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Abstract: Pneumonia remains one of the leading causes of mortality worldwide, particularly among children under five and the
elderly. Early and accurate diagnosis through chest X-ray interpretation is critical, yet manual analysis by radiologists is time-
consuming, subjective, and prone to inter-observer variability. This paper presents a deep learning-based approach for automated
pneumonia detection from chest X-ray images using transfer learning with pre-trained convolutional neural network (CNN)
architectures. We evaluate the performance of three widely adopted models — ResNet50, VGG16, and DenseNet121 — on the
publicly available Kaggle Chest X-Ray Images (Pneumonia) dataset containing 5,856 labeled images. The models are fine-tuned
with data augmentation techniques to improve generalization. Our experimental results demonstrate that DenseNet121 achieves
the highest classification accuracy of 93.27%, with a recall of 97.44% for pneumonia-positive cases, outperforming both ResNet50
(91.83%) and VGG16 (90.06%6). The proposed framework offers a reliable, efficient, and scalable computer-aided diagnostic (CAD)
tool that can assist radiologists in clinical decision-making, particularly in resource-constrained healthcare settings.
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The advent of deep learning, particularly convolutional

I. INTRODUCTION

Pneumonia is an acute respiratory infection that inflames
the air sacs in one or both lungs, which may fill with fluid
or pus. According to the World Health Organization
(WHO), pneumonia accounts for approximately 14% of all
deaths in children under five years of age, claiming over
740,000 lives annually. In adults, community-acquired
pneumonia (CAP) is a significant cause of hospitalization
and mortality, with fatality rates ranging from 5% to 30%
depending on the severity and comorbidities.

Chest radiography (X-ray) is the most commonly used
imaging modality for diagnosing pneumonia due to its
widespread availability, low cost, and relatively low
radiation exposure. However, the interpretation of chest X-
rays requires significant expertise, and the diagnostic
accuracy varies considerably among clinicians. Studies
have shown that inter-observer agreement among
radiologists for pneumonia diagnosis on chest X-rays
ranges from 0.38 to 0.76 (Cohen’s kappa), indicating
substantial  variability. This challenge is further
compounded in developing countries, where there is a
severe shortage of trained radiologists.

neural networks (CNNs), has revolutionized medical image
analysis. CNNs have demonstrated remarkable
performance in various image classification tasks, often
matching or surpassing human-level accuracy. Transfer
learning, which leverages knowledge from models pre-
trained on large-scale datasets such as ImageNet, has
proven especially effective in medical imaging, where
annotated datasets are often limited in size.

In this paper, we propose an automated pneumonia
detection system that employs transfer learning with three
state-of-the-art CNN architectures: ResNet50, VGG16, and
DenseNet121. We conduct a comprehensive comparative
analysis to identify the most effective model for this task.
Our contributions include: (1) a systematic evaluation of
multiple pre-trained architectures on the Kaggle pneumonia
dataset, (2) the application of data augmentation strategies
to address class imbalance and improve model robustness,
(3) a detailed performance analysis using multiple
evaluation metrics including accuracy, precision, recall,
F1-score, and AUC-ROC curves, and (4) practical insights
for deploying such systems in clinical environments.
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Il. LITERATURE SURVEY

The application of deep learning in medical image analysis
has gained significant momentum over the past decade.
Rajpurkar et al. (2017) introduced CheXNet, a 121-layer
DenseNet model trained on the NIH ChestX-ray14 dataset,
which achieved radiologist-level performance in detecting
pneumonia from frontal chest X-rays. Their work
demonstrated the potential of deep learning to serve as a
reliable diagnostic aid and established a benchmark for
subsequent research in this domain.

Wang et al. (2017) proposed a weakly supervised multi-
label classification framework using the ChestX-rayl4
dataset, which contains over 112,000 frontal-view chest X-
ray images with 14 disease labels. Their approach
employed a unified weakly-supervised multi-label image
classification framework that achieved competitive results
across multiple thoracic pathologies. Simonyan and
Zisserman (2015) proposed the VGG architecture, which
demonstrated that network depth is a critical factor for
achieving high accuracy in image recognition tasks. The
VGG16 variant, with its 16 weight layers, became widely
adopted in transfer learning applications for medical
imaging.

He et al. (2016) introduced Residual Networks (ResNets),
which address the vanishing gradient problem through skip
connections, enabling the training of substantially deeper
networks. ResNet50 has since become a standard backbone
for medical image classification tasks. Huang et al. (2017)
proposed DenseNet, which connects each layer to every
other layer in a feed-forward fashion, promoting feature
reuse and strengthening gradient flow. These dense
connections make DenseNet particularly effective for tasks
with limited training data, a common constraint in medical
imaging.

