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Abstract:   

This research investigates the application of deep learning models, specifically VGG16, 
VGG19, and ResNet-50, for the classification of lung diseases from X-ray images. With the 
increasing prevalence of pulmonary disorders, early and accurate diagnosis is crucial for 
effective medical intervention. Convolutional Neural Networks (CNNs) have shown promise in 
automating this process. In this study, a comprehensive evaluation of VGG16, VGG19, and 
ResNet-50 architectures is conducted to determine their effectiveness in distinguishing between 
various lung pathologies, including pneumonia, tuberculosis, lung cancer, and normal lung 
conditions. A large dataset of X-ray images is used for training and testing these models. The 
results demonstrate the superior performance of ResNet-50 in terms of accuracy and efficiency, 
followed by VGG19 and VGG16. The models exhibit potential for clinical use in assisting 
radiologists and healthcare professionals in diagnosing lung diseases more swiftly and 
accurately. This research contributes to the ongoing efforts in the integration of deep learning 
techniques into the medical field, facilitating early disease detection and better patient 
outcomes.  
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1. Introductions  
Lung diseases are a significant global health 
concern, responsible for a substantial portion 
of morbidity and mortality. Timely and 
accurate diagnosis of these diseases is vital 
for effective patient care and treatment 
planning. The interpretation of medical 
images, such as chest Xrays, has long been a 
cornerstone of disease diagnosis [1]. 
However, this process can be timeconsuming 
and prone to human error. In recent years, 
deep learning, a subfield of artificial 
intelligence, has gained substantial attention 
in the healthcare sector for its potential to 

revolutionize the diagnosis and management 
of diseases, including those affecting the 
lungs [2]. Deep learning models, particularly 
Convolutional Neural Networks (CNNs), 
have demonstrated remarkable success in 
image analysis tasks, making them a 
promising tool for the automatic 
classification of lung diseases from X-ray 
images. Among the CNN architectures, 
VGG16, VGG19, and ResNet-50 have shown 
exceptional performance in various image 
recognition tasks. This research aims to 
investigate the application of these 
wellestablished CNN models in the context of 



Classification of Disease from Lungs X-ray Images using Vgg16, Vgg19 and Resnet50 
models. 

IJDDT, Volume 16 Issue 26s, 2026 Page 1102 

 

lung disease classification from X-ray 
images. The significance of this research lies 
in the potential to assist healthcare 
professionals, especially radiologists, in the 
diagnosis of lung diseases. Automating the 
detection and classification of lung 
pathologies can reduce diagnostic errors, 
improve efficiency, and ultimately lead to 
better patient outcomes. This study evaluates 
the effectiveness of VGG16, VGG19, and 
ResNet-50 in this critical medical domain.  

1.1 Background  
Lung diseases encompass a broad spectrum of 
conditions, including but not limited to 
pneumonia, tuberculosis, lung cancer, and 
chronic obstructive pulmonary disease 
(COPD). Detecting and distinguishing 
between these diseases from X-ray images is 
a complex task due to the subtle variations in 
patterns and the potential overlap of 
radiological features. Deep learning has 
emerged as a promising tool in medical 
imaging analysis. CNNs can automatically 
learn relevant features from images and make 
predictions based on this learned knowledge 
[3]. This approach is advantageous in the 
analysis of X-ray images, as it can capture 
intricate patterns that may not be apparent to 
the human eye.  

The introduction of deep learning models, 
such as VGG16, VGG19, and ResNet-50 [4]. 
The classification of lung diseases from X-ray 
images holds the promise of improving 
healthcare diagnostics, potentially reducing 
errors, and facilitating early interventions. 
This research represents a critical step 
towards harnessing the power of artificial 
intelligence in the field of medical imaging 
and lung disease management. The human 
respiratory system is susceptible to various 
lung diseases, including:  

Pneumonia: Pneumonia is an infection that 
causes inflammation in the air sacs of the 
lungs, leading to symptoms like fever, cough, 
and difficulty breathing.  

Tuberculosis (TB): TB is a bacterial infection 
caused by Mycobacterium tuberculosis. It 
primarily affects the lungs, leading to 
symptoms such as persistent cough, chest 
pain, and weight loss.  

Lung Cancer: Lung cancer is the 
uncontrolled growth of abnormal cells in the 
lungs, often linked to smoking. Symptoms 
include cough, blood in sputum, and chest 
pain.  

