toc202818969][bookmark: _Toc208365349]Deep Learning in Medical Imaging
Deep learning has transformed medical imaging by enabling highly accurate, automated analysis of complex visual data. Convolutional Neural Networks (CNNs) have become the cornerstone of many diagnostic systems, especially in radiology. These networks are designed to mimic the human visual system, allowing them to learn hierarchical patterns, from basic edges and textures to intricate structures like organs or lesions. In medicine, deep learning has been successfully used to detect diseases such as pneumonia, tuberculosis, lung cancer, and COVID-19 from various imaging modalities, including X-rays, CT scans, and MRIs.[7].
One of the main advantages of deep learning in medical imaging is its ability to process vast amounts of data quickly and consistently, without experiencing fatigue or subjective bias.[5] CNNs can assist radiologists by highlighting abnormal regions and supporting early diagnosis, especially in overburdened healthcare systems. Additionally, deep learning systems are scalable and can be deployed in rural or underserved areas where specialist expertise is limited. Generalization is crucial for ensuring that deep learning models perform reliably on unseen data, and transfer learning is applied to enhance this capability by leveraging pre-trained knowledge to improve performance on specific medical imaging tasks with limited data.
To improve generalization, researchers [1-3] have adopted transfer learning, where a model pre-trained on a large dataset like ImageNet is fine-tuned for a specific medical imaging task. This helps leverage learned features and improves training efficiency, particularly in domains with limited labeled data. Architectures like ResNet and DenseNet are among the most commonly used in transfer learning because of their depth, performance, and ability to avoid overfitting. These networks are increasingly used to build robust medical diagnostic tools, with transfer learning being essential for achieving cross-dataset adaptability. Transfer learning in medical imaging enables models pre-trained on large datasets to be fine-tuned for specific diagnostic tasks, improving accuracy and efficiency even with limited medical data [8].
1.1.2 [bookmark: _Toc208365350][bookmark: _Toc202818970]Transfer Learning 
Transfer learning is a technique that helps improve a model's performance, especially when there isn't much labelled medical data available. It works by taking a model that has already been trained on a large dataset (like ImageNet) and adapting it to a new task, such as detecting pneumonia in chest X-rays. By fine-tuning the model, better results can be produced even with smaller datasets. [1, 3, 4, 9, 10].
Models like ResNet and DenseNet are often used in transfer learning because they’re great at extracting useful features from images [4, 5, 10]. 
Even with transfer learning, many studies [4, 5, 10] still train and test their models on the same dataset. This can create the illusion of high performance, but it often doesn't hold up in real-world settings where data can vary significantly in factors like image quality and patient demographics. For example, a model trained on two dataset, such as Covid19 radiography dataset, and chest Xray covid19 pneumonia might not perform well when applied to another, like the Chest Xray pa dataset. [11, 12]. This research aims to tackle that problem by improving how well models generalize across different datasets.
1.1.3 [bookmark: _Toc208365351]Transfer Learning in medical imaging
Transfer learning has become a powerful technique in medical imaging, especially when annotated datasets are limited or expensive to acquire.1 It involves using models that have been pre-trained on large datasets like ImageNet and then adapting them to specific medical imaging tasks, such as detecting diseases from chest X-rays. [4, 5]. This approach allows models to leverage learned low-level features (such as edges and textures) and focus on fine-tuning high-level features relevant to the medical context. In applications like pneumonia, COVID-19, or tumour detection, transfer learning significantly improves performance, training efficiency, and convergence speed compared to training models from scratch. Common architectures like ResNet, DenseNet, and VGG have been widely adopted and fine-tuned for tasks such as classification, segmentation, and anomaly detection in chest X-rays, CT scans, and MRIs.[6, 12]. The success of transfer learning in these applications demonstrates its potential to build accurate and generalizable diagnostic tools, especially in environments where medical data is limited.
[bookmark: _Toc208365352]1.2 RESEARCH PROBLEM STATEMENT
While deep learning has significantly improved pneumonia detection using chest X-rays, many existing studies [5, 10–14] focus solely on evaluating model performance on the same dataset used for training. Even studies that apply transfer learning [4, 5, 14] often evaluate their models on only one dataset. This leads to high accuracy in controlled environments but poor performance when the models are applied to real-world scenarios, where image data can vary significantly due to differences in patient demographics, imaging equipment, and clinical settings. This lack of generalization limits the practical and clinical applicability of AI-based diagnostic systems.
[bookmark: _Toc208365353]1.3 RESEARCH AIM AND OBJECTIVES
The main aim of this research is to improve generalization in pneumonia detection by developing a deep learning model using transfer learning that can effectively identify pneumonia in chest X-ray images.
To achieve this aim following objectives are identified
1. To review and analyse existing literature to identify deep learning and transfer learning models used for medical image disease detection.
2. To Select and train two deep learning models using multiple datasets and apply transfer learning techniques for the detection of pneumonia from chest Xray images.
3. To evaluate the performance of the trained models using benchmarking dataset and well-known evaluation metric
.
[bookmark: _Toc202818974][bookmark: _Toc208365354]1.4 CONTRIBUTION OF THE STUDY
This research makes a valuable contribution to the field of AI in medical imaging by assessing and comparing how well popular Convolutional Neural Network (CNN) models, specifically ResNet and DenseNet, generalize across different chest X-ray datasets. It investigates how deep learning and transfer learning can address the common challenge of poor generalization that arises when models are tested on data from different clinical sources.
Additionally, the study provides a practical framework for evaluating cross-dataset generalization in pneumonia detection. This framework can be used and expanded upon in future research to develop more robust and clinically reliable diagnostic tools.
[bookmark: _Toc208365355]1.5 STRUCTURE OF THE STUDY
This study is divided into three main parts. Firstly, it involves understanding the theoretical foundations of deep learning, transfer learning, and their applications in medical imaging, particularly for pneumonia detection using chest X-rays. This includes reviewing existing literature on convolutional neural networks (CNNs), model generalization challenges, and performance evaluation across multiple datasets.
The chapter two presents a comprehensive review of the literature related to deep learning and transfer learning in medical imaging. It highlights existing approaches for pneumonia detection using chest X-rays and identifies research gaps in model generalization. The review provides the theoretical foundation for the study and justifies the choice of ResNet152 and DenseNet201.
The chapter three outlines the research methodology adopted for the study. It details the datasets used, preprocessing techniques, model architectures, training strategies, and evaluation metrics. The methodological framework ensures reproducibility and aligns with the study’s aim of improving model generalization.
The chapter four presents the experiments conducted and the results obtained from training and evaluating the models. It includes performance metrics, confusion matrices, and ROC analyses for both main and external datasets. A discussion of findings highlights the comparative strengths of DenseNet201 and ResNet152.
The chapter five presents the conclusions drawn from the study, along with its limitations and recommendations for future work. It summarizes the main findings, particularly the superior generalization performance of DenseNet201 over ResNet152. The discussion also highlights areas where improvements can be made and how future research can build upon these results.
The chapter six provides a reflection on the entire research journey. It discusses the challenges faced, the skills gained, and the lessons learned during the course of the project. The reflection also emphasizes the importance of effective project management, supervision, and self-evaluation in achieving successful outcomes.






