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ABSTRACT: Pneumonia remains a major global health concern, necessitating accurate and efficient diagnostic
methods to improve patient outcomes. Traditional diagnostic techniques, such as radiologist interpretation of chest X-
rays, are prone to subjectivity and variability. Recent advancements in Deep Learning have paved the way for
automated and highly accurate pneumonia detection from medical images. This study introduces a novel hybrid DL
model that combines the strengths of VGG19 and EfficientNetB3 with an attention mechanism to enhance feature
extraction and classification performance. The proposed model is evaluated on benchmark chest X-ray datasets,
demonstrating superior accuracy, sensitivity, specificity, and robustness in comparison to traditional DL architectures.
The incorporation of feature fusion and attention mechanisms enables the model to focus on critical pneumonia-
affected regions, leading to improved diagnostic reliability. Extensive experimental results and comparative analysis
highlight the effectiveness of the proposed model in real-world clinical applications. The model's performance metrics
are presented in detailed comparison tables to validate its superiority. Additionally, a flowchart illustrating the proposed
model's workflow is included to provide a clear understanding of the process.
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L. INTRODUCTION

Pneumonia is a severe lung infection caused by bacteria, viruses, or fungi, leading to inflammation of the alveoli and
fluid accumulation. It poses significant global health risks, particularly for young children, the elderly, and
immunocompromised individuals. Pneumonia accounts for approximately 14% of all deaths in children under five,
with the highest incidence in regions such as Southern Asia and sub-Saharan Africa. Despite advances in medical
diagnostics, pneumonia remains a major public health challenge due to delayed diagnosis and treatment, particularly in
resource-limited settings. Chest X-ray imaging is the primary diagnostic tool for pneumonia, providing valuable visual
evidence of lung infections. However, manual interpretation of X-rays requires expertise and is subject to observer
variability, leading to potential misdiagnoses. To address these challenges, Artificial Intelligence (Al) and DL models
have emerged as powerful tools for automated and accurate pneumonia detection. These Al-driven approaches can
process large datasets, recognize patterns in medical images, and provide rapid and reliable diagnoses, reducing the
workload for radiologists and improving patient outcomes [1].

Medical imaging plays a crucial role in the early detection and classification of pneumonia. With the increasing
availability of chest X-ray images, automated analysis using DL has become an essential tool for healthcare
professionals. Traditional machine learning approaches often require extensive feature engineering, whereas DL
models can automatically extract complex patterns from images. However, standalone CNN architectures may not
capture all relevant features effectively. This study introduces a hybrid DL model that leverages the strengths of
multiple CNN architectures to enhance classification accuracy and robustness [2]. By leveraging pre-trained
architectures such as ResNet50, Xception, and Siamese networks, researchers have enhanced the performance of
pneumonia detection systems. The goal of this study is to explore and compare these models to identify the most
efficient approach for pneumonia classification using chest X-rays[3].
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II. RELATED WORK

Numerous studies have explored CNN-based models for medical image classification. For instance, VGG19 and
EfficientNetB3 have demonstrated high performance in pneumonia diagnosis. Similarly, ensemble models
combining ResNet and InceptionV3 have shown promising results in X-ray image classification. However, these
models often struggle with overfitting, computational complexity, or suboptimal feature extraction. Recent
advancements, including attention mechanisms and hybrid models, have paved the way for improved performance.
This research builds on these findings by integrating optimized CNN architectures and novel preprocessing
techniques to enhance classification outcomes.

DL has significantly transformed pneumonia diagnosis by leveraging large datasets and powerful
computational models. Several researchers have investigated DLtechniques for pneumonia detection,
demonstrating promising results in various studies. Wang et al. [4] introduced the ChestX-rayl4 dataset,
comprising over 100,000 chest radiographs, and developed a deep CNN that successfully classified multiple lung
diseases, including pneumonia. Their study highlighted the effectiveness of DL in medical imaging applications.
Rajpurkar et al. [5] expanded on this work by developing CheXNet, a 121-layer CNN model trained to detect
pneumonia from chest X-rays. Their results indicated that CheXNet outperformed radiologists in pneumonia
diagnosis, demonstrating the potential of Al in automated medical diagnostics. In another study, Stephen et al. [6]
proposed a hybrid DL model incorporating CNNs and transfer learning to enhance pneumonia detection accuracy.
They experimented with ResNet50 and VGG16 models, showing that transfer learning significantly improved
classification performance. Similarly, Baltruschat et al. [7] introduced an attention-based DL framework that
focused on specific lung regions in chest X-rays, improving the interpretability and accuracy of pneumonia
detection.

Jaiswal et al. [8] examined the role of Siamese networks in pneumonia detection, particularly for cases with
limited labelled data. Their study demonstrated that Siamese networks could effectively identify pneumonia by
comparing image similarities, making them valuable for scenarios with insufficient training samples. In another
approach, Tang et al. [9] implemented an ensemble model combining CNN, ResNet, and Xception networks to
optimize pneumonia classification. Their findings indicated that ensemble models provided a robust and accurate
pneumonia detection framework. Moreover, a study by Oh et al. [10] applied DL techniques to paediatric
pneumonia detection, addressing the challenges of distinguishing bacterial and viral pneumonia cases. Their results
showed that DL models could accurately classify paediatric pneumonia, assisting in precise treatment planning.
Similarly, Islam et al. [11] introduced a custom CNN architecture trained on augmented chest X-ray datasets,
improving generalization and classification performance.

