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Abstract

The limited availability of sufficiently labeled medical images poses a major challenge in developing
reliable deep learning systems for lung disease diagnosis. The novel idea is to train popular pretrained
convolutional neural network (CNN) models, such as VGG16, ResNet50, and DenseNet121, on
subsets of different sizes of chest X-ray datasets and develop a multiclass classification model. The
dataset includes images of five different lung diseases, i.e., lung tumor, bacterial pneumonia, viral
pneumonia, normal, and COVID, sourced from Kaggle. Rotation, flipping, and brightness adjustment
augmentation methods helped in creating a balanced dataset of 20,000 CXR images, each class having
around 4000 images. This study demonstrates that the impact of image augmentation methods
(balanced dataset), task-specific training of pre-trained models with a custom classification head, and
optimization methods helped in achieving optimized outcomes. To ensure the outcomes are reliable,
the experiments are done three times, and all models are trained on the same hyper-parameters. The
advancement in accuracy from 73.6% (500 images) to 91.41% (20,000 images) exemplifies
scalability for data-limited settings. This mathematically grounded study offers suggestions for model
preference in resource-constrained healthcare, enabling deployment in low-resource clinics.
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1. Introduction

The adverse effects of lung diseases have been a serious issue for many years. Diseases like pneumo-
nia, tuberculosis (TB), cancer, etc., can take a severe form, causing an increase in fatal cases. Re-
cently, COVID-19 was declared an epidemic that has caused worldwide casualties. A thorough de-
tection of these diseases is possible with medical imaging modalities such as CT scans, X-rays, and
ultrasound. The X-ray imaging modality is an old medical imaging (MI) technique, widely used be-
cause of its exceptionally low cost and easy availability [8]. In recent years, Artificial Neural Net-
works (ANN), specifically Deep learning (DL) models, have shown remarkable progress in the med-
ical image classification field. DL models automatically learn complex patterns from images and
provide excellent results in the detection of lung diseases on CXR [3].

Convolutional Neural Network (CNN) is a type of DL model that is considered the best for the clas-
sification of images [4]. Large-scale datasets with multiple classes serve as the training ground for
some CNN models. These pre-trained models can be trained on new datasets to find new classes,
offering the concept of transfer learning (TL). TL has been the subject of many research works in
the medical image classification domain [5]. The significant issues with training CNN models on
medical image classification are the shortage of well-labelled and unbalanced datasets specifically
for multi-class classification problems. Studies have applied CNN to CXR datasets for multiclass
classification using TL, but the major points stood the selection of an appropriate pre-trained model
on a small dataset, while considering issues of an unbalanced dataset, model parameter counts for
training time, and hardware requirements (RAM, GPU, parameters, training time, etc).
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To overcome these issues, this work develops a CNN for multi-class classification of lung diseases
utilizing the CXR dataset. The main contributions of this work are: (i) preparation of a balanced
dataset through augmentation (rotation, flipping, brightness adjustment) [16]; (i1) application of TL
with VGG16, ResNet50, and DenseNet121, each with a custom classification head; (iii) evaluation
of scalability by training on subsets of increasing sizes (500—-20,000 images); (iv) assessment under
consistent training configurations with performance metrics such as accuracy, specificity, F1 score,
ROC_ AUC(v) comparative evaluation with prior studies using DenseNet121.

2. Related Works

A number of related studies highlight both the potential and the challenges of transfer learning (TL)
in lung disease classification. For example, authors [8] used DenseNet121 on CXR scans for lung
cancer classification but pointed out the lack of a reliable dataset. ResNetl18-based CNN model
trained on 502 CXRs covering COVID, bacterial and viral pneumonia, TB, and normal cases achieved
88.9% accuracy [5]. Authors [9] examined six pre-trained models—including VGG16, Xception,
ResNet50, and EfficientNetV2L—on 5,856 CXR images. Pneumonia detection was the main focus,
and the best performance came from EfficientNetV2L with an accuracy of 94.4%.

Authors [10] utilized VGG19 model as the base model, followed by multiple CNN blocks that
performed feature extraction. In this research work, the CXR images for all diseases were of different
counts, with a minimum count of 3615 images of COVID and a maximum count of 20,000 of lung
cancer, 1400 of TB, 5870 of pneumonia, and 10,192 of normal cases. The accuracy achieved by the
proposed model was 96.48%. The authors suggested that TL can achieve higher accuracy in
classifying chest diseases from chest X-rays. Authors [11] utilized 5,949 CXRs were to train VGG16,
DenseNet121, and DenseNet201 for the classification of bacterial pneumonia, viral pneumonia,
COVID, and normal cases. The COVID CXRs used were 76, while bacterial pneumonia CXRs were
2540, and normal and viral pneumonia CXRs were 1349 and 1355 showcases class imbalance
problem. The accuracy achieved by VGG16, DenseNet121, and DenseNet201 is 79%, 78%, and 83%,
respectively.