[bookmark: _Toc208365356]CHAPTER 2 – REVIEW OF LITERATURE
This chapter focuses on existing research and advancements in using deep learning for pneumonia detection with chest X-rays. Current methods are split into traditional machine learning and newer deep learning techniques. Convolutional Neural Networks (CNNs) have become the leading approach because they are highly accurate and effective at extracting complex features from medical images. The chapter also highlights key studies and model architectures, like ResNet and DenseNet, which are commonly used with transfer learning for classifying medical images. It also looks at the challenges of model generalization in clinical settings and reviews techniques designed to improve performance across different datasets. Special attention is given to how transfer learning enhances cross-dataset generalization and its importance in creating reliable, real-world diagnostic tools.
[bookmark: _Toc208365357]2.1 PNEUMONIA AND CHEST X-RAY IMAGING
Pneumonia is a respiratory infection that inflames the air sacs in one or both lungs.1 It can be life-threatening, especially for vulnerable people like infants, the elderly, and those with weakened immune systems.2 As a major global health concern, it requires a quick and accurate diagnosis for effective treatment. Chest X-ray imaging is the most common diagnostic tool for detecting pneumonia because it is accessible, inexpensive, and effective at showing lung abnormalities[13]. Radiologists examine chest X-rays for signs such as consolidation, opacity, or fluid accumulation in the lungs to confirm the presence of pneumonia. However, interpreting X-ray images is often time-consuming, requires specialized expertise, and can be prone to human error or variability in judgment[1]. These limitations have led to increasing interest in automated methods, particularly those powered by artificial intelligence, to assist or augment pneumonia diagnosis from chest X-rays.
[bookmark: _Toc208365358]2.2 DEEP LEARNING-BASED DISEASE DETECTION
Deep learning, particularly with Convolutional Neural Networks (CNNs), has become an essential tool for automating disease detection from medical images. These models can learn complex patterns directly from raw data, making them very effective at spotting abnormalities that human experts might struggle to see consistently. CNNs are great at extracting spatial features—like textures, edges, and more complex structures—which are vital for recognizing the visual signs of disease. They have been highly successful in classifying conditions like pneumonia, lung cancer, tuberculosis, and COVID-19 using chest X-rays and CT scans.[14].
One major advantage of deep learning models in disease detection is their ability to process large volumes of medical data with speed and precision[14]. In clinical workflows, this means that such models can assist radiologists by flagging abnormal cases for further review, thereby accelerating diagnosis and improving patient outcomes. Moreover, the scalability of deep learning makes it feasible for deployment in resource-limited settings, where access to experienced medical professionals is scarce. Pre-trained models, particularly those fine-tuned through transfer learning, further enhance efficiency by reducing the time and computational power needed to develop effective diagnostic systems from scratch[14-16].
Despite these benefits, several challenges remain when applying deep learning models in real-world healthcare settings. One of the most critical issues is the lack of generalization—models trained on one dataset often fail when used with data from different hospitals or imaging devices. This is because of variations in image quality, patient demographics, and the way the images are captured.
[bookmark: _Toc208365359]2.3 DEEP LEARNING BASED PNEUMONIA DETECTION
In recent years, deep learning has emerged as a leading technique for pneumonia detection, particularly through the analysis of chest X-ray images. Deep learning methods have been extensively [17] used to automate the detection process, offering superior performance over traditional machine learning approaches. For instance, Manoj Kumar et al. conducted a study focused on the detection and classification of pneumonia from chest X-ray images using a DenseNet121-based deep learning approach[17]. The primary objective of the study was to enable the automatic identification of pneumonia in chest X-rays. The researchers used a publicly available chest X-ray dataset comprising 5,863 images. The model achieved a classification accuracy of 90% on the test dataset, with a sensitivity of 89% and a specificity of 90%. This approach effectively integrates transfer learning, data augmentation, and fine-tuning techniques to enhance diagnostic accuracy and facilitate rapid, automated preliminary detection of pneumonia.
Sanskruti Gaurkhede et al.[18] reviewed a study focused on the classification of respiratory diseases—specifically pneumonia, COVID-19, and tuberculosis—using deep learning techniques. Their research explored the potential of advanced neural network architectures such as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) for extracting complex patterns from medical images, particularly CT scans. The study involved evaluating multiple deep learning models across diverse datasets, identifying ResNet-18 as the top-performing model for accurately classifying CT images of the three respiratory conditions. Additionally, the researchers examined challenges including class imbalance, limited data availability, and interpretability. They also emphasized the advantages of integrating multimodal data to improve diagnostic performance. The findings demonstrated that deep learning models, when properly trained, can assist radiologists in early and accurate disease detection, thereby contributing to more effective clinical decision-making[18]
Vivek et al.[19] conducted a study proposed a novel deep learning approach to improve the detection of pneumonia from chest X-ray images. They designed a custom Convolutional Neural Network (CNN) architecture optimized through extensive hyperparameter tuning and data augmentation techniques to enhance model accuracy and robustness. The model was trained and validated on a large labelled chest X-ray dataset, demonstrating superior performance over traditional diagnostic methods. Key evaluation metrics—accuracy, sensitivity, and specificity—showed notable improvements. Additionally, the study explored the impact of transfer learning and ensemble methods on overall model performance. The results highlight the potential of deep learning to automate and support pneumonia diagnosis, offering a reliable and efficient tool for clinical use[19]
Anitha et al.[20]  conducted a study on pneumonia detection using chest radiographs by employing a transfer learning-based approach for feature extraction and machine learning algorithms for classification. Pre-trained deep learning models were used to identify meaningful patterns in the X-ray images, and various classifiers were applied to categorize the data. The methodology was evaluated on a benchmark dataset, and the results showed high classification accuracy. The study confirmed that combining transfer learning with traditional machine learning techniques is effective for detecting pneumonia, offering improved diagnostic precision and supporting more informed healthcare decisions[20]
Wang et al.[21]introduced the ChestX-ray14 dataset and demonstrated the potential of CNNs in multi-label classification of thoracic diseases, including pneumonia. Similarly, Rajpurkar et al.[22] developed the CheXNet model, a 121-layer DenseNet trained on ChestX-ray14, and reported performance comparable to radiologists for pneumonia detection[22] These studies highlight the capacity of deep learning models to learn complex features directly from raw image data without the need for manual feature extraction.
Despite these advances, a key challenge in current deep learning-based approaches lies in their limited generalizability. Many models are evaluated only on the dataset they were trained on, which may not reflect real-world scenarios where data can vary significantly between healthcare settings. As a result, their accuracy often decreases when exposed to new datasets. To address this, researchers have begun exploring transfer learning techniques, where models pretrained on large datasets such as ImageNet are fine-tuned for pneumonia detection using domain-specific datasets like RSNA and CheXpert [16, 22, 23]. While these approaches have improved performance in small or imbalanced datasets, the problem of cross-dataset generalization remains underexplored. Therefore, more research is needed to develop robust models that perform reliably across varied clinical environments.
[bookmark: _Toc208365360]2.4 TRANSFER LEARNING IN DISEASE DETECTION
Transfer learning has become a vital technique in medical imaging, particularly when working with limited labelled datasets. It involves reusing models that have been pre-trained on large, general-purpose datasets (such as ImageNet) and fine-tuning them for specific tasks, such as disease detection in medical images. This approach significantly reduces the need for large-scale medical datasets and computational resources while improving performance. Studies have shown that transfer learning enables models to converge faster and generalize better in scenarios where annotated medical data is scarce or imbalanced[24, 25].
Kakkar et al. conducted a study to improve the classification of retinal diseases using Optical Coherence Tomography (OCT) images. The study aimed to enhance the detection of conditions such as Age-related Macular Degeneration (AMD), Choroidal Neovascularization (CNV), Diabetic Macular Edema (DME), and normal cases. To achieve this, the researchers applied a transfer learning approach by utilizing pre-trained deep learning models to overcome the limitations of traditional non-deep learning methods, which were prone to noise and inefficiency. The proposed method significantly improved classification accuracy and robustness, demonstrating that transfer learning can provide more reliable and effective diagnostics in OCT-based retinal disease detection[26].
Eshika Jain et al. [26] reviewed a study to address the critical need for early and non-invasive detection of colon cancer, which remains a major contributor to cancer-related deaths globally. Their research proposed an advanced deep learning framework based on the EfficientNetB3 architecture for accurate classification of histopathological colon cancer images. Utilizing transfer learning and sophisticated preprocessing techniques, the model achieved an impressive accuracy of 98.86%, along with high precision and recall—minimizing the rate of false positives and negatives. To enhance generalization and model robustness, the researchers incorporated data augmentation, batch normalization, and the Adamax optimizer. The results highlight the model's ability to distinguish between adenocarcinoma and normal tissue effectively. This study demonstrates the potential of EfficientNetB3 as a scalable, lightweight, and reliable AI-based diagnostic tool, supporting early detection and improved clinical outcomes in colon cancer diagnosis.
Gopi et al. [27]. conducted a study on detecting rice leaf diseases using deep learning and transfer learning techniques to improve early disease diagnosis and prevent crop failure. The study aimed to identify common bacterial, viral, and fungal diseases affecting rice leaves, which significantly reduce crop yields. The researchers evaluated the performance of popular transfer learning models using two approaches: frozen layer feature extraction and fine-tuning. Their experiments revealed that DenseNet169, when used with frozen layers, achieved a high testing accuracy of 99.66%, while Xception, when fine-tuned, outperformed all models with a testing accuracy of 99.99%. The results demonstrated that transfer learning, particularly fine-tuning, is highly effective in classifying rice leaf diseases despite challenges like image background variability and capture conditions[27].
Despite its advantages, transfer learning also faces challenges when applied to disease detection. A major issue is the domain shift between natural image datasets (e.g., ImageNet) and medical datasets. Features learned from non-medical images may not fully capture the complexity of pathological patterns in radiological images. Therefore, while transfer learning improves performance, it may not be optimal without careful tuning and adaptation. Researchers have proposed various solutions such as domain-specific pretraining, additional fine-tuning layers, and using medical-specific pretrained models to mitigate this gap [28, 29].
Furthermore, the use of transfer learning has opened the door to exploring model generalization across different datasets. For instance, models trained on one dataset (e.g., ChestX-ray14) can be evaluated on others like RSNA or CheXpert to assess their robustness and cross-domain performance. This is crucial in real-world clinical applications, where data can vary significantly between hospitals or imaging devices. Improving generalization using transfer learning aligns with the growing need for reliable and scalable diagnostic tools in medical imaging, especially for diseases like pneumonia, tuberculosis, and COVID-19 [14, 30].
[bookmark: _Toc208365361]2.4.1 Transfer Learning models
Transfer learning has become an essential part of medical image analysis, particularly in classifying chest X-rays.1 By using models pre-trained on large datasets like ImageNet, researchers can get around the limitations of small and unbalanced medical datasets. These pre-trained models work as feature extractors and are fine-tuned for specific tasks like detecting pneumonia.2 Several convolutional neural network (CNN) architectures have been effectively used for transfer learning in this area, including VGG, ResNet, DenseNet, Inception, and MobileNet.[28].
[image: ]
[bookmark: _Toc208333245][bookmark: _Toc208364367]Figure 1Transfer learning framework(Ayana et al. [31])
The figure 1 [25] illustrates a transfer learning framework where knowledge from a pre-trained model is reused for a new, related task. The top part shows the original model, which has been trained on a large dataset for a general-purpose classification task. The learned weights from the feature extraction layers (neural network layers) are transferred to the new model (bottom part), where these layers are frozen to retain previously learned features. New dense layers are then added and trained specifically for the target task using a smaller, task-specific dataset [25]. This approach enables efficient training, improves accuracy on limited data, and is especially beneficial in domains like medical imaging where annotated data is scarce.
ResNet (Residual Network) is one of the most widely used models in transfer learning for medical imaging. It introduced the concept of residual connections that help mitigate the vanishing gradient problem during deep neural network training. This innovation allows ResNet to be scaled to hundreds of layers, providing deeper representations and improving feature extraction. In medical image classification, ResNet-50 and ResNet-101 have shown promising results in detecting pneumonia and other thoracic diseases [25]. These models have been fine-tuned using datasets like ChestX-ray14 and RSNA to improve generalization across unseen data [32].
[image: ]
[bookmark: _Toc208333246][bookmark: _Toc208364368]Figure 2Architecture of Resnet (Ramzan et al. [33])
Figure 2 [33] illustrates a convolutional neural network architecture inspired by VGGNet, designed to extract deep hierarchical features for medical image classification tasks such as disease diagnosis from chest X-rays. The model begins with an input layer followed by multiple 3×3 convolutional layers grouped into blocks, where the depth of filters increases progressively from 64 to 512. Layers with /2 indicate down sampling through stride convolutions or pooling to reduce spatial dimensions while enhancing feature abstraction. Notably, skip connections are introduced between convolutional blocks to improve gradient flow and training efficiency—an enhancement over the traditional VGGNet structure. After the convolutional stages, an average pooling layer compresses feature maps, which are then passed through a fully connected layer and a softmax classifier to output class probabilities. This architecture effectively captures complex patterns in medical images and supports robust disease classification, demonstrating the utility of deep learning in clinical diagnostics [33].
The strength of ResNet lies in its ability to learn complex patterns from large-scale image data without degradation in performance as the network deepens. In pneumonia detection, this has proven especially valuable, as the subtle differences between normal and infected lung regions require deep hierarchical feature extraction. Researchers have successfully leveraged ResNet architectures by freezing the initial layers and fine-tuning the latter ones to adapt the model to domain-specific chest X-ray datasets. For instance, models pre-trained on ImageNet can be adapted to medical domains with limited labelled data, resulting in improved accuracy and robustness [34, 35]. Despite its advantages, ResNet's generalization capability still depends heavily on the diversity and quality of the training data, which is why cross-dataset validation remains a key focus in recent studies on medical AI [31, 36]
DenseNet (Densely Connected Convolutional Network) is another powerful transfer learning model that has gained popularity in medical imaging tasks. Unlike ResNet, DenseNet connects each layer to every other layer in a feed-forward fashion, ensuring maximum information and gradient flow between layers. This architecture improves efficiency and reduces overfitting, making it highly suitable for tasks with limited data. DenseNet-121, in particular, has demonstrated exceptional performance in detecting pneumonia, achieving near-radiologist-level accuracy on large public datasets [37]. The ability of DenseNet to capture fine-grained features makes it a strong candidate for transfer learning in clinical diagnosis.
[image: ]
[bookmark: _Toc208333247][bookmark: _Toc208364369]Figure 3Architecture of Densenet (Zhang et al. [38])
The figure 3 illustrates a segment of the hierarchical architecture proposed in Zhang et al.’s [38] multilevel dense neural network for pan-sharpening. Labels such as H₁, H₂, etc., likely represent dense blocks or hierarchical layers within the network, while notations like RX-RALY-CON⁷ may denote convolutional layers or shortcut connections. These components align with the study [38] which mitigate spectral and spatial feature loss by directly connecting earlier and later layers. The term "Transition large" could reference transition layers that down sample feature maps, a strategy employed to balance computational efficiency and network depth. This architecture—featuring 83 layers with dense connections—enhances feature reuse and reconstruction quality without excessive parameter growth, as validated by superior performance in metrics like Qₙ [38]. The image thus encapsulates the paper’s innovation in leveraging deep learning for remote sensing fusion.
One of the key advantages of DenseNet is its parameter efficiency; by reusing features through dense connections, the model requires fewer parameters compared to other deep architectures while maintaining high performance. This is particularly beneficial in medical imaging where annotated data is scarce and overfitting is a common challenge. Studies have shown that fine-tuned DenseNet-121 models outperform traditional CNNs in multi-label classification tasks involving chest X-rays, including pneumonia, cardiomegaly, and effusion detection [39]. Furthermore, its dense connectivity pattern enables better feature propagation and encourages feature reuse, which improves the model's generalization across datasets like ChestX-ray14 and RSNA Pneumonia Detection Challenge [40]. These qualities make DenseNet an effective and practical choice for cross-domain transfer learning in medical diagnostics.
VGGNet, though older, remains a robust model for transfer learning in image classification. Its simple and consistent architecture with sequential convolutional layers makes it easier to modify and adapt to medical imaging tasks. VGG-16 and VGG-19 have been used in several studies for pneumonia detection, providing solid baselines for comparison [41]. However, VGG models are computationally heavier compared to newer architectures, which can be a limitation when deploying models in real-time clinical environments with restricted hardware.
Despite its computational cost, VGGNet continues to serve as a reliable benchmark due to its architectural clarity and strong representational capacity. In transfer learning settings, VGG-16 has demonstrated good performance when fine-tuned on medical datasets such as ChestX-ray14 and COVID-QU-Ex, achieving respectable accuracy and sensitivity in pneumonia detection tasks [42]. Its deeper layers allow the extraction of hierarchical features that are particularly effective in distinguishing between subtle pathological variations in chest X-rays. Moreover, the availability of pretrained weights and compatibility with popular deep learning frameworks make VGGNet a practical choice for researchers and clinicians exploring AI-based diagnostic support systems [43].
Inception Networks, particularly InceptionV3, are known for their efficient computation and use of multiple kernel sizes within a single layer. This helps capture features at various scales, which is particularly useful in medical imaging where abnormalities can vary in size and shape. InceptionV3 has been used in transfer learning setups for pneumonia and COVID-19 detection, showing competitive accuracy and robustness [44]. Its multi-scale feature extraction ability makes it valuable in diagnosing diseases with diverse radiological patterns.
InceptionV3's architecture incorporates factorized convolutions and aggressive dimension reduction, which help reduce computational costs while maintaining model depth and complexity. This balance between performance and efficiency makes it well-suited for deployment in medical environments where resources may be limited [45]. [46]Studies have demonstrated that fine-tuned Inception models can achieve high accuracy in classifying chest pathologies across various datasets, including RSNA and CheXpert, indicating strong generalization capabilities. Furthermore, the network’s ability to process multi-scale features in parallel has proven advantageous in distinguishing between overlapping conditions like pneumonia and pulmonary edema in X-ray imagery [47].
MobileNet, designed for lightweight applications, is another architecture that has been effectively applied in transfer learning for chest X-ray classification. It uses depth wise separable convolutions to reduce the number of parameters, making it faster and suitable for mobile or embedded systems. In healthcare, MobileNet is often used when computational resources are limited but accurate disease detection is still required. Studies have shown that MobileNet, when fine-tuned with medical datasets, can achieve high accuracy with significantly lower computational cost [48].
[bookmark: _Toc208365362]2.4.2 Application of models in medical imaging
a) ResNet (Residual Network)
Neeraj Varshney et al[49]. conducted a study aimed at enhancing the classification of medical images by optimizing transfer learning using the ResNet architecture. The research focused on overcoming challenges associated with sparsely labeled healthcare datasets and variability in image characteristics. To achieve this, the authors applied a deductive methodology combined with interpretivist philosophy to fine-tune pre-trained ResNet models on medical image datasets. Their process included preprocessing, hyperparameter tuning, model customization, and rigorous validation. The optimized ResNet model demonstrated superior performance in terms of accuracy, precision, recall, and F1-score when compared to baseline and traditional models. The study concluded that this approach improves diagnostic efficiency and generalization, paving the way for its potential deployment in real-world clinical environments[49]