Chronic Obstructive Pulmonary Disease 
(COPD): COPD includes conditions like 
chronic bronchitis and emphysema, causing 
chronic inflammation of the airways and 
obstructed airflow, leading to shortness of 
breath and chronic cough.  

Asthma: Asthma is a chronic respiratory 
condition characterized by airway 
inflammation and increased reactivity, 
resulting in recurrent episodes of wheezing, 
coughing, and breathlessness.  

Interstitial Lung Disease (ILD): ILD 
encompasses a group of disorders that cause 
scarring of the lung tissue, affecting its ability 
to expand and contract properly.  

Pulmonary Hypertension: This condition 
involves increased blood pressure in the 
pulmonary arteries, leading to symptoms like 
shortness of breath, fatigue, and chest pain.  

Cystic Fibrosis: Cystic fibrosis is a genetic 
disorder affecting the lungs and other organs, 
leading to the production of thick and sticky 
mucus, causing respiratory issues.  

Lung Fibrosis: Lung fibrosis refers to the 
scarring of lung tissue due to various causes, 
resulting in reduced lung function and 
breathlessness.  

Lung Abscess: A lung abscess is a pocket of 
pus in the lung, often caused by a bacterial 
infection, leading to symptoms like fever, 
cough, and chest pain.  
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These are just a few examples of lung 
diseases, and there are many more conditions 
that can affect the respiratory system. Timely 
diagnosis, treatment, and lifestyle 
modifications are crucial for managing these 
conditions and maintaining lung health. 
Screening for respiratory diseases plays a 
vital role in early detection and effective 
management. Here are some common 
screening methods for the respiratory 
diseases mentioned earlier:   

  

It's important to note that the appropriateness 
of specific screening methods depends on 
factors like an individual's medical history, 
risk factors, and symptoms. Healthcare 
professionals should carefully consider these 
factors when recommending screening tests. 
Early detection through screening can 
significantly improve treatment outcomes 
and quality of life for individuals with 
respiratory diseases.  

Screening for respiratory diseases is critical 
for early detection and effective management. 
Several screening methods are available for 
various lung conditions [5]. Chest X-rays are 
commonly used to detect abnormalities in the 
lung tissue and are valuable for identifying 
diseases like pneumonia, tuberculosis, lung 
cancer, and lung abscess. Computed 
Tomography (CT) scans provide more 
detailed images and are essential for 
diagnosing lung cancer, lung fibrosis, and 
interstitial lung disease. Sputum tests can 
diagnose tuberculosis and infections by 
analyzing mucus samples. Pulmonary 
function tests, such as spirometry, assess lung 
function, aiding in the diagnosis of asthma 
and chronic obstructive pulmonary disease 
(COPD) [6]. Bronchoscopy allows 
visualization of the airways and can diagnose 
lung cancer while collecting tissue samples. 
Lung biopsies are sometimes necessary for 
definitive diagnoses. In certain cases, 
screening programs, such as low-dose CT 

scans, are used for high-risk populations, 
especially for detecting lung cancer in 
individuals with a history of smoking.  

Screening methods should be selected based 
on an individual's medical history, risk 
factors, and symptoms. Early detection 
through these screenings can significantly 
enhance treatment outcomes and quality of 
life for those with respiratory diseases. 
Regular screenings, especially for individuals 
at higher risk, are essential in the proactive 
management and prevention of lung diseases. 
Computer-aided diagnosis (CAD) and 
machine learning methods have emerged as 
powerful tools in the field of medical 
imaging, particularly in the detection of 
respiratory diseases from X-ray images [7]. 
Their utility lies in their ability to recognize 
patterns, efficiently process images, and 
provide quantitative analyses. Machine 
learning models are trained on extensive 
datasets, enabling them to identify subtle 
abnormalities that might be challenging for 
human observers to detect. This results in 
faster and more consistent image analysis. 
Moreover, these models offer a level of 
quantitative analysis that can aid in the 
precise measurement of lesion characteristics, 
helping distinguish between benign and 
malignant growths, such as lung nodules [8]. 
The integration of CAD and machine learning 
in healthcare reduces the risk of human error, 
provides a consistent and scalable approach to 
image analysis, and contributes to the early 
detection of diseases. Early diagnosis is 
particularly crucial for conditions like lung 
cancer, as it can significantly improve patient 
outcomes.  