Looking across these works, one pattern becomes clear: while TL helps improve classification
accuracy, most studies either rely on relatively small datasets or struggle with class imbalance.
Moreover, there is little systematic analysis of how different dataset sizes influence the performance
of commonly used pre-trained models. This is the specific gap that our work addresses. We evaluate
three widely adopted architectures—VGG16, ResNet50, and DenseNetl21—on balanced CXR
datasets of gradually increasing size (500 to 20,000 images). By doing so, the study offers new
insights into how data volume interacts with model capacity and helps determine which CNNs are
better suited for multiclass lung disease classification.

3. Methodology

3.1 Dataset preparation and preprocessing methods. A comprehensive chest X-ray (CXR) dataset
was constructed by incorporating four distinct types of CXR datasets from Kaggle. The dataset
combines public CXR sources:

e “COVID-19 Radiography Database” [13]: 3,616 COVID-19 CXRs

e “Chest X-Ray Images (Pneumonia)” [14]: 2,530 CXRs of bacterial pneumonia and 1,345 CXRs
of viral pneumonia.

e “Tuberculosis (TB) Chest X-ray Database” [15]: 1,341 normal CXRs.
e “NIH Chest X-ray dataset” [29]: 3500 lung nodule CXRs.

Augmentation (rotation +15, horizontal flipping, brightness £10%) balances to 20,000 images
(~4,000 per class). Metadata (age, gender, symptoms, smoking) is simulated where unavailable.
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Preprocessing includes resizing to 224x224 (aligning with input requirements of standard CNN
architectures such as VGG and ResNet). For ensuring consistent numerical stability during training,
pixel intensities were scaled to the [0,1] range by dividing by 255 (normalization). To improve the
visibility of subtle pathologies such as opacities and nodules, image contrast was enhanced by
histogram equalization. To evaluate the effect of dataset size on model performance, we created seven
training subsets of increasing sizes: 500, 1,000, 5,000, 10,000, 15,000, and 20,000 samples.

Each subset was randomly selected from the full dataset while maintaining class balance. The splitting

of the datasets was fixed at 75% for training and 25% for testing. Figure 1 demonstrates the workflow
of the proposed study.
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Figure 1. Workflow of proposed research work

3.2 Model Architecture. We propose three transfer learning-based CNN models—VGG16 (16 layers,
138M parameters), ResNet50 (50 layers, 25M parameters), and DenseNet121 (121 layers, 8M
parameters)—for multi-class lung disease classification (bacterial pneumonia, viral pneumonia, lung
tumors, COVID-19, normal) on a balanced 20,000-image CXR dataset. Selected for efficacy in
medical imaging, VGG16 uses 3x3 filters, ResNet50 employs residual connections to mitigate
vanishing gradients, and DenseNet121 leverages dense connectivity for feature reuse. Pre-trained on
ImageNet, models are fine-tuned by freezing early layers and unfreezing top layers (13 for VGG16,
20 for ResNet50/DenseNetl121). A custom classification head includes GlobalAveragePooling2D
(GAP), Batch Normalization (BN), a 256-unit Dense layer with ReLU, a Dropout layer (rate 0.5),
and a 5-unit softmax output. Optimization uses sparse categorical cross-entropy, ensuring
computational efficiency for resource-constrained medical diagnostics. Figure 2 shows the VGG16
model with custom classification head, frozen and unfrozen layers.

GAPZ)=(1/(H*W)) *X {i=1toH} £ {j=1 to W} Z {i,j}, where Z € R*H x W x C)
BN(x) =7 * ((x - p) / V(6”2 + €)) + B, where € = 107(-3), momentum = 0.99

Dense(x) = o(Wx + b), where o(x) = max(0, x), x € R*256

Output(x) = softmax(W_o x +b_o), where x € R"5

L=(-1/N)*X {i=1to N} log P(y i| X i;0)
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VGG16 architecture with custom classification head
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Figure 2. VGG16 Architecture showing frozen, unfrozen layer and custom classification head.

3.3 Model Training. The parameters for model training are discussed in this section; each parameter
played a crucial role in model performance. Each parameter has various types, the right one for
proposed study is chosen by reviewing various previous studies [7][8][9][10] and online resources.
The parameters are:

e Loss function: sparse categorical cross-entropy loss function.