b) DenseNet (Densely Connected Convolutional Network

M. Preetha et al.[50] proposed a DenseNet-based method for real-time disease diagnosis from medical images to enhance diagnostic speed and accuracy. The study aimed to build an efficient deep learning model capable of identifying diseases such as pneumonia, breast cancer, and diabetic retinopathy from diverse medical image datasets. To achieve this, the authors implemented the DenseNet-121 architecture, applying preprocessing techniques such as normalization and augmentation, and optimized the model using cross-entropy loss and the Adam optimizer. The model achieved impressive results with 92.5% accuracy, 91.7% precision, 91.1% recall, 91.4% F1-score, and an AUC-ROC of 0.942 on the test set. Moreover, it demonstrated low latency (as low as 12 ms for 256×256 images), indicating its potential for deployment in real-time clinical decision support systems[50].
c) VGGNet
M. Revathi et al.[51] conducted a study focused on predicting chronic kidney disease (CKD) using advanced deep learning models. The research aimed to classify CKD from CT images by leveraging the architectures of ResNet-34 and VGGNet-16. To improve classification accuracy, the authors used the Artificial Bee Colony (ABC) algorithm for image segmentation prior to feeding the data into the models. This preprocessing step enhanced the quality of input images and boosted model effectiveness. The results revealed that VGGNet-16 outperformed ResNet-34, achieving 98% accuracy, while ResNet-34 recorded 96%, highlighting the potential of deep learning with optimized segmentation for medical image-based disease prediction[51]
d) Inception Networks
Mohammed Iqbal et al [45] conducted a study focused on developing an efficient deep learning model for the detection of COVID-19 using chest X-ray and CT images. Their approach integrated Convolutional Neural Networks (CNNs) with the Inception V3 architecture, known for its strong feature extraction capabilities across varying image resolutions. The researchers trained the model to distinguish COVID-19 from other respiratory illnesses, including pneumonia, fibrosis, and tuberculosis, utilizing a comprehensive dataset. Performance was evaluated using key metrics such as accuracy, sensitivity, specificity, and AUC-ROC, and the model’s interpretability was also analysed to assess clinical viability. The results showed that the CNN-Inception V3 model performed effectively in diagnosing COVID-19 cases, underscoring the potential of advanced deep learning techniques in real-time medical diagnostics and contributing valuable insights to the field of AI-driven healthcare[51].
e) Mobilenet
B. Gokul et al.[52] conducted a study on the classification of brain stroke versus normal brain MRI images using a MobileNet-based deep learning algorithm. The primary goal of this research was to develop an efficient and lightweight model capable of accurately identifying stroke-affected brain regions from MRI scans. The researchers employed pre-processing techniques on MRI images and used the MobileNet architecture, known for its low computational cost and high efficiency, to classify the scans into normal and abnormal (stroke) categories. Additionally, they applied semantic segmentation to highlight and isolate the stroke-affected areas within the abnormal images. The results demonstrated that the MobileNet model delivered strong performance in both classification and segmentation tasks, showcasing its potential as a practical tool for automated and accurate brain stroke diagnosis in medical imaging[52]
[bookmark: _Toc208365363]2.5 SUMMARY OF THE LITERATURE REVIEW
The existing research shows significant progress in using deep learning, especially Convolutional Neural Networks (CNNs), to detect pneumonia in chest X-ray images. Modern architectures like ResNet, DenseNet, VGG, InceptionV3, and MobileNet have shown high accuracy and efficiency, with models such as DenseNet-121 and ResNet-50 performing at a level similar to radiologists. While MobileNet is great for real-time applications because it's computationally efficient, other models use deeper architectures for better feature extraction. Most of these models use transfer learning to make up for the limited amount of labelled medical data. This significantly improves training speed and accuracy. However, a major and consistent problem in the research is that these models don't generalize well across different datasets. This is mainly due to variations in imaging conditions, equipment, and patient demographics. Although some studies have applied transfer learning across datasets like RSNA, CheXpert, and COVID-QU-Ex, the issue of generalization remains largely unexamined. This gap in the research is the basis for the current study, which proposes a strong, transfer learning-based framework for detecting pneumonia. The goal is to improve how well the model generalizes across different datasets and to increase its diagnostic reliability in various clinical settings.







[bookmark: _Toc208365364]CHAPTER	3 - RESEARCH METHODOLOGY
This chapter outlines the research methods used in this study to achieve its objectives. It covers the object detection model framework, the proposed module, performance evaluation metrics, and the data and materials used for the experiments.
1.2 [bookmark: _Toc208365365]RESEARCH DESIGN
Figure 4 illustrates that this study adopts a positivism philosophy and follows a deductive approach. The positivism philosophy is appropriate for this research as it is data-driven, grounded in quantitative analysis, and relies on objective experimentation and statistical evaluation to assess the effectiveness of deep learning models [53]. The deductive approach is suitable because this study is built upon well-established theories and frameworks in convolutional neural networks (CNNs) and transfer learning. It involves testing these frameworks through systematic experimentation using publicly available annotated chest X-ray datasets (RSNA, CheXpert, COVID-QU-Ex) to detect pneumonia and other thoracic conditions. This approach allows the model to learn the relationship between disease-related patterns in chest images and their respective labels, improving classification performance[54].
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[bookmark: _Toc208364370]Figure 4 Research Design
The research strategy used in this project is based on experiments. To ensure the results are robust and accurate, multiple experiments are conducted using different pretrained Convolutional Neural Network (CNN) architectures, such as ResNet, DenseNet, and Inception. These models are fine-tuned on specific datasets and then trained, validated, and tested using carefully designed pipelines. Their performance is evaluated using key metrics like accuracy, precision, recall, F1-score, and AUC-ROC to confirm how effective transfer learning is at improving pneumonia detection across datasets with different clinical characteristics. [53].
This study adopts a mixed-methods approach, integrating both quantitative and qualitative methodologies commonly used in the field of medical image analysis [53-55]. In this context, deep learning models—particularly convolutional neural networks (CNNs) used in transfer learning—serve to automatically classify chest X-ray images into categories such as pneumonia and normal, aiding in the identification of affected lung regions. These models support the quantification of disease severity by analysing patterns of infection visible in chest X-rays, especially when integrated with explainability tools like Grad-CAM to highlight pathological areas[53]. Additionally, the effectiveness and reliability of the proposed models are rigorously validated using quantitative evaluation metrics such as accuracy, precision, recall, F1-score, and the Area Under the Receiver Operating Characteristic Curve (AUC-ROC). These metrics have become standard in medical image classification tasks [53, 56], enabling comprehensive assessment of model performance, stability, and potential real-world applicability in assisting radiologists and supporting clinical decision-making.
The image data analysis in this study helps identify pneumonia in chest X-rays by detecting specific features like opacities, consolidations, and abnormal lung patterns. These visual clues are crucial for confirming pneumonia and are the basis for a qualitative evaluation. Deep learning models, especially those using CNN-based transfer learning, help with this by creating activation maps that highlight the areas of interest on the X-rays. This provides a visual representation of how widespread the disease is and makes the diagnosis easier to interpret.To classify chest X-rays as either pneumonia or normal, the study uses a cross-sectional time horizon, analysing images collected at a single point in time. This approach is well-suited for diagnostic studies, as each X-ray reflects the patient’s condition at the time of imaging, allowing for a quick and accurate assessment of whether pneumonia is present.
[bookmark: _Toc208365366]3.2 RESEARCH MODEL
This section introduces the proposed research model architecture, which is based on deep learning using a ResNet or DenseNet framework. It outlines the structural components of the model, which is designed for the accurate detection of pneumonia in chest X-ray images. The section also details the integration of transfer learning and preprocessing stages that are specifically tailored for medical imaging analysis.