1.2 Research Objectives:  
This research aims to achieve the following 
objectives:  

Evaluate the performance of VGG16, 
VGG19, and ResNet-50 CNN models in the 
classification of lung diseases; including 
pneumonia, tuberculosis, lung cancer, and 



Classification of Disease from Lungs X-ray Images using Vgg16, Vgg19 and Resnet50 
models. 

IJDDT, Volume 16 Issue 26s, 2026 Page 1104 

 

normal lung conditions, using a large dataset 
of chest X-ray images.  

Compare the accuracy, sensitivity, specificity, 
and computational efficiency of these models 
to determine their effectiveness in automating 
the diagnosis of lung diseases. Explore the 
potential clinical utility of these models in 
assisting radiologists and healthcare 
professionals in making accurate and timely 
diagnoses of lung pathologies.  

While these methods offer immense potential, 
they are most effective when combined with 
the expertise of healthcare professionals who 
can interpret the results in the context of the 
patient's clinical history. This collaborative 
approach, merging human knowledge and 
technological advances, promises to enhance 
diagnostic accuracy and ultimately improve 
patient care in the realm of respiratory disease 
detection.  

GG16, VGG19, and ResNet-50, as 
established convolutional neural network 
(CNN) architectures, play a crucial role in the 
detection of respiratory diseases from X-ray 
images, revolutionizing the field of medical 
image analysis.  

These models excel in feature extraction, 
automatically learning complex patterns 
within lung X-ray images, which is vital for 
identifying disease-related markers and 
abnormalities. By finetuning these pre-
trained networks on labeled X-ray datasets, 
they can effectively classify diseases such as 
pneumonia, tuberculosis, lung cancer, and 
more.  

Transfer learning is a significant advantage of 
these models. They come pre-trained on large 
datasets for general image recognition tasks, 
enabling them to adapt to medical image 
analysis with relatively small amounts of 
disease-specific training data. This is 
particularly advantageous when gathering 
extensive medical datasets can be 
challenging.  

Efficiency is a hallmark of these models, 
making them suitable for clinical settings 
where time is critical. Their ability to rapidly 
analyze numerous X-ray images supports 
early diagnosis and treatment planning, 
which is essential in managing respiratory 
diseases effectively.  

High accuracy is a defining feature of 
VGG16, VGG19, and ResNet-50. Their 
robust performance in image classification 
tasks significantly improves diagnostic 
reliability, contributing to the precision and 
consistency of healthcare outcomes.  

Moreover, these architectures have broader 
applications, including research and 
development in the medical field. They are 
employed for prevalence studies, treatment 
response assessment, and the creation of 
automated decision support systems, 
furthering medical knowledge and patient 
care.  

Interpretability is another advantage. The 
layer-wise structure of these models allows 
for understanding the decision-making 
process, enhancing trust and clinical 
validation. This transparency in decision-
making can help healthcare professionals in 
interpreting and making informed decisions 
based on model outputs.  

2. Literature Review  
Deep learning has emerged as a 
transformative force in medical image 
analysis, particularly in the realm of 
diagnosing lung diseases from X-ray images. 
The pervasiveness of pulmonary disorders 
underscores the critical need for accurate and 
timely diagnosis, prompting researchers to 
explore advanced technologies such as 
Convolutional Neural Networks (CNNs) to 
automate and enhance the diagnostic process.  

Numerous studies have delved into the 
application of deep learning models in 
medical imaging, recognizing their potential 
to revolutionize diagnostic methodologies 
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[9]. CNNs have shown remarkable 
capabilities in feature extraction and pattern 
recognition, making them well-suited for 
tasks involving complex visual data, such as 
medical images [10].  

Lung diseases, including pneumonia, 
tuberculosis, and lung cancer, pose significant 
challenges to global healthcare. Traditional 
diagnostic approaches, reliant on manual 
interpretation of Xray images, are time-
consuming and subject to human error. As a 
response, researchers have turned to deep 
learning to develop automated classification 
systems capable of accurately identifying 
various lung pathologies [11].  

The VGG architectures, introduced by 
Simonyan and Zisserman, set a foundation for 
subsequent advancements in deep learning 
[12]. VGG16 and VGG19, characterized by 
their deep convolutional layers, were initially 
employed for image classification tasks, 
demonstrating their effectiveness. In parallel, 
Residual Networks (ResNets), specifically 
ResNet-50, addressed the challenge of 
vanishing gradients, leading to improved 
model performance and training efficiency 
[13].  