L=(-I/N)*Z {i=1toN} log P(y_i| X i;0), wherey i€ {0,1,2,3,4}, X i € RN224x224x1)

This function calculates the loss by comparing the integer labels with the predicted probabilities for
the five classes. This minimizes the negative log likelithood and enhances classification accuracy.

e Optimizer: Adam optimizer (learning rate 1e-4, $1=0.9, f2=0.999, e=1e-8)
The Adam optimizer speeds up the training of the neural network by adjusting the model's weights

based on a combination of past gradient information. The parameters B1, B2, and & are
hyperparameters that control the behavior of the Adam optimization algorithm.

¢ Training epochs: 30 (early stopping with patience of 7)
e Batch size : 32 ( suitable for small to large datasets)
e Implementation platform: Python 3.11 Libraries: TensorFlow/Keras 2.x.

4. Results and Discussion
Performance metrics help evaluate and understand the performance of a deep learning model, thereby
enabling quantitative measurement. 4.1 Performance metrics present a clear picture of the system's
learning. With these measurements, we can decide whether the mode is usable or not. Accuracy,
precision, recall, and f-measures are some examples of performance metrics. To calculate these
parameters, the first four values are calculated first: TP, TN, FP, and FN. TP are True Positive. To
represent true negative cases, TN is used. FP represents False Positive, meaning cases that are not
positive but are recognized as positive. The last term is FN, which stands for False Negative, meaning
cases that are actually positive but are incorrectly recognized as negative. All three models were
trained and tested on the same dataset and hyperparameters to observe the performance of models in
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identifying correct classes. Different accuracies achieved by these models showcase that each model
learned the patterns in different ways, and the same hyperparameter tuning can’t help each model to
get higher results.

Our major focus was to analyze these models on our customized dataset and achieve higher
metric values, which were previously attained on 20,000 images. Table 1 showcases the results
achieved by three models with custom heads, showcasing that out of all three models, VGG16
outperformed with an accuracy of 91.41% and an AUC of 98.85%, and DenseNet121 achieved
moderate results with an accuracy of 85.49% and an AUC of 98.17%. ResNet50 performed low on
all datasets compared to VGG16 and DenseNetl21, with an accuracy of 77.50% and an AUC of
96.24%.

Table 1. Accuracy (%) of the proposed model on 20,000 CXRs using DenseNet121, VGG16

and ResNet50.
Performance metrics DenseNet121 ResNet50 VGG16
Accuracy 85.49 77.50 91.41
Specificity 96.36 94.35 97.86
F1-score 85.46 77.54 91.38
ROC AUC 98.17 96.24 98.85

4.1 Model Behavior Across Dataset Scales. We prepared even subsets of datasets in sizes of 500,
1000, 5000, 10000, 15000, and 20000 CXR images of five classes. Augmentation methods helped in
achieving the required number of images. The table shows the classification accuracy of each model
across increasing dataset sizes. At first the models were trained on 500 images to examine how these
models perform on a small dataset. The experiments were performed multiple times to get the highest
accuracy. VGG16 achieved 73.60% accuracy, which is good for a small dataset, while ResNet50 did
not achieve accuracy >=50%. The table clearly shows that accuracy and other parameters increase
with dataset sizes. Out of all image counts, the highest accuracy is achieved by VGG16 (91.41%) on
20,000 CXR, while DenseNetl121 achieved a moderate result of 83.97%. The lowest accuracy on
20,000 images is achieved by ResNet50, i.e., 77.50% accuracy, which is 47.10% higher than the
accuracy achieved on 500 images. This analytical study may help researchers in finding the proper
pre-trained model for the available dataset size equal to or less than 20000 images. The epoch size
was set to 30 for all studies, as it’s suitable for all sizes of datasets. Table 2 highlights satisfactory
results with less hyperparameter tuning. As hyperparameters were set, taking consideration of all
dataset sizes, if set up on different parameters with various experiments on different optimizers,
learning rates, and batch and epoch sizes, results could be more optimized and precise.

Table 2. Performance metrics of proposed models on varied sizes of CXR datasets.