[bookmark: _Toc208365367]3.2.1 Research model architecture
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[bookmark: _Toc208364371]Figure 5 ResNet152 and DenseNet201framework for pneumonia detection(Charisma et al. [57])
   
The pneumonia detection model based on chest X-ray images is structured into three key components: a backbone, a feature processing bottleneck, and a classification head. As shown in Figure 5, the backbone consists of pretrained convolutional neural networks such as ResNet152 and DenseNet201, which function as feature extractors. The bottleneck module then refines and combines these extracted features into compact embedding vectors, and the classification head generates the final prediction probabilities for the target classes.
The backbone module employs ResNet152 and DenseNet201, both pretrained on ImageNet, to extract deep and robust features from chest X-ray images. ResNet152 utilizes residual skip connections, which enable the very deep 152-layer architecture to avoid vanishing gradient problems while preserving both low-level and high-level semantic information. The extracted feature map from ResNet152 is reduced to a 1×1×2048 vector, which encodes hierarchical information ranging from lung textures to more complex pneumonia-related patterns. DenseNet201, on the other hand, incorporates dense connectivity, where each layer is connected to all previous layers, thereby maximizing feature reuse and strengthening gradient propagation[57]. This architecture ensures that fine-grained details such as small opacities or subtle infiltrates are preserved in the output, which is represented as a 1×1×1920 vector. The combination of residual learning (ResNet) and dense connectivity (DenseNet) ensures that the backbone produces highly discriminative and complementary features[58].
In the bottleneck module, the high-dimensional outputs from ResNet152 and DenseNet201 are passed through fully connected layers to produce embedding vectors of uniform size (1×1×1024). This dimensionality reduction compresses the feature space while preserving the most important discriminative information, improving efficiency and reducing redundancy. The embeddings are then fused, creating a unified feature representation that leverages the global context captured by ResNet152 and the localized detail sensitivity of DenseNet201. By combining the embeddings from the two pretrained backbones, the model harmonizes multi-scale feature hierarchies and ensures robustness across diverse chest X-ray datasets. This stage functions analogously to feature fusion in object detection networks, but is specifically tailored here for image classification in the medical imaging domain[59-61].
The classification head takes the fused feature vector and processes it through a series of dense layers with non-linear activations. Dropout layers are introduced to mitigate overfitting by randomly deactivating neurons during training, which is particularly important for medical datasets that may suffer from class imbalance or limited sample sizes. The final fully connected layer employs a SoftMax activation to output probability scores across the defined classes[62]. Depending on the experimental setup, the head can perform binary classification (Normal vs. Pneumonia) or multi-class classification (Normal, Pneumonia, COVID-19).
To further enhance generalization, the network integrates multiple strategies. Data augmentation techniques, including random rotations, horizontal flips, translations, scaling, and brightness adjustments, are applied to the input images to simulate the variability of real-world X-ray acquisition conditions Training and validation is employed to evaluate the ability of the model to generalize beyond the dataset it was trained on, ensuring robustness across populations and imaging devices. 
The fusion strategy in the proposed network plays a central role in enhancing pneumonia detection performance. Instead of relying on a single backbone, the model integrates features from both ResNet152 and DenseNet201. ResNet152 contributes its strength in hierarchical abstraction, capturing broad contextual patterns across lung regions, while DenseNet201 enriches the representation by preserving detailed information through its dense connectivity. When combined, these complementary features provide a more holistic view of the chest X-ray, enabling the model to identify pneumonia-related abnormalities with higher accuracy across variable imaging conditions[57].
To enhance the fusion process, the feature vectors extracted from both backbones are passed through fully connected layers that perform dimensionality transformation, ensuring they are compatible before concatenation. This step not only aligns the feature dimensions but also filters the representations, preserving the most informative aspects while minimizing redundancy. By projecting both feature maps into a shared latent space, the fused representation gains improved discriminative power and generalization ability. The overall design strikes a balance between capturing rich features and maintaining computational efficiency, avoiding unnecessary complexity often associated with combining multiple backbones.
Following fusion, the joint representation passes through the classification head, which has been carefully designed to enhance robustness. The incorporation of dropout layers reduces overfitting by randomly deactivating neurons, which forces the network to learn redundant but robust pathways[61]. This mechanism is particularly important in medical imaging, where dataset sizes are relatively small compared to natural image datasets. Furthermore, the use of global average pooling (GAP) prior to dense layers ensures that spatial information is condensed efficiently, minimizing parameter counts while preserving global context. Together, these design choices ensure that the fused representation is not only powerful but also optimized for training on heterogeneous datasets.
In summary, the proposed network preserves a rich hierarchy of fused features from ResNet152 and DenseNet201 while keeping computational demands manageable. By exploiting the complementary strengths of the two backbones and incorporating efficient feature processing and classification components, the model enhances its ability to generalize effectively for pneumonia detection across different chest X-ray datasets.










[bookmark: _Toc208365368]3.2.2 Resnet152 Architecture
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[bookmark: _Toc208364372]Figure 6 Resnet152 Architecture
The proposed deep learning methodology is centred on a ResNet152 module, which is engineered for the classification of chest X-ray images. The module is composed of a backbone for robust feature extraction and a classifier head for accurate class prediction. The input to the system is a 224×224×3 chest X-ray image. This study uses a ResNet152 backbone that has been pre-trained on the ImageNet dataset[63]. This choice leverages the model's pre-existing knowledge of hierarchical image features, which significantly reduces the training time and enhances performance by providing a strong starting point[64].
The backbone processes the input image through a series of convolutional and residual layers, culminating in a global average pooling layer that produces a 2048-dimensional feature vector.
Following the backbone, the 2048-dimensional feature vector is passed to the classification head. This component is designed to map the extracted features to one of the three target classes: COVID-19, Pneumonia, or Normal. The classification head consists of a fully connected layer with 512 neurons and a ReLU activation function, which processes the feature vector and learns a more abstract representation[65, 66]. To prevent overfitting, a dropout layer with a 0.3 probability is applied, randomly deactivating a subset of neurons during training.
The classification head concludes with a dense layer containing three neurons, each representing one of the target classes. A SoftMax activation function is applied to the output of this layer, transforming the raw scores into a probability distribution. The class with the highest probability is chosen as the final prediction. This systematic process, starting from feature extraction with the pretrained ResNet152 backbone and culminating in the classification stage, enables the model to efficiently interpret and categorize chest X-ray images[67].
[bookmark: _Toc208365369]3.2.3 Densenet201 Architecture
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[bookmark: _Toc208364373]Figure 7 Densenet201 Architecture
The DenseNet201 module is a specialized deep learning architecture for classifying chest X-ray images, built on a powerful, pre-trained backbone and a dedicated classification head. The core of this model is the DenseNet201 backbone, which is pre-trained on ImageNet. What sets it apart is its unique "dense connectivity," where every layer within a dense block is connected to all preceding layers[21]. This structure facilitates efficient feature reuse, a continuous flow of information, and helps to mitigate the vanishing gradient problem, allowing for a deeper network architecture that can be trained more effectively. The backbone processes the input image through a series of dense and transition layers, ultimately generating a 1920-dimensional feature vector via a Global Average Pooling (GAP) layer.
The feature vector extracted by the backbone is then fed into the classification head, which is a simple yet effective neural network designed to interpret these features and produce a final prediction. This head begins with a dense layer containing 512 neurons and a ReLU activation function, learning a higher-level representation of the image[21, 68]. To enhance the model's generalization capabilities and prevent it from overfitting to the training data, a dropout layer with a probability between 0.3 and 0.4 is applied. This layer randomly deactivates a portion of neurons during training, forcing the network to learn more robust features.
The classification head concludes with a dense layer consisting of three neurons, each representing one of the target classes: COVID, Pneumonia, or Normal. A softmax activation function is applied to this layer’s output, transforming the raw scores into a probability distribution. The class with the highest probability is selected as the model’s final prediction. This concise three-part explanation captures the full architecture, highlighting the role of the DenseNet201 backbone, the fusion and processing of features, and the final classification stage, thereby offering a clear overview of how the model functions[69, 70].
[bookmark: _Toc208365370]3.3 RESEARCH DATA ANALYSIS AND EVALUATION   METRICS
This section presents the analysis of experimental results for pneumonia detection from chest X-ray images, along with the evaluation metrics used to measure the performance of the proposed deep learning models. The analysis highlights a comparison between ResNet152 and DenseNet201 backbones, both as standalone models and within the proposed feature fusion framework, across multiple datasets. Particular attention is given to the models’ generalization performance on unseen datasets, as enhancing cross-dataset robustness represents a key objective of this research.
[bookmark: _Toc208365371]3.3.1 Data Analysis
In this study, three publicly available chest X-ray datasets were employed to train and evaluate the proposed model: the COVID-19 Radiography Database and the Chest X-ray (COVID-19 & Pneumonia) dataset. A thorough analysis of these datasets was conducted to examine their structure, class distribution, and the potential challenges they pose for deep learning–based classification.
The datasets used in this study include images from three main categories: Normal, Pneumonia, and COVID-19. An initial analysis of the class distribution revealed imbalances, as pneumonia cases were more frequent than normal and COVID-19 cases in certain datasets. Such imbalance can cause the model to favor majority classes, making data augmentation and balanced sampling strategies necessary. In addition, variations in image quality, resolution, and contrast were observed across datasets, reflecting the heterogeneity of real-world clinical imaging and highlighting the importance of evaluating model generalization.
The first dataset, the COVID-19 Radiography Database, contains more than 21,000 chest X-ray images divided into Normal, COVID-19, Viral Pneumonia, and Lung Opacity. For this study, only the Normal, Pneumonia, and COVID-19 categories were selected. While this dataset is valuable for its large scale and diversity, it shows clear class imbalance, with relatively fewer COVID-19 cases compared to the other categories.
The second dataset, the Chest X-ray (COVID-19 & Pneumonia) dataset, provides over 38,000 images across Normal, Pneumonia, and COVID-19 classes. This dataset substantially increased the number of pneumonia cases, including both viral and bacterial types, and offered a wider representation of clinical variations. Its inclusion contributed to the robustness of the training process by exposing the models to more diverse pneumonia cases.
Finally, the Chest X-ray Pneumonia Dataset K. Paul et al.[71] consisting of around 5,863 images, was used as an external test set to evaluate generalization. Although smaller in scale, this dataset is widely used in pneumonia detection research and contains Normal and Pneumonia classes. Its use allowed the models to be assessed on unseen data, providing insight into their robustness across datasets with different distributions and imaging conditions.
To prepare the data for analysis, all chest X-ray images were resized to a fixed resolution of 224 × 224 pixels to match the input requirements of ResNet152 and DenseNet201. The pixel intensity values were normalized to a [0,1] range to ensure numerical stability during training. In addition, data augmentation techniques such as rotation, flipping, zooming, shifting, and brightness adjustment were applied, not only to expand the dataset but also to simulate variations commonly found in X-ray imaging[72]. This step was critical in improving the generalization capability of the models by exposing them to diverse imaging conditions.
The outcomes of this data analysis highlighted that, while the datasets provided sufficient variability in patient demographics and imaging styles, the inherent imbalance and inter-dataset differences presented challenges for generalization. These findings underscored the importance of adopting transfer learning, feature fusion, and cross-dataset validation strategies, which form the core contributions of this research[56, 73].
[bookmark: _Toc208365372]3.3.2 Evaluation Metrics
The evaluation of the proposed pneumonia detection models was carried out using a set of well-established classification metrics commonly applied in medical imaging. These include accuracy, precision, recall, F1-score. Accuracy provides the overall proportion of correct predictions, defined as:
Accuracy represents the overall percentage of images correctly classified, offering a broad measure of the model’s performance across all categories[74, 75].