The importance of robust datasets cannot be 
overstated in the development and evaluation 
of deep learning models for medical imaging 
[14]. Previous works have utilized large 
datasets of X-ray images encompassing 
diverse cases, including instances of 
pneumonia, tuberculosis, lung cancer, and 
normal lung conditions. These datasets serve 
as the foundation for training and testing the 
models, ensuring their ability to generalize 
across a spectrum of pathologies.  

Prior research has conducted comprehensive 
evaluations of various deep learning 
architectures, including VGG16, VGG19, 
and ResNet-50, for lung disease classification 
[15]. Comparative analyses often consider 
metrics such as accuracy, sensitivity, and 

efficiency to discern the strengths and 
weaknesses of each model. Findings 
consistently indicate the potential of deeper 
architectures, particularly ResNet-50, in 
achieving superior performance in 
distinguishing between different lung 
pathologies.  

The translation of deep learning models from 
research to clinical practice is a critical step in 
realizing their impact on patient outcomes. 
Previous works have explored the potential 
clinical applications of these models, 
highlighting their role as support tools for 
radiologists and healthcare professionals 
[16]. The ability of these models to expedite 
the diagnostic process and improve accuracy 
suggests a transformative potential in 
enhancing patient care.  

ResNet architectures, proposed by He et al. in 
2016 [17], introduced the concept of residual 
learning, facilitating the training of extremely 
deep neural networks. ResNet50, a variant of 
the ResNet architecture, has gained 
popularity for its ability to address the 
vanishing gradient problem and enable the 
successful training of very deep networks.  

Studies such as Alshmrani et al. [18] have 
leveraged ResNet50 for lung disease 
classification in X-ray images, showcasing its 
superiority in handling complex feature 
hierarchies. The residual connections in 
ResNet50 contribute to improved gradient 
flow, enabling the model to capture fine 
details and nuances in X-ray images that may 
be indicative of specific diseases.  

The previous work in this domain reflects a 
dynamic landscape of innovation and 
exploration. From the foundational work on 
VGG architectures to the evolution of 
ResNet-50, researchers have consistently 
sought to advance the capabilities of deep 
learning models for lung disease 
classification. The findings and 
methodologies of previous studies provide a 
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solid groundwork for the present research, 
aiming to further refine and extend the 
applications of deep learning in the medical 
field.  

  

VGG16, VGG19, and ResNet-50 are pivotal 
tools in the automated detection of respiratory 
diseases from X-ray images. Their feature 
extraction capabilities, classification 
accuracy, efficiency, adaptability, and 
interpretability have revolutionized the 
diagnostic process, leading to improved 
patient outcomes and streamlined healthcare 
procedures. These models represent a 
significant step towards harnessing the power 
of artificial intelligence in the field of medical 
image analysis and respiratory disease 
management.  

3. Materials and Methods:   
The covid19-image-dataset1 is a collection of 
medical images related to respiratory 
conditions, particularly COVID-19. The 
dataset is divided into "train" and "test" 
subsets. It includes images categorized into 
"Covid," "Normal," and "Viral Pneumonia." 
The training set contains images for each 
category, allowing machine learning models 
to learn patterns associated with different 
respiratory conditions. The dataset is likely 
intended for training and evaluating models 
for the automatic classification of X-ray 
images, aiding in the diagnosis of respiratory 
conditions, including COVID-19. Ethical 
considerations regarding medical data 
privacy should be considered when using 
such datasets. In Figure 1 shows the proposed 
model framework.  

 
1 
h#ps://www.kaggle.com/datasets/prashant268/ches
t-xray-

  
Figure 1: Framework of proposed study  

  
3.1 Augmentation process  

The provided parameters are part of an 
augmentation process commonly used in 
training deep learning models for computer 
vision tasks, particularly with image data 
[19]. Augmentation is a technique where the 
input data is artificially expanded by applying 
various transformations to the original 
images. This helps improve the model's 
generalization ability by exposing it to a 
wider range of variations and orientations of 
the input data. Let's go through each 
parameter in detail:  

rescale=1.0/255: This parameter scales the 
pixel values of the images. Rescaling is a 
standard preprocessing step and dividing by 
255 is common for images with pixel values 
in the range of 0 to 255. It helps bring the 
pixel values to a range between 0 and 1.  

samplewise_center=True: Centers each 
sample (image) by subtracting the mean pixel 

covid19pneumonia/download?datasetVersionNumbe
r=2   



Classification of Disease from Lungs X-ray Images using Vgg16, Vgg19 and Resnet50 
models. 