Image counts | Model Accuracy | Specificity | F1-score ROC_AUC
DenseNet121 61.60 61.66 61.66 90.70

500 ResNet50 30.40 82.38 17.15 83.00
VGG16 73.60 93.41 73.59 95.31
DenseNet121 62.40 90.60 61.97 91.04

1,000 ResNet50 59.20 89.78 59.23 88.04
VGG16 70.40 92.60 70.28 94.69
DenseNet121 79.12 94.80 79.17 96.48
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5,000 ResNet50 70.32 92.59 70.50 93.27
VGG16 88.32 97.07 88.36 97.77
DenseNet121 82.12 95.53 82.14 97.36
10,000 ResNet50 74.88 93.73 74.74 95.32
VGG16 89.20 97.31 89.14 98.28
DenseNetl21 83.97 95.98 83.97 97.67
15,000 ResNet50 77.22 94.30 77.22 96.01
VGG16 90.34 97.58 90.34 98.48
DenseNet121 85.49 96.36 85.46 98.17
20,000 ResNet50 77.50 94.35 77.54 96.24
VGG16 91.41 97.86 91.38 98.85

Proposed models were run three times on each dataset to analyse the learning behavior of models on
datasets. Different performance metrics achieved by models on various runs is shown in Figure 3 in
a graphical depiction. The results achieved by VGG16 are higher compared to other two models on
RUN 1 to 3 in all dataset sizes. DenseNetl121 performed well by achieving moderate results.
ResNet50 failed to achieve higher results in all cases. At final, the best results achieved from RUNI,
RUN2 and RUN3 were selected as final results achieved by proposed study.

4.2 Performance comparison with previous study. Manokaran et al. (2021) proposed a
DenseNet201-based CNN model to find normal, COVID, and pneumonia classes on a CXR dataset
of 8644 images. The training dataset included 644 COVID-19 images and 4000 for normal and
pneumonia classes. The test dataset consisted of 1729 CXRs, with 800 images for both normal and
pneumonia cases and 129 COVID cases. The DenseNet201 architecture was used as a backbone for
TL with parameter tuning. The accuracy achieved by this study was 92.19% with a sensitivity of 94%
for COVID cases.

To outperform these results, we created a balanced dataset of 9,999 (each class had 3,333 samples in
total) of normal, COVID, and pneumonia from our proposed dataset and distributed it in 7499 images
for training and 2500 CXR 1mages for testing. We trained the mentioned models on our datasets and
evaluate it on the test dataset. The parameters were set the same as defined in the previous study, with
the Adam optimizer (0.0001 learning rate), a batch size of 32, and training for 30 epochs. The model
was run for 10 epochs on the test dataset.
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Figure 3. Accuracy trend of models on different datasets.

Table 3 highlights the results achieved by previous study and proposed study, where models were
kept same but dataset is different. Propose study with balanced dataset achieved 97.88% accuracy,
with a COVID-19 sensitivity of 99.51% compared to previous study (94%). While their model
showed higher specificity for COVID-19 (99%), our approach achieved superior overall sensitivity
and Fl-scores across all three classes, showing a more robust classifier for real-world multi-class
diagnosis. The sensitivity and ROC-AUC results achieved for pneumonia and COVID is presented
in Figure 4. This analysis highlights that a balanced and well-prepared dataset can achieve optimized
results compared to an imbalanced dataset. This study was done to prove the effect of balanced dataset
in performance of CNN model training. This three class classification model can be further improved
with more fine tuning and training on large datasets.

Table 3. The comparative analysis of results achieved by both studies,

Study Accuracy | Sensitivity Specificity | F1 score
Manokaran et al. 92.19% 94.00% 99.00% 90.00%
Proposed study 97.88% 97.92% 98.95% 97.89%
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Figure 4. Sensitivity and ROC-AUC comparison for pneumonia and COVID.

Conclusion and future scope

This study assesses the performance of pre-trained Convolutional Neural Networks VGG16, Res-
Net50, and DenseNet121 in classifying five lung disease categories (bacterial pneumonia, viral pneu-
monia, COVID, lung tumor, and normal) across CXR dataset sizes of 500, 1,000, 5,000, 10,000,
15,000, and 20,000 images. The lack of medical images, specifically CXR images of diseases like
lung tumors, has been a major concern in developing a well-trained classification model. VGG16
achieved the highest accuracy of 91.41% on 20,000 images, followed by DenseNet121 (85.49%) and
ResNet50 (77.50%). On the smallest dataset (500 images), VGG16 attained 73.60% accuracy, sur-
passing ResNet50 (30.40%) and DenseNetl121 (61.60%), showing its reliability for small datasets.
This study shows that transfer learning with VGG16, ResNet50, and DenseNet121 enhances multi-
class lung disease classification, with VGG16 achieving the best performance (91.41% accuracy) on
larger datasets (>5,000 images), guiding model selection for medical imaging applications.

The accuracies achieved by the models show that these models require aggressive fine-tuning to
achieve more optimized results by fine-tuning hyperparameters (e.g., learning rate, batch size) and
performance and mitigating potential overfitting in the future. Also, proposed research could expand
the classification to include other thoracic diseases, such as tuberculosis and chronic obstructive pul-
monary disease, and increase dataset sizes to evaluate models.
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