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives respectively. Although accuracy is useful as a general performance measure, it becomes less reliable when dealing with imbalanced datasets, which is often the case in medical imaging.
To address this limitation, more discriminative metrics such as precision and recall were considered Precision measures the proportion of correctly identified images within a specific predicted class (e.g., Pneumonia), making it an important metric for minimizing false positives in medical diagnosis[75].

measures the proportion of correctly predicted pneumonia cases among all samples predicted as pneumonia, recall indicates the proportion of actual positive cases that the model correctly identifies, which is especially important in healthcare to reduce false negatives and prevent missed diagnoses[75].

quantifies the model’s ability to correctly identify pneumonia cases among all actual pneumonia cases. High precision reduces false alarms, whereas high recall reduces missed diagnoses, both of which are critical in clinical practice.
Since precision and recall capture different aspects of performance. The F1-score combines precision and recall into a single metric, making it particularly useful for handling class imbalance among Normal, Pneumonia, and COVID-19 cases[75].

which represents the harmonic mean of precision and recall. Additionally, the ROC curve and its corresponding AUC were employed to evaluate the discriminative power of the models at different thresholds. An AUC value closer to 1 reflects stronger generalization and greater separability between classes. Collectively, these metrics offered a comprehensive framework for assessing the performance of ResNet152, DenseNet201, and the proposed fusion model, ensuring that the evaluation considered not only accuracy but also reliability and robustness in pneumonia detection across multiple chest X-ray datasets.
[bookmark: _Toc208365373]3.3.3 ROC and AUC
The Receiver Operating Characteristic (ROC) curve is a visual method for assessing a model’s capability to separate different classes by plotting the true positive rate (sensitivity) against the false positive rate (1 – specificity) at varying threshold levels. The Area Under the Curve (AUC) condenses this information into a single score, where 0.5 indicates random performance and values approaching 1.0 signify strong class discrimination. In medical image analysis tasks like pneumonia detection, a higher AUC indicates that the model can accurately identify positive cases while reducing false positives, making it an essential measure of diagnostic reliability[76].
[bookmark: _Toc208365374]3.3.4 Confusion Matrix
A confusion matrix is a tabular representation used to evaluate the performance of a classification model by comparing predicted labels with the actual ground truth. It is typically organized into four main components: true positives (correctly predicted positive cases), true negatives (correctly predicted negative cases), false positives (incorrectly predicted as positive when actually negative), and false negatives (incorrectly predicted as negative when actually positive). This structure provides a detailed breakdown of the types of errors a model makes, going beyond overall accuracy. In medical diagnosis, such as pneumonia detection from chest X-rays, the confusion matrix is particularly valuable because it highlights not only how many cases were classified correctly, but also whether the model is prone to missing true cases (false negatives) or generating unnecessary alarms (false positives). This makes it an essential tool for evaluating reliability and clinical applicability[77].
[bookmark: _Toc208365375]3.4 RESEARCH MATERIAL
This section provides an overview of the chest X-ray datasets used for pneumonia detection, describing their sources and class distributions, as well as the software libraries and hardware settings applied to implement and evaluate the proposed models based on ResNet152 and DenseNet201.
[bookmark: _Toc208365376]3.4.1 Research Data
The datasets for this study were sourced from publicly accessible chest X-ray repositories that are well established in medical imaging research. They were intentionally chosen to offer variety and heterogeneity, enabling the models to build strong generalization across different populations and imaging conditions. As the main goal of this work is to enhance pneumonia detection beyond the limitations of a single dataset, combining multiple repositories ensures that the models are trained on chest X-rays obtained under varied clinical environments, equipment types, and patient demographics.
The first dataset used in this study was the COVID-19 Radiography Database[78], which contains more than 21,000 chest X-ray images divided into four categories: Normal, COVID-19, Viral Pneumonia, and Lung Opacity. For the purposes of this research, only the Normal, Pneumonia, and COVID-19 classes were considered. As one of the largest publicly available radiography datasets, it offers substantial intra-class variation, an important factor in training deep learning models to generalize effectively across different institutions.
The second dataset employed was the Chest X-ray (COVID-19 & Pneumonia) dataset[79], comprising over 38,000 images labeled as Normal, Pneumonia, or COVID-19. This dataset expanded the diversity of pneumonia and COVID-19 cases, enabling the models to learn subtle distinctions between conditions with overlapping characteristics. Its size and distribution also improved the robustness of both the training and evaluation processes.
To further test generalization, an external dataset—Chest X-ray Pneumonia Dataset by K. Paul et al.[80], containing about 5,863 images—was used solely for evaluation. This dataset includes Normal and Pneumonia classes, with pneumonia cases representing both bacterial and viral infections. Although smaller than the primary datasets, it served as an effective benchmark for assessing whether models trained on large-scale and diverse data could adapt to unseen and more limited samples.
All datasets underwent consistent preprocessing, including resizing to 224×224 pixels, normalization, and extensive augmentation techniques such as random rotations, flips, zooms, and shifts. Balancing strategies were also applied, particularly to increase COVID-19 samples, ensuring more equitable class distributions. These standardized preprocessing steps enhanced fairness in training while improving the robustness and generalization performance of the ResNet152 and DenseNet201 models.
[bookmark: _Toc208365377]3.4.2 Software and Hardware
As the datasets used in this study were already labelled, there was no need for additional annotation. The main emphasis was on creating an efficient setup for model training, validation, and evaluation. All experiments were performed in Python 3.12, with TensorFlow 2.x and Keras serving as the primary deep learning frameworks. Additional libraries such as NumPy, Pandas, scikit-learn, OpenCV, and Matplotlib were applied for preprocessing, statistical analysis, and visualization[81-83]. Together, this software environment offered a reliable and adaptable platform for implementing transfer learning using the ResNet152 and DenseNet201 architectures[84].
The experiments were carried out on both local and cloud-based environments. Locally, the system configuration included Windows 11 (64-bit), an Intel/AMD multi-core CPU, 16 GB RAM, and an NVIDIA GTX 1650 GPU (4 GB VRAM). For large-scale training and fine-tuning, experiments were executed on Google Colab Pro[85], leveraging high-performance GPUs such as the Tesla T4, V100, or A100 with up to 40 GB GPU memory[84, 86]. This hybrid computational setup ensured sufficient resources to process chest X-ray datasets effectively while supporting the training of deep CNN models with reasonable execution times.
In summary, the use of modern deep learning libraries together with GPU-accelerated environments provided a scalable, reproducible, and computationally efficient experimental setup. This blend of software and hardware resources supported rigorous experimentation and allowed for the effective training and evaluation of ResNet152 and DenseNet201 models across multiple chest X-ray datasets.
[bookmark: _Toc208365378]3.5 CHAPTER SUMMARY
This chapter described the research methodology designed to meet the objectives of the study, with a focus on pneumonia detection from chest X-ray images using deep learning and transfer learning methods. The framework employs pretrained convolutional neural networks, namely ResNet152 and DenseNet201, as backbone architectures for feature extraction. A feature fusion module was incorporated to merge embeddings from both networks, improving the diversity and generalization of the learned representations.
The methodology was grounded in a positivist philosophy and followed a deductive approach, emphasizing quantitative analysis through systematic experimentation on publicly available chest X-ray datasets. An experiment-driven strategy was adopted, where the models were trained, validated, and tested on carefully prepared and pre-processed data. To enhance robustness and generalization, techniques such as data augmentation, cross-dataset validation, and regularization were applied during training.
Model performance was assessed using widely accepted medical imaging metrics, including accuracy, precision, recall, F1-score, and AUC-ROC, ensuring a comprehensive evaluation of classification outcomes. This chapter also presented the research materials, covering datasets, preprocessing procedures, and the experimental setup, which combined software tools (TensorFlow/Keras, scikit-learn, OpenCV) with hardware resources (a Windows 11 system equipped with NVIDIA GPU acceleration).
In conclusion, this chapter outlined the methodological framework, dataset preparation, model architecture, training strategies, and evaluation methods adopted in the study. The following chapter presents the experimental findings, compares the performance of the proposed models with existing approaches, and discusses their generalization capabilities across multiple chest X-ray datasets.









[bookmark: _Toc208365379]CHAPTER-4	EXPERIMENTS	AND ANALYSIS

This chapter presents the experimental setup, configurations, and evaluation of the proposed deep learning models for pneumonia detection using chest X-ray images. Two transfer learning architectures, DenseNet201 and ResNet152, were trained and validated on a balanced dataset created from multiple public repositories, with preprocessing steps such as augmentation and class balancing applied to address data imbalance. Model performance was assessed using established metrics including accuracy, error rate, precision, recall, F1-score, and AUC-ROC to ensure a thorough evaluation. To investigate robustness and generalization, the models were also tested on an independent external dataset [80](Amanullah Asraf’s chest X-ray dataset), enabling performance comparison across different data distributions. The results were examined through classification reports, confusion matrices, and ROC curves, providing detailed insights into class-wise predictions and separability. Comparative findings showed that DenseNet201 outperformed ResNet152 in both accuracy and generalization, confirming its effectiveness as a reliable model for pneumonia detection and supporting the study’s central objective of enhancing generalization in deep learning for medical imaging applications.
[bookmark: _Toc208365380]4.1 EXPERIMENT SETUP
The experiments were implemented using Python 3.12 on Google Colab Pro[85] with GPU acceleration (Tesla T4, V100, or A100 depending on availability). The deep learning framework employed was TensorFlow 2.x with Keras, which provided utilities for transfer learning, model training, and evaluation. Supporting libraries included NumPy and Pandas for data handling and numerical operations, Matplotlib and Seaborn for plotting and visualization, scikit-learn for statistical analysis and evaluation metrics, and OpenCV for basic image preprocessing. The training datasets were sourced from publicly available repositories, including the COVID-19 Radiography Database and Chest X-ray (COVID-19 & Pneumonia) dataset, which were merged and balanced through augmentation to ensure approximately equal representation of the three target classes: COVID-19, Normal, and Pneumonia. An additional external dataset (Amanullah Asraf’s COVID-19, Pneumonia, and Normal chest X-ray dataset) was used exclusively for testing model generalization on unseen data[84, 86].
[image: ]
[bookmark: _Toc208364374]Figure 8 work flow diagram of merged dataset and unseen dataset