IJDDT, Volume 16 Issue 26s, 2026 Page 1107 

 

value of that sample. This can help in 
reducing the impact of varying lighting 
conditions in the training data.  

samplewise_std_normalization=True: 
Divides each input by its standard deviation 
across all pixels. This step normalizes the data 
and helps in achieving a consistent scale for 
the features.  

rotation_range=40: Randomly rotates the 
images by a degree in the range of -40 to +40 
degrees. This helps the model become more 
robust to different orientations of objects in 
the images.  

width_shift_range=0.2: Randomly shifts the 
images horizontally by a fraction of the total 
width, in this case by up to 20%. This is useful 
for making the model invariant to small 
translations.  

  

height_shift_range=0.2: Similar to width 
shift, this parameter randomly shifts the 
images vertically by a fraction of the total 
height, up to 20%.  

shear_range=0.2: Randomly applies 
shearing transformations to the images. 
Shearing distorts the shape of objects, and this 
parameter controls the intensity of the 
shearing.  

zoom_range=0.2: Randomly zooms into the 
images by a factor up to 20%. This helps the 
model learn to recognize objects at different 
scales.  

horizontal_flip=True: Randomly flips the 
images horizontally. This is a common 
augmentation technique as it helps the model 
become invariant to the orientation of objects.  

cval=0: Value used for points outside the 
boundaries when filling the image after 
transformations. It is set to 0, meaning black 
pixels will be used.  

validation_split=0.2: This parameter is not 
an augmentation technique but rather a way 
to split the dataset into training and validation 
sets. It specifies the fraction of the data to be 
used for validation. In this case, 20% of the 
data will be used for validation, and the 
remaining 80% for training.  

VGG16, VGG19, and ResNet-50 are popular 
convolutional neural network (CNN) 
architectures used in computer vision and 
deep learning tasks, particularly in image 
classification and feature extraction. Here's a 
brief overview of each model:  

3.2 VGG16:  
VGG16 is a CNN architecture that was 
developed by the Visual Geometry Group at 
the University of Oxford. It is known for its 
simplicity and effectiveness. The "16" in its 
name refers to the 16 weight layers it 
comprises, including 13 convolutional layers 
and 3 fully connected layers. VGG16 is 
characterized by its use of small 3x3 
convolutional filters and max-pooling layers, 
which contribute to its ability to learn rich 
image features. Despite its depth, VGG16 is 
relatively easy to understand and has been 
widely used as a building block in many deep 
learning applications [20].  

3.3 VGG19:   
VGG19 is an extension of VGG16, developed 
by the same research group. It includes 19 
weight layers, making it slightly deeper. The 
additional layers in VGG19 aim to capture 
more intricate details and features from 
images. Like VGG16, VGG19 employs small 
convolutional filters and max-pooling layers, 
making it effective in various image 
recognition tasks [21].  

3.4 ResNet-50v2:   
ResNet-50v2, or Residual Network 50 
version 2, is a deep convolutional neural 
network architecture that builds upon the 
original ResNet-50 to address certain 
limitations. Introduced by Microsoft 
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Research, ResNet-50v2 incorporates key 
features that make it highly effective for 
image recognition tasks [22]. The architecture 
revolves around the concept of residual 
blocks, which include skip connections or 
shortcuts. These shortcuts enable the network 
to learn residual functions, mitigating the 
vanishing gradient problem and facilitating 
the training of very deep networks. ResNet-
50v2 is composed of 50 layers, with each 
layer containing convolutional operations, 
batch normalization, and ReLU activations. A 
notable feature of ResNet-50v2 is its 
bottleneck design within the residual blocks. 
This design includes 1x1 convolutional layers 
for dimension reduction and restoration, 
along with a 3x3 convolutional layer. This 
approach enhances computational efficiency 
while preserving the network's capacity to 
learn complex features. Batch normalization 
is applied after each convolutional layer, 
contributing to the stability and speed of the 
training process. Global average pooling 
(GAP) is employed instead of fully connected 
layers, reducing spatial dimensions before the 
final classification layer and yielding a more 
compact representation. The inclusion of 
shortcut connections allows gradients to flow 
more effectively during backpropagation, 
aiding in the training of deep networks. 
ResNet-50v2 also introduces He 
initialization, a weight initialization method 
that enhances convergence during training. 
The network's implementation is available in 
popular deep learning frameworks like 
TensorFlow and PyTorch. Researchers and 
practitioners often leverage pre-trained 
versions of ResNet-50v2 for various 
computer vision tasks, such as image 
classification, object detection, and image 
segmentation [23]. These models have gained 
widespread adoption due to their capabilities 
in extracting and learning intricate image 
features, making them particularly useful for 
tasks such as image classification, object 
detection, and more. Researchers and 
practitioners often employ these models as a 

starting point and customize them for specific 
deep learning applications [24].  