While DL has demonstrated remarkable success in pneumonia detection, several challenges remain [14-15].
Studies by Li et al. [12] and Zhou et al. [13] have emphasized issues such as dataset bias, model interpretability,
and the need for clinical validation. To enhance real-world applicability, future research should focus on
integrating Al-driven pneumonia detection models into hospital workflows, ensuring that these models are
transparent, reliable, and clinically useful.

A. Challenges and Future Directions

Despite the success of DL models, challenges remain in deploying Al-based solutions for pneumonia
detection. Data quality, model generalizability, and interpretability are major concerns. Future research should
focus on:

» Improving dataset diversity to enhance model robustness across different populations.
» Implementing explainable Al techniques to improve transparency in model decision-making.
* Integrating Al-based diagnostic systems into clinical workflows for real-time applications.

The findings from these studies underscore the potential of DL in revolutionizing pneumonia diagnosis. This

study builds upon previous research by evaluating multiple DL models and identifying the most effective approach
for automated pneumonia detection.
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The critical problem lies in the delayed diagnosis of pneumonia using traditional methods, which significantly
increases the risk of severe complications. While Al-based solutions exist, they often suffer from limitations in
feature extraction and classification accuracy, hindering precise and efficient pneumonia detection. To address this
gap by developing and evaluating improved DL models for early pneumonia detection, implementing advanced
image preprocessing techniques to enhance accuracy, and ultimately achieving reliable classification of chest X -ray
images as either pneumonia-positive or normal.

III. METHODOLOGY

The proposed model integrates VGG19 and EfficientNetB3 with an attention mechanism to improve feature
extraction. A schematic diagram of the model is provided (see Figure 1). The input images are first preprocessed
using contrast enhancement and noise reduction techniques. Features are extracted using both VGGI19 and
EfficientNetB3, followed by a feature fusion mechanism to combine the most relevant information. Finally, a fully
connected layer with softmax activation is used for classification.
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Figure 1: Proposed model Architecture

The proposed model integrates VGG19 and EfficientNetB3 with an attention mechanism to improve feature
extraction. The workflow consists of several key stages, as illustrated below:

B. Preprocessing

Before feeding chest X-ray images into the model, preprocessing techniques such as contrast enhancement, noise
reduction, and image normalization are applied to improve image quality. These steps help eliminate irrelevant
artifacts and enhance the visibility of pneumonia-affected regions.

C. Feature Extraction

VGG19 and EfficientNetB3 are used as feature extractors due to their ability to capture fine-grained details in
medical images. VGG19, known for its deep architecture with small convolutional filters, extracts essential spatial
features, while EfficientNetB3, with its compound scaling approach, improves accuracy with fewer parameters.
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D. Feature Fusion and Attention Mechanism

To further refine the extracted features, a feature fusion mechanism is employed, combining high-level
representations from both CNNs. An attention mechanism is integrated to focus on the most informative regions of
the chest X-ray images, reducing the risk of misclassification and enhancing the model's interpretability.

E. Classification Layer

The final feature map is passed through a fully connected layer with softmax activation to classify images into
pneumonia and non-pneumonia cases. The model is trained using cross-entropy loss and optimized with Adam
optimizer for faster convergence.

IV. EXPERIMENTAL RESULTS
To evaluate the effectiveness of the proposed model, we calculate standard performance metrics, including
accuracy, precision, recall, Fl-score, specificity, and balanced accuracy. The dataset is divided into training,

validation, and testing sets, ensuring a fair comparison with existing methods.

TABLE1: COMPARISON OF EXISTING AND PROPOSED MODEL

Model Accuracy (%) | Precision (%) | Recall (%) Fl-score (%) (Soge)“ﬁc‘ty
(1]
VGGI9 92.5 91.8 92.1 92.0 93.2
EfficientNetB3 | 94.1 93.6 94.0 93.8 95.0
Hybrid Model | 96.8 96.2 96.5 96.4 97.1

The performance results are summarized in the comparison table 1 and 2 and also graphs are shown in figure 2 and 3.

TABLE2: COMPARISON OF DIFFERENT DATASET FOR EXISTING AND PROPOSED MODEL

Existing Model Accurac Proposed Model
Dataset (%) j ' Acc?lracy (%)
Chest X-Ray Dataset 92.3 96.8
NIH Pneumonia Dataset 89.5 94.2
RSNA Pneumonia Dataset 95.0 98.1
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Figure.2. Existing and proposed model with
different dataset

Fig.3. Comparison chart of existing and proposed model

A detailed performance comparison that demonstrates the superiority of the proposed model over existing methods.
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V.CONCLUSION

This study presents a hybrid DL model for pneumonia diagnosis from chest X-rays. Integration of VGG19 and
EfficientNetB3, coupled with feature fusion and attention mechanisms, significantly enhances -classification
performance. Experimental results demonstrate that the proposed model outperforms existing architectures, achieving
higher accuracy, precision, recall, and specificity.

The major contributions of work include:

e The development of a hybrid DL model that integrates the strengths of VGG19 and EfficientNetB3 for
pneumonia classification.

e The incorporation of a feature fusion mechanism that improves the representation of pneumonia-affected regions.

e The use of an attention mechanism to enhance classification accuracy by focusing on the most informative image
regions.

The findings of this study indicate that hybrid DL approaches can significantly improve the diagnostic accuracy of
pneumonia using chest X-rays. Future research can explore lightweight model variants for deployment in real-time
clinical settings, as well as the integration of additional medical imaging modalities to enhance diagnostic robustness.
Additionally, further optimizations in preprocessing techniques and attention mechanisms can further boost model
performance, ensuring reliable and automated pneumonia detection in medical practice.
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