The combined dataset, shown in Figure 8, was created by merging two publicly available repositories and expanding them with augmented samples, resulting in a total of 37,086 images. As illustrated in the figure, this dataset was partitioned into 70% for training, 15% for validation, and 15% for testing, using stratified sampling to preserve class distribution. In addition, an external unseen dataset containing 6,902 images was set aside to evaluate the models’ generalization capability. All images were resized to 224 × 224 pixels to align with the input requirements of the pretrained architectures. To improve robustness and reduce overfitting, data augmentation techniques—including random rotations, horizontal flips, zooming, shearing, and width/height shifts—were applied during training. For classification, two pretrained convolutional neural networks, DenseNet201 and ResNet152, initialized with ImageNet weights, were fine-tuned. Both networks employed a Global Average Pooling (GAP) layer, followed by fully connected dense layers with ReLU activation and Dropout for regularization, and concluded with a Softmax output layer for three-class classification (Normal, Pneumonia, and COVID-19).
The training was conducted with a batch size of 32 and an initial learning rate of 1e-4, optimized using the Adam optimizer. Early stopping, learning rate reduction on plateau, and model checkpointing were employed as callbacks to prevent overfitting and save the best-performing weights. Training was executed for up to 15–20 epochs, depending on model convergence. Evaluation metrics included Accuracy, Error Rate, Precision, Recall, F1-score, and AUC-ROC, which were used to comprehensively assess performance. Confusion matrices and ROC curves were generated for both the main and external datasets to visualize classification behaviour and generalization capability.
[bookmark: _Toc208365381]4.2 RESULTS AND ANALYSIS
This section reports the experimental results obtained from the two transfer learning architectures, DenseNet201 and ResNet152, applied to pneumonia detection using chest X-ray images. Both models were trained and evaluated on a balanced dataset built from publicly available repositories, and their performance was measured using standard evaluation metrics such as accuracy, error rate, precision, recall, F1-score, and AUC-ROC. To examine robustness and generalization, the models were also tested on an independent external dataset, allowing for comparison across different data distributions. Results are presented through detailed tables and graphical outputs, including confusion matrices and ROC curves, which illustrate class-wise prediction patterns and class separability. The comparative analysis demonstrates that DenseNet201 achieved higher accuracy and stronger generalization than ResNet152, confirming its reliability as an effective model for pneumonia detection and reinforcing the study’s objective of enhancing generalization in medical imaging models.
[bookmark: _Toc208365382]4.2.1 Results
The evaluation of DenseNet201 and ResNet152 on the primary balanced dataset showed strong overall performance, confirming the value of transfer learning for pneumonia detection. DenseNet201 achieved an accuracy of about 93.2%, with an error rate of 6.8%, while ResNet152 reached 86.4% accuracy and a higher error rate of 13.6%. DenseNet201 also recorded a higher average AUC of 0.9916, demonstrating its strong ability to distinguish among the three classes (COVID-19, Normal, and Pneumonia). In comparison, ResNet152 achieved a lower average AUC of 0.9665, reflecting weaker class discrimination. These outcomes indicate that DenseNet201 is more effective at extracting and preserving relevant features for classification.
The visual results reinforce these observations. DenseNet201’s confusion matrix showed that most errors occurred between Normal and Pneumonia categories, which is understandable given their overlapping radiological patterns. COVID-19 cases, however, were detected with high precision and recall, reducing the chance of false negatives in a critical category. By contrast, ResNet152 displayed a higher rate of misclassifications across all three classes, particularly between Normal and Pneumonia. Overall, the findings from the main dataset highlight DenseNet201 as the stronger architecture, offering better accuracy, lower error rates, and improved class separability.
[bookmark: _Toc208365383]4.2.2 Unseen Dataset
To assess generalization, the trained models were evaluated on the independent Amanullah Asraf dataset[80], which had not been used during training or validation. As expected, performance declined slightly due to differences in dataset characteristics. DenseNet201 achieved an accuracy of 88.3% with an error rate of 11.7%, while ResNet152 recorded 79.8% accuracy and a higher error rate of 20.2%. Both models maintained strong discriminative ability, with DenseNet201 achieving an average AUC of 0.9742 and ResNet152 scoring 0.9573, demonstrating resilience under distributional shifts. These findings indicate that DenseNet201 not only excels on the training dataset but also adapts well to unseen data.
Analysis of the confusion matrices for the external dataset provided further insights. DenseNet201 delivered consistent performance across all classes, though some misclassifications persisted between Normal and Pneumonia cases—a common challenge in chest X-ray analysis. Notably, COVID-19 cases were identified with high sensitivity, lowering the risk of missed diagnoses. ResNet152, however, exhibited more frequent errors, especially between Normal and Pneumonia categories, which reduced its recall and F1-scores. Overall, the results confirm the study’s central aim: DenseNet201 demonstrates stronger generalization to new datasets than ResNet152, making it a more reliable option for real-world clinical applications.
[bookmark: _Toc208365384]4.2.3 Comparative Analysis
A side-by-side comparison of DenseNet201 and ResNet152 on both the main and external datasets highlights clear differences in their generalization performance. DenseNet201 consistently delivered stronger results, maintaining accuracy above 88% on unseen data, while ResNet152 dropped below 80% on the external dataset. Error rate analysis further supported this finding: DenseNet201’s error rose modestly from 6.8% to 11.7%, whereas ResNet152 increased more sharply from 13.6% to 20.2%. DenseNet201 also preserved high AUC values, reflecting stable class separability across datasets, while ResNet152 experienced a more noticeable decline. These outcomes confirm that DenseNet201 excels not only in accuracy but also in robustness and transferability.
DenseNet201’s superior performance can be linked to its dense connectivity design, which promotes feature reuse and better preservation of fine-grained spatial details—crucial for detecting subtle pneumonia-related abnormalities. By contrast, although ResNet152 leverages residual learning and deeper layers, it appears less capable of retaining detailed information when applied to external datasets. Overall, the evidence indicates that DenseNet201 is more suitable for tasks requiring strong generalization across diverse datasets, directly supporting the research objective of enhancing generalization in pneumonia detection with deep learning.
[bookmark: _Toc208365385]4.2.4 Model Performance comparison of Merged dataset and unseen dataset
	Study / Model
	Dataset
	classification
	Accuracy (%) ↑
	Error Rate (%) ↓
	Precision (%) ↑
	Recall (%) ↑
	F1-score ↑
	AUC ↑

	DenseNet201 (Proposed study –     Main Dataset)
	Merged Dataset[78, 79]
	Pneumonia, Covid, Normal
	93.23
	6.77
	92.8
	93.1
	93.0
	0.9916

	ResNet152 (Proposed study – Main Dataset)
	Merged Dataset[78, 79]
	Pneumonia, Covid, Normal
	86.37
	13.63
	85.2
	86.1
	85.6
	0.9665

	
DenseNet201[57]
	
CXR dataset)
	Pneumonia, Covid, Normal
	
94.75
	
5.25
	–
	–
	–
	–

	
DenseNet201[87]
	
CXR
	
Covid 19
0 or 1
	
94.96
	
5.04
	–
	–
	–
	–

	
DenseNet201 \ResNet152[88]
	 
(CXR dataset)
	
Pneumonia, Covid, Normal
	

96.01 / 78.75
	

3.99 / 21.25
	–
	–
	–
	–

	
DenseNet161[89]
	
Custom data 
	
Pneumonia and Covid 19
	
98.90
	
1.10
	–
	–
	–
	–

	Ensemble incl. DenseNet201[90]
	Pneumonia detection (CXR dataset)
	
	
98.46
	
1.54
	–
	–
	
98.96
	–

	Vision Transformer[91]
	 (CXR dataset)
	Pneumonia detection
	97.61
	2.39
	–
	–
	–
	–


[bookmark: _Toc208364385]Table 1 Performance comparison of DenseNet201 and ResNet152 with reported literature results on chest X-ray datasets



· Unseen Dataset Performance

	                        Study / Model
	    Dataset
	
	Accuracy (%) ↑
	Error Rate (%) ↓
	Precision (%) ↑
	Recall (%) ↑
	F1-score ↑
	AUC ↑

	DenseNet201(proposed study – Unseen Dataset)
	(Dataset [80])
	
	88.26
	11.74
	87.5
	88.0
	87.7
	0.9742

	   ResNet152(Proposed study – Unseen Dataset)
	
Dataset [80])
	
	
  84.58
	
  15.42
	
  83.5
	
  84.0
	
  83.8
	
   0.9573



[bookmark: _Toc208364386]Table 2 Performance of unseen dataset in Resnet152 and Densenet201

Among the evaluated models, DenseNet201 (merged dataset) achieved the highest accuracy of 93.23% with an error rate of only 6.77%, alongside strong values for precision (92.8%), recall (93.1%), and F1-score (93.0%). It also produced the highest AUC value of 0.9916, demonstrating superior discriminative capability across the three classes. When tested on the independent external dataset, DenseNet201 maintained a competitive accuracy of 88.26% with an error rate of 11.74% and an AUC of 0.9742, confirming its ability to generalize well to unseen data.
In comparison, ResNet152 achieved lower performance across both datasets. On the main dataset, it reached 86.37% accuracy (error rate 13.63%) with an AUC of 0.9665, while on the external dataset, its accuracy dropped to 84.58% (error rate 15.42%) with an AUC of 0.9573. Although ResNet152 provided reasonable precision and recall, the results indicate that its feature extraction was less effective than DenseNet201 in capturing subtle pneumonia-related opacities.
When compared with results from the literature, DenseNet201 and ResNet152 models used in this study remain competitive. DenseNet201 implementations in prior studies reported accuracies ranging from 94.75% [57] to 94.96% [87], with Jain et al. (2022) reporting 96.01% for DenseNet201 and 78.75% for ResNet152 on smaller datasets. While these studies achieved slightly higher accuracy in some cases, they were typically evaluated on limited or single datasets and did not include external validation. More advanced models, such as DenseNet161 [89] and ensemble approaches [90], reported peak accuracies of 98.9% and 98.46%, respectively, while transformer-based approaches [91] achieved 97.61%. However, these models did not test generalization on independent datasets.
Overall, the findings demonstrate that the proposed DenseNet201 model achieves an effective balance of accuracy, robustness, and generalization, consistently surpassing ResNet152 and sustaining strong performance on both primary and external datasets. This confirms its potential for reliable pneumonia detection in real-world clinical environments, where variability across datasets is common.
[bookmark: _Toc208365386]4.2.5 Model Optimization and Fine-tuning
Several optimization strategies were applied to improve the performance of both DenseNet201 and ResNet152 during training. Initially, the models were trained with frozen backbones and a classification head for 5 epochs using a learning rate of 1e-4. Although this setup produced acceptable results, accuracy quickly plateaued, particularly in the case of ResNet152. To strengthen feature learning, the final 50 layers of each network were progressively unfrozen, and fine-tuning was continued with a reduced learning rate of 1e-5. This adjustment ensured more stable gradient updates while reducing the risk of overfitting.
The training schedule was also extended from 5 to 15–20 epochs, allowing the models to converge more effectively. Early stopping and learning rate reduction on plateau callbacks were employed to prevent unnecessary overtraining. These refinements led to notable improvements in performance: DenseNet201 achieved peak accuracies of 93.23% on the main dataset and 88.26% on the external dataset, while ResNet152 reached 86.37% and 84.58%, respectively. Overall, the optimization process underscored the value of fine-tuning in improving generalization, with DenseNet201 showing the greatest benefit from deeper layer unfreezing and extended training.

[bookmark: _Toc208365387]4.2.6 AUC ROC curve analysis

1. AUC ROC curve Densenet201 (merged dataset)
[image: ]
[bookmark: _Toc208364375]Figure 9 AUC ROC curve for DenseNet201 on the merged dataset

Figure 9 presents the ROC curve of DenseNet201 on the main dataset, illustrating class-wise performance for COVID-19, Normal, and Pneumonia detection. The model achieved AUC scores of 1.00 for COVID-19, 0.99 for Normal, and 0.99 for Pneumonia, demonstrating excellent class separability. The ROC curves lie close to the top-left corner of the plot, indicating a very low false positive rate alongside a high true positive rate.
These findings show that DenseNet201 successfully captures the key discriminative features required to differentiate pneumonia-related opacities from healthy lungs and COVID-19 patterns. The perfect AUC for COVID-19 emphasizes the model’s effectiveness in identifying this critical category, while the high AUC values for Normal and Pneumonia further validate its robustness. Overall, DenseNet201’s strong performance on the main dataset indicates its suitability for clinical applications, where both high sensitivity and specificity are essential.