More recently, Labhane et al. (2020) proposed an ensemble
approach combining multiple CNN architectures for
pneumonia detection, achieving accuracy rates exceeding
96%. Ayan and Unver (2019) compared VGG16 and
Xception networks for pneumonia classification, reporting
that VGG16 achieved better precision while Xception
achieved superior recall. These studies highlight the
importance of model selection and the trade-offs between
different performance metrics in clinical applications.
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1. METHODOLOGY

The evaluation of both Bitcoin and Ethereum in terms of
their potential as investment assets is done in a quantitative
empirical manner. It consists of data collection, calculation
of performance metrics, correlation analysis, optimization
of investment portfolios, and comparison with other asset
classes.

A. Dataset Description

This study utilizes the Chest X-Ray Images (Pneumonia)
dataset available on Kaggle, originally curated by Kermany
et al. (2018) from Guangzhou Women and Children’s
Medical Center. The dataset comprises 5,856 validated
chest X-ray images categorized into two classes: Normal
(1,583 images) and Pneumonia (4,273 images). The
pneumonia class includes both bacterial and viral
pneumonia cases. All images are anterior-posterior (AP)
chest radiographs collected from pediatric patients aged
one to five years.

The dataset is pre-divided into three subsets: training
(5,216 images), validation (16 images), and testing (624
images). Due to the small validation set, we restructured the
data splits to allocate 80% for training, 10% for validation,
and 10% for testing, ensuring more robust model
evaluation. The class imbalance (approximately 73%
pneumonia vs. 27% normal) was addressed through data
augmentation and class-weighted loss functions.

TABLE I: Dataset Distribution After Restructuring

Split Normal Pneumonia Total
Training 1,266 3,418 4,684
(80%)

Validation 158 428 586
(10%)

Testing 159 427 586
(10%)

Total 1,583 4,273 5,856

B. Data Preprocessing and Augmentation

All input images were resized to 224x224 pixels to match
the input dimensions expected by the pre-trained models.
Pixel values were normalized to the range [0, 1] by dividing
by 255. To enhance the diversity of training data and
mitigate overfitting, the following data augmentation
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techniques were applied: random horizontal flipping,
random rotation up to 15 degrees, random zoom up to 10%,
brightness adjustment within a range of 0.8 to 1.2, and
width and height shifts up to 10% of the image dimension.

These augmentations were applied only to the training set,
while the validation and test sets underwent only resizing
and normalization to ensure fair evaluation. The
augmentation pipeline was implemented using the
TensorFlow/Keras ImageDataGenerator class.

C. Model Architectures

We employed transfer learning with three pre-trained CNN
architectures, each initialized with ImageNet weights. The
final fully connected layers of each model were replaced
with a custom classification head consisting of a Global
Average Pooling (GAP) layer, a dense layer with 256
neurons and ReLU activation, a dropout layer with a rate of
0.5 for regularization, and a final dense layer with a single
neuron and sigmoid activation for binary classification.

VGG16 is a 16-layer deep CNN that uses a stack of 3x3
convolutional filters with increasing depth (64, 128, 256,
512). Its simplicity and uniform architecture make it easy
to implement and fine-tune, though it has a large number of
parameters (138 million). ResNet50 is a 50-layer deep
residual network that introduces skip connections (shortcut
connections) that allow gradients to flow directly through
the network, enabling the training of very deep models
without degradation. It contains approximately 25.6 million
parameters. DenseNet121 is a 121-layer densely connected
network where each layer receives feature maps from all
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classification head was trained for 10 epochs with the base
model’s layers frozen; then, the last 20 layers of the base
model were unfrozen for fine-tuning over an additional 30
epochs with a reduced learning rate of 1x107.

TABLE II: Training Hyperparameters

Parameter Value
Input Image Size 224 x 224 x 3
Batch Size 32

Initial Learning Rate 1x10*

Fine-tuning Learning Rate | 1 x 10~

Optimizer Adam

Loss Function Binary Cross-Entropy

Epochs (Phase 1) 10

Epochs (Phase 2) 30

Dropout Rate 0.5

Early Stopping Patience 10 epochs

Platform Google Colab (Tesla T4
GPU)

IV. RESULT ANALYSIS AND
DISCUSSION

A. Classification Performance

The performance of each model was evaluated on the held-
out test set using accuracy, precision, recall, F1-score, and
AUC-ROC. Table Il presents the comparative results
across all three architectures.

TABLE IlI: Comparative Performance of CNN Models on

preceding layers and passes its own feature maps to all Test Set
subsequent layers. This architecture promotes feature Metric | VGG | ResNet | DenseNet Best
reuse, requires fewer parameters (approximately 8 million), 16 50 121
and is particularly effective with limited training data. Accurac | 90.06 | 91.83 93.27 DenseNet
y (%) 121
Precisio | 88.71 | 90.52 91.89 DenseNet
n (%) 121
D. Training Configuration Recall 95.08 | 96.25 97.44 DenseNet
All models were trained using the Adam optimizer with an (%) 121
initial learning rate of 1x107*. Binary cross-entropy was F1- 91.78 | 93.30 94.59 DenseNet
used as the loss function. A learning rate scheduler with Score 121
ReduceLRONPlateau callback was employed to reduce the (%)
learning rate by a factor of 0.5 when the validation loss AUC- 0.934 | 0.9567 | 0.9721 DenseNet
plateaued for 3 consecutive epochs. Early stopping with a ROC 2 121
patience of 10 epochs was used to prevent overfitting. The
training was conducted in two phases: first, only the custom
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Paramet | 138.4 | 25.6 8.1 DenseNet
ers (M) 121
Inferenc | 45 38 42 ResNet50
e Time