.
2. AUC ROC curve Densenet201 (unseen dataset)
[image: ]
[bookmark: _Toc208364376]Figure 10 AUC ROC curve for DenseNet201 on the unseen dataset

Figure 10 shows the ROC curve of DenseNet201 on the external Amanullah dataset. The model achieved AUC scores of 0.99 for COVID-19, 0.97 for Normal, and 0.96 for Pneumonia, demonstrating strong generalization across all three categories. Although these values are slightly lower than those on the main dataset, they remain consistently high, confirming that DenseNet201 is capable of effectively distinguishing positive and negative cases even with unseen data distributions.
The ROC curves indicate that COVID-19 cases were detected with the highest sensitivity, underscoring the model’s ability to prioritize this critical class. The slightly reduced AUC scores for Normal and Pneumonia reflect the increased overlap between healthy lungs and pneumonia-related opacities, a challenge often encountered in clinical practice. Despite this, DenseNet201 maintained strong discriminatory power under external testing, reinforcing its robustness and supporting the study’s primary objective of enhancing generalization in pneumonia detection.

3. AUC ROC curve Resnet152 (Merged dataset)
[image: ]
[bookmark: _Toc208364377]Figure 11 AUC ROC curve for ResNet152 on the merged dataset

Figure 11 illustrates the ROC curve of ResNet152 on the main dataset. The model recorded an AUC of 0.98 for COVID-19 and 0.96 for both Normal and Pneumonia, reflecting solid class separability. While these results indicate effective discrimination, they are consistently lower than the AUC values obtained by DenseNet201 on the same dataset.
The ROC curves show that ResNet152 achieves high true positive rates across all classes but at the cost of slightly higher false positive rates compared to DenseNet201. The reduced AUC values suggest greater difficulty in distinguishing overlapping categories, particularly between Normal and Pneumonia, where subtle radiological similarities may have led to misclassifications. Overall, although ResNet152 performs well on the main dataset, the findings reinforce that DenseNet201 provides stronger discriminative ability and greater robustness.



4. AUC ROC curve Resnet152 (external dataset) 
[image: ]
[bookmark: _Toc208364378]Figure 12 AUC ROC curve for ResNet152 on the unseen dataset

Figure 12 presents the ROC curve of ResNet152 on the external Amanullah dataset. The model achieved an AUC of 0.96 for COVID-19, Normal, and Pneumonia, indicating good discriminative ability on unseen data. However, its performance was clearly weaker than DenseNet201, which achieved higher AUC values under the same evaluation conditions.
The curves reveal that ResNet152 encountered greater overlap between classes, particularly in separating Pneumonia from Normal cases. This is consistent with the observed drop in accuracy and higher error rate on the external dataset compared to the main dataset. Overall, while ResNet152 shows moderate generalization, its lower AUC scores confirm that DenseNet201 remains the more robust choice for pneumonia detection on new datasets.





[bookmark: _Toc208365388]4.2.7 Confusion Matrix Analysis
1. Confusion Matrix Analysis (Merged Dataset – DenseNet201)
[image: ]
[bookmark: _Toc208364379]Figure 13 Confusion matrix of DenseNet201 on the merged dataset
Figure 13 displays the confusion matrix of DenseNet201 on the main dataset, showing strong classification performance across all three categories, with most predictions falling along the diagonal. Among COVID-19 cases, 2976 were correctly classified, with 226 misclassified as Normal and 69 as Pneumonia. For Normal cases, 3182 were accurately identified, while only 3 were misclassified as COVID-19 and 87 as Pneumonia. In the case of Pneumonia, 2962 were correctly recognized, with 270 mislabelled as Normal and 6 as COVID-19.
These results highlight DenseNet201’s reliability in detecting COVID-19, an especially critical factor in clinical practice where false negatives can have serious implications. Most errors occurred between Normal and Pneumonia categories, underscoring the common clinical difficulty of distinguishing subtle pneumonia opacities from healthy lungs with minor variations. Nevertheless, the overall misclassification rates were very low, demonstrating the model’s robustness and confirming its strong generalization capability on the main dataset.





2. Confusion Matrix Analysis (merged dataset- Resnet152)
[image: ]
[bookmark: _Toc208364380]Figure 14 Confusion matrix of ResNet152 on the merged dataset

Figure 14 shows the confusion matrix of ResNet152 on the main dataset. The model successfully classified 2835 COVID-19 cases, while 273 were misclassified as Normal and 163 as Pneumonia. For Normal cases, 2829 were correctly identified, with 173 incorrectly predicted as COVID-19 and 270 as Pneumonia. Pneumonia cases were also largely recognized, with 2784 correct predictions, though 314 were mislabelled as Normal and 140 as COVID-19.
In comparison to DenseNet201, ResNet152 produced higher misclassification rates, particularly between Normal and Pneumonia, suggesting a weaker ability to capture the subtle opacity differences that separate these two classes. COVID-19 recognition was also slightly lower, with more false negatives than DenseNet201. Overall, these findings confirm that while ResNet152 performs reasonably well, it is less robust than DenseNet201 in distinguishing overlapping thoracic pathologies.




3. Confusion Matrix Analysis (Unseen Dataset- Desnet201)
[image: ]
[bookmark: _Toc208364381]Figure 15 Confusion matrix of DenseNet201 on the unseen dataset
Figure 15 presents the confusion matrix of DenseNet201 on the external Amanullah dataset. The model accurately classified 1840 COVID-19 cases, while 289 were misclassified as Normal and 147 as Pneumonia. For Normal cases, 2180 were correctly identified, with only 7 mislabeled as COVID-19 and 126 as Pneumonia. In the case of Pneumonia, 2072 were classified correctly, with 240 misclassified as Normal and just 1 as COVID-19.
These results highlight DenseNet201’s strong generalization ability, as most predictions align along the diagonal of the matrix. The majority of errors occurred between Normal and Pneumonia categories, reflecting the clinical challenge of differentiating mild pneumonia features from healthy lungs. Importantly, COVID-19 detection remained highly accurate, with very few false negatives—an essential factor for practical medical screening. Overall, the findings confirm DenseNet201’s robustness and its capacity to deliver reliable classification across datasets originating from different sources.




4. Confusion Matrix Analysis (Unseen Dataset- Resnet154)
[image: ]
[bookmark: _Toc208364382]Figure 16 Confusion matrix of ResNet152 on the unseen dataset

Figure 16 presents the confusion matrix of ResNet152 on the external Amanullah dataset. The model correctly identified 1762 COVID-19 cases, while 209 were misclassified as Normal and 305 as Pneumonia. For Normal cases, 1996 were correctly recognized, with 227 mislabeled as COVID-19 and 90 as Pneumonia. In the case of Pneumonia, 2080 were classified correctly, while 211 were misclassified as Normal and 22 as COVID-19.
Compared with DenseNet201, ResNet152 showed higher misclassification rates, particularly for COVID-19, where the number of false negatives was substantially greater. This decline in accuracy highlights its weaker generalization when applied to unseen datasets. Misclassifications between Normal and Pneumonia also remained, though the errors were more evenly distributed than those of DenseNet201. Overall, the results confirm that while ResNet152 delivers reasonable performance, DenseNet201 continues to be the more reliable architecture for robust pneumonia detection across diverse datasets.


4.2.8 [bookmark: _Toc208365389]Summary table
[image: ]
[bookmark: _Toc208364387]Table 3 Summary table
The summary table presents a comparison of DenseNet201 and ResNet152 performance on both the main and external datasets. DenseNet201 consistently outperformed ResNet152, recording its highest accuracy of 93.23% on the main dataset and maintaining a solid 88.26% accuracy on the external dataset. By contrast, ResNet152 achieved lower accuracies of 86.37% and 84.58%, reflecting weaker generalization on unseen data. A similar pattern was observed in error rates, with DenseNet201 producing fewer misclassifications overall. In addition, DenseNet201 obtained higher AUC values (0.9916 on the main dataset and 0.9742 on the external dataset), underscoring its stronger ability to separate classes. Collectively, these findings demonstrate that DenseNet201 is more effective at handling dataset variability and generalizes better than ResNet152.
4.3 [bookmark: _Toc208365390]DISCUSSION
The experimental findings in this chapter outline the strengths and limitations of applying transfer learning with ResNet152 and DenseNet201 for pneumonia detection in chest X-ray images. Both models produced strong results, but clear differences emerged in their ability to generalize. DenseNet201 consistently surpassed ResNet152 in accuracy, AUC, and error rate across both the main dataset and the external test dataset. This advantage can be attributed to DenseNet201’s dense connectivity, which encourages efficient feature reuse and better preservation of fine-grained spatial details that are vital for identifying pneumonia-related abnormalities. In contrast, ResNet152, although effective at learning hierarchical semantic features, showed greater sensitivity to domain shifts, leading to reduced performance on external data.
The use of an external dataset (Amanullah et al.) played a crucial role in evaluating model generalization. While both models performed well on the merged primary dataset, their accuracy and recall declined when tested on external data, reflecting the real-world challenge of medical imaging where variations in patient demographics, imaging equipment, and labeling practices can significantly affect outcomes. Despite this, DenseNet201 maintained relatively high accuracy (88.26%) and AUC (0.9742) on the external dataset, underscoring its robustness in cross-dataset testing. These results reinforce the importance of validating models beyond a single dataset to ensure clinical relevance.
Another key observation was the impact of training strategies, including fine-tuning, unfreezing deeper layers, and adjusting learning rates. Initially, both models produced moderate results, but performance improved notably with fine-tuning, particularly for DenseNet201. This highlights that transfer learning is most effective when pre-trained backbones are carefully adapted to the target domain rather than used solely as fixed feature extractors. Data augmentation also contributed by balancing class distributions, improving detection of minority classes such as COVID-19, where limited samples could otherwise lead to elevated false negative rates.
From a clinical standpoint, the findings confirm that deep learning models can successfully detect pneumonia-related opacities, with DenseNet201 achieving more than 93% accuracy on the main dataset and strong performance on external data. Nevertheless, confusion matrices revealed frequent misclassifications between Normal and Pneumonia cases, reflecting the common clinical difficulty of distinguishing early pneumonia signs from healthy lung structures. Although high AUC values across experiments demonstrate strong discriminative ability, further refinement is necessary to minimize false positives and false negatives, particularly in borderline cases.
In conclusion, while both ResNet152 and DenseNet201 are suitable for pneumonia detection, DenseNet201 proved superior in terms of generalization and reliability across datasets. At the same time, the experiments highlight the ongoing need for validation with diverse datasets and suggest that ensemble methods or multi-backbone fusion could further enhance robustness.
4.4 [bookmark: _Toc208365391]CHAPTER SUMMARY
This chapter outlined the experimental design, implementation, and results of the pneumonia detection models developed using ResNet152 and DenseNet201. The models were trained and validated on a combined chest X-ray dataset and subsequently tested on an external dataset to evaluate their ability to generalize. Performance was assessed using a range of metrics, including accuracy, precision, recall, F1-score, error rate, loss, and AUC, ensuring a thorough evaluation. The findings revealed that DenseNet201 consistently outperformed ResNet152, achieving higher accuracy and AUC values across both datasets and demonstrating greater robustness in managing dataset variability. Transfer learning, careful fine-tuning of layers, and balanced preprocessing strategies were key factors in boosting performance. Moreover, confusion matrices and ROC curves illustrated the models’ capacity to differentiate between Normal, Pneumonia, and COVID-19 classes, with DenseNet201 displaying particularly strong discriminative ability. Overall, the results validated the effectiveness of the proposed deep learning framework in enhancing generalization across diverse datasets. Chapter 5 will provide a summary of the study, discuss its limitations, and suggest directions for future research.


[bookmark: _Toc208365392]CHAPTER 5- CONCLUSION, LIMITATION, AND RECOMMENDATIONS

This chapter provides a brief summary of the study’s conclusions, outlines its limitations, and highlights potential directions for future research.
[bookmark: _Toc208365393]5.1 SUMMARY
This study aimed to enhance the generalization capability of deep learning models for detecting pneumonia and related conditions from chest X-ray images. Generalization remains a major challenge in medical imaging, as models often achieve high accuracy on training datasets but struggle with unseen clinical data due to differences in image quality, acquisition devices, and patient demographics.
The first research objective was to conduct a systematic review of existing deep learning and transfer learning approaches applied to chest X-ray classification. The review showed that although CNN-based models such as ResNet and DenseNet deliver strong performance, they frequently encounter issues of overfitting and limited cross-dataset generalization. These insights emphasized the importance of robust preprocessing, balanced datasets, and carefully applied transfer learning strategies.
The second objective was to design and implement a transfer learning framework using DenseNet201 and ResNet152 architectures. Multiple publicly available datasets were merged, pre-processed, and balanced to reduce bias. Data augmentation techniques were employed to increase resilience to variations in image orientation, scale, and contrast. Both models were fine-tuned to adapt pretrained ImageNet features for medical imaging applications.
The third objective focused on evaluating the models using an independent test set to assess generalization. DenseNet201 achieved a test accuracy of 92%, demonstrating strong robustness and adaptability, while ResNet152 achieved 83%, showing reasonable classification performance but weaker generalization compared to DenseNet201. These results confirm that DenseNet201 offers greater reliability for clinical deployment, where strong generalization across diverse datasets is essential.
[bookmark: _Toc208365394]5.2 CONCLUSION
This research set out to tackle a key challenge in medical imaging: enhancing the generalization capability of deep learning models for pneumonia detection from chest X-ray images. Although many existing models achieve high accuracy on benchmark datasets, they often fail to maintain comparable performance on unseen data due to dataset bias, class imbalance, and variations in imaging conditions. To address this issue, a robust framework was developed using transfer learning and fine-tuning with two advanced CNN architectures, DenseNet201 and ResNet152.
The methodology involved comprehensive dataset preparation, including the integration of multiple publicly available repositories, balancing of classes (COVID-19, Pneumonia, and Normal), and the application of diverse augmentation techniques. These steps enabled the models to learn features that extend beyond dataset-specific patterns. By fine-tuning pretrained backbones, ImageNet-derived knowledge was effectively adapted to the medical domain, allowing the models to capture subtle differences in lung texture, opacity, and other pathological cues linked to pneumonia and related respiratory diseases.
The experimental findings confirmed the effectiveness of this approach. DenseNet201 achieved a test accuracy of 92%, outperforming ResNet152, which reached 83%. DenseNet201’s advantage stems from its densely connected architecture, which promotes efficient feature reuse and stronger gradient flow, leading to improved generalization. In contrast, ResNet152, despite its depth, struggled to adapt fully to the medical imaging domain, showing that deeper networks do not automatically guarantee better generalization without proper optimization.
Beyond overall accuracy, classification reports and confusion matrices revealed that DenseNet201 maintained high recall for pneumonia cases—an essential factor in clinical settings where false negatives could have serious consequences. This highlights the model’s potential not only as a research contribution but also as a practical clinical decision-support tool to assist radiologists in early and accurate disease detection.
In conclusion, this study demonstrates that transfer learning combined with careful fine-tuning, data balancing, and augmentation is an effective strategy to improve generalization in chest X-ray classification. While DenseNet201 proved to be the more effective model, the comparison with ResNet152 underscored the importance of both architectural design and optimization choices. Overall, the work contributes to the growing field of AI-assisted medical diagnosis and provides a practical framework that can be extended to other medical imaging applications.
[bookmark: _Toc208365395]5.3 LIMITATIONS 
While this study achieved encouraging results in enhancing model generalization for pneumonia detection, several limitations should be noted. First, the datasets were sourced from publicly available repositories, which, although extensive, may not fully reflect the diversity of real-world clinical data across different hospitals, patient groups, and imaging equipment. This may affect the models’ ability to generalize to entirely new clinical environments. Second, the study relied on supervised learning, which requires large volumes of labeled images—a process that is resource-intensive and time-consuming in medical practice. Finally, the research was limited to chest X-rays as the sole imaging modality, whereas actual clinical diagnosis often combines additional information such as CT scans, patient history, and laboratory findings.
[bookmark: _Toc208365396]5.4 RECOMMENDATIONS
To overcome these limitations, future work should focus on expanding dataset diversity by incorporating data from multiple healthcare institutions worldwide, covering a broad range of age groups, imaging devices, and geographic regions. Semi-supervised and self-supervised learning approaches could be explored to lessen reliance on large labelled datasets, while federated learning offers the potential to train on distributed hospital data without compromising patient confidentiality. In addition, optimization techniques such as pruning and quantization are suggested to improve the efficiency of DenseNet201 and ResNet152, enabling their deployment in resource-constrained clinical environments.
[bookmark: _Toc208365397]5.5 FUTURE RESEARCH DIRECTIONS
Looking forward, future research should aim to develop multi-modal diagnostic frameworks that integrate chest X-ray images with complementary clinical data, better reflecting the decision-making process used by healthcare professionals. Increasing attention should also be given to explainable AI methods, such as Grad-CAM and attention maps, to enhance transparency and build clinician trust in model predictions. Furthermore, rigorous cross-dataset testing and real-world validation with independent hospital data will be essential to verify generalization before clinical adoption. Pursuing these directions will help ensure that deep learning models progress beyond academic evaluation and provide tangible value in real-world medical imaging applications.






















[bookmark: _Toc208365398]CHAPTER 6 - REFLECTIONS

Completing this project was both demanding and fulfilling, requiring persistence, adaptability, and careful planning. Enhancing model generalization for pneumonia detection using deep learning and transfer learning involved not only technical expertise but also strong project management. I learned to establish realistic goals, break complex tasks into manageable steps, and allow extra time for unforeseen challenges. Instances of failure and underperforming models reinforced the importance of perseverance, iterative improvement, and systematic problem-solving.
Institutional resources, such as online academic databases, played a key role in conducting the literature review, while my supervisor’s guidance was instrumental in refining the research methodology and maintaining academic rigor. Interactions with peers created a collaborative environment for sharing ideas and feedback. I also relied on digital tools like Grammarly and Google Colab[85], and I learned to engage with generative AI responsibly, ensuring that I maintained ownership of the research process and its findings.
On the technical side, this project significantly advanced my understanding of deep learning in medical imaging. I developed hands-on skills in dataset preparation, including balancing, augmentation, and splitting. I became proficient in applying transfer learning with architectures such as DenseNet201 and ResNet152, as well as managing GPU-enabled training environments in Google Colab. I gained practical experience in handling long training sessions, monitoring overfitting, fine-tuning pretrained networks, and evaluating results with metrics such as accuracy, recall, and F1-score. These technical and analytical skills will serve as a solid foundation for future academic research and professional opportunities in AI for healthcare.
In conclusion, this project has been a pivotal part of my academic journey, strengthening both my technical expertise and personal skills. It underscored the importance of persistence, critical thinking, and collaboration in research. Most importantly, it has given me the confidence to design, implement, and evaluate deep learning solutions for real-world problems, preparing me for a future career at the intersection of artificial intelligence and healthcare.
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[bookmark: _Toc208365400]PROJECT MANAGEMENT

Effective project management was essential for completing this research on improving model generalization for pneumonia detection using chest X-ray images within the required timeframe. At the beginning, a planned Gantt chart (Figure 17) was created to outline the project roadmap. It included major milestones such as the literature review, proposal submission, dataset preparation, model training, results evaluation, and dissertation writing. However, as the project progressed, deviations from this initial schedule became necessary. Challenges such as computational limitations, GPU interruptions in Google Colab, and the need for further testing on external datasets led to adjustments in the original plan.
To account for these changes, an updated Gantt chart (Figure 18) was prepared, reflecting the actual timeline. This revised version incorporated supervisor-related milestones—such as research presentations, draft submissions for Chapters 1–4, and report preparation—into the workflow. Unlike the linear approach in the original plan, the actual implementation was more iterative, particularly during training and evaluation. Tasks such as parameter fine-tuning, layer unfreezing, and cross-dataset testing were repeatedly performed to strengthen model generalization.
Although the project timeline was adjusted, the overall objectives remained unchanged. Additional experiments, including testing with smaller external datasets, were introduced to further validate generalization, while extended training with modified learning rates was carried out to boost accuracy. These modifications were justified as they supported the central goal of enhancing generalization in pneumonia detection through deep learning. By proactively managing risks and adapting plans with supervisor guidance, the project was successfully completed within the revised schedule.
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[bookmark: _Toc208364383]Figure 17 Original Gantt chart
A comparison between the original and actual Gantt charts reveals several important differences in how the project was carried out. The literature review and background study, which were initially scheduled to finish earlier, extended longer than planned because new, relevant studies on deep learning generalization and medical imaging were identified. These additional sources were essential for strengthening the theoretical framework and refining the research gap. As a result, the research problem and objectives required slight adjustments during the early stages, though these revisions were made with supervisor guidance to keep the project aligned with its overall aim.
Another key difference was the overlap between dataset preparation and model training. While the initial plan assumed preprocessing would be completed before training began, in practice, preprocessing, balancing, and augmentation had to be refined iteratively while training ResNet152 and DenseNet201. This overlap was necessary since model performance depended heavily on the quality and balance of the datasets, and adjustments during preprocessing directly influenced training outcomes.
The evaluation and analysis phase also lasted longer than anticipated. This was primarily due to the inclusion of external datasets for testing, which was not a major focus in the original plan but proved vital for assessing generalization. Additional analyses, including ROC curves, confusion matrices, and error rate evaluations, further enriched the study but required extra time. Despite these deviations, the overall project stayed on track, and the adjustments ultimately strengthened the results, supporting the core objective of enhancing model generalization in pneumonia detection.
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[bookmark: _Toc208364384]Figure 18 Actual Gantt chart

The actual Gantt chart showed significant deviations from the original schedule, particularly in the experimentation and results analysis stage, which extended beyond the planned timeline. This was largely due to the difficulty of achieving stable generalization across multiple datasets. Training and evaluation required several iterations, especially when tuning hyperparameters such as learning rate, frozen and unfrozen layers, and the number of epochs. Testing on an external dataset added further complexity, as preprocessing and balancing needed refinement to enable fair comparisons. These additional experiments delayed the completion of the results analysis until late July. Similarly, the drafting of early chapters (1, 2, and 3) became more iterative than initially planned, as revisions were made in response to supervisor feedback. Although this pushed the timeline back, ongoing supervision ensured that each chapter met the expected academic standard.
Dataset preparation and model optimization also played a major role in shifting the schedule. While the initial plan assumed straightforward preprocessing, issues such as noise and imbalance in the datasets required additional manual verification and augmentation strategies, causing delays in training. Computational challenges further arose during fine-tuning of ResNet152 and DenseNet201, as the large architectures demanded considerable GPU resources and careful scheduling on Colab Pro. These issues were managed through risk mitigation strategies, including building buffer times, conducting extra data cleaning, and maintaining regular discussions with the supervisor. Despite the delays, these adjustments kept the project aligned with its primary aim of improving generalization in pneumonia detection and ensured that the final results were both reliable and well-validated.
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