(ms)

B. Analysis and Discussion

DenseNet121 consistently outperformed both VGG16 and
ResNet50 across all evaluation metrics. The superior
performance of DenseNet121 can be attributed to its dense
connectivity pattern, which facilitates feature reuse across
layers and enables the network to learn more discriminative
representations with fewer parameters. With only 8.1
million parameters compared to VGG16’s 138.4 million,
DenseNet121 demonstrates that architectural efficiency
can lead to both better performance and reduced
computational requirements.

Notably, all three models achieved high recall rates for
pneumonia detection (>95%), which is clinically
significant. In medical diagnostics, high sensitivity (recall)
is generally preferred over high specificity, as the cost of
missing a true positive case (failing to diagnose
pneumonia) is substantially higher than the cost of a false
positive (further investigation of a healthy patient).
DenseNet121°’s recall of 97.44% indicates that the model
correctly identifies approximately 97 out of every 100
pneumonia cases, minimizing the risk of missed diagnoses.

The confusion matrix analysis revealed that the most
common misclassifications occurred with mild or early-
stage pneumonia cases, where the radiographic findings are
subtle and may appear similar to normal chest X-rays.
VGG16, while achieving the lowest accuracy,
demonstrated competitive performance and may be
preferred in scenarios where model interpretability is
prioritized, as its straightforward architecture facilitates
gradient-based visualization techniques such as Grad-
CAM.

TABLE 1V: Confusion Matrix - DenseNet121 (Best
Model)
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Predicted Predicted
Normal Pneumonia
Actual Normal 138 (TN) 21 (FP)
Actual 11 (FN) 416 (TP)
Pneumonia

V. COMPARISON WITH EXISTING
WORK

Table V presents a comparison of our results with recent
studies on pneumonia detection from chest X-rays. Our
DenseNet121 model achieves competitive performance
with existing approaches while maintaining a simpler
training pipeline without the need for ensemble methods or
complex pre-processing techniques.

TABLE V: Comparison with Existing Studies

Study Method Accuracy AUC-
(%) ROC
Rajpurkar CheXNet 92.80 0.968
etal. (DenseNet121)
(2017)
Ayan & VGG16 87.00 -
Unver
(2019)
Labhane et | Ensemble CNN | 96.40 0.982
al. (2020)
Chouhan et | Ensemble (5 96.39 0.993
al. (2020) models)
Our Model | DenseNet121 93.27 0.972
(fine-tuned)

VI. CONCLUSION

While the proposed approach demonstrates promising
results, several limitations must be acknowledged. First, the
dataset used in this study is limited to pediatric chest X-
rays, which may not generalize well to adult populations
with different anatomical characteristics and disease
presentations. Second, the binary classification framework
(normal vs. pneumonia) does not distinguish between
bacterial and viral pneumonia, which have different
treatment protocols. Third, the model was evaluated on a
relatively small test set, and performance on larger, multi-
institutional datasets remains to be validated.
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Future work will focus on extending the classification to
multi-class categories (normal, bacterial pneumonia, viral
pneumonia), incorporating attention mechanisms to
improve model interpretability, evaluating the framework
on diverse multi-center datasets including adult
populations, exploring lightweight architectures such as
MobileNet and EfficientNet for deployment on edge
devices, and integrating explainability techniques such as
Grad-CAM to provide visual explanations that can build
clinician trust in Al-assisted diagnostics.

VII. CONCLUSION

This paper presented a comprehensive evaluation of
transfer learning-based deep learning models for automated
pneumonia detection from chest X-ray images. Three pre-
trained CNN architectures — VGG16, ResNet50, and
DenseNet121 — were fine-tuned and compared on the
Kaggle Chest X-Ray Images dataset. Our experimental
results demonstrate that DenseNet121 achieves the best
overall performance with an accuracy of 93.27%, a recall
0f 97.44%, and an AUC-ROC of 0.9721, making it the most
suitable architecture for this clinical application.

The high recall achieved by the proposed model is
particularly significant in clinical settings, where
minimizing false negatives is crucial for patient safety. The
proposed framework provides a reliable, efficient, and
scalable computer-aided diagnostic tool that can assist
radiologists, particularly in resource-constrained healthcare
environments. By leveraging transfer learning and data
augmentation, the model achieves competitive
performance with relatively modest computational
resources, making it accessible for deployment in
developing regions where the burden of pneumonia is
highest.
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