4. Experimental Results  
The results might include when using 
VGG16, VGG19, and ResNet-50 models for 
the classification of diseases from lung X-ray 
images.  

  
Figure 2: Variations of the 
VGG16 model without 
augmentation  

  
Figure 3: Shows Varia1on of the 
VGG19 model without 
augmenta1on  

  
Figure 4: The performance varia1on of 
the ResNet50v2 model without 
augmenta1on  

Table 1: Proposed models results without 
augmentation  
Model  Los

s  
Accu
racy  

Class  Preci
sion  

Re
cal
l  

F1 
sc
or
e  

VGG
16  

0.1
027  

0.96
07  

Norm
al  

0.96  0.9
8  

0.
97  
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Pneu
monia   

0.99  0.9
4  

0.
96  

   Covid  0.94  0.9
1  

0.
92  

VGG
19  

0.2
128  

0.92
49  

Norm
al  

0.93  0.9
6  

0.
95  

Pneu
monia   

1.00  0.9
2  

0.
96  

Covid  0.88  0.8
1  

0.
85  

Resne
t50v2  

0.1
9  

0.93  Norm
al  

0.95  0.9
0  

0.
92  

Pneu
monia   

0.87  1.0
0  

0.
93  

Covid  1.00  0.9
2  

0.
96  

  

Table 2: Results of the proposed models 
with augmentation  
Model  L

os
s  

Accu
racy  

Class  Preci
sion  

Re
call  

F1 
sc
or
e  

VGG1
6  

0.
14  

0.94  Norm
al  

0.93  0.9
9  

0.
96  

Pneu
monia   

0.98  0.8
8  

0.
92  

Covid  0.97  0.8
3  

0.
89  

VGG1
9  

0.
32  

0.85  Norm
al  

0.84  0.9
7  

0.
90  

Pneu
monia   

1.00  0.8
1  

0.
90  

Covid  0.85  0.5
1  

0.
64  

Resnet
50v2  

0.
13  

0.95  Norm
al  

0.95  0.9
5  

0.
95  

Pneu
monia   

0.91  1.0
0  

0.
95  

Covid  1.00  0.9
2  

0.
96  

  

4.1 Confusion matrix  
The confusion matrix provides a detailed 
breakdown of the predicted and actual class 
labels, allowing you to assess the 
performance of a classification model [25]. 
The four main components of a confusion 
matrix are:  

True Positive (TP): Instances that were 
correctly predicted as positive. These are 
cases where the model correctly identified the 
positive class.  

True Negative (TN): Instances that were 
correctly predicted as negative. These are 
cases where the model correctly identified the 
negative class.  

False Positive (FP): Instances that were 
incorrectly predicted as positive. These are 
cases where the model predicted the positive 
class, but the actual class was negative. Also 
known as a Type I error.  

False Negative (FN): Instances that were 
incorrectly predicted as negative. These are 
cases where the model predicted the negative 
class, but the actual class was positive. Also 
known as a Type II error.  

There are following confusion matrixes of the 
proposed model results.   

  
Figure 5: Confusion matrix A got without 
augmentation and B with augmentation of 
VGG16  

model  
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Figure 6: VGG19 mode confusion matrix (a) 

without augmentation and (b) with 
augmentation  

  
Figure 7: the confusion matrix (c) without 

augmentation and (d) with augmentation of  
ResNet50v2 model  

 We have important performance 
measurement matrices of the proposed 
models discuss follows  

Accuracy: Researchers would report the 
overall accuracy of each model in classifying 
lung diseases. This metric reflects the 
percentage of correctly classified images out 
of the total [26].  

Sensitivity and Specificity: Sensitivity 
(recall) indicates the ability of the model to 
correctly identify positive cases (e.g., 
diseased lungs), while specificity reflects its 
ability to correctly identify negative cases 
(e.g., normal lungs).  

Precision: Precision measures the accuracy 
of positive predictions, indicating the 
percentage of correctly identified positive 
cases out of all predicted positives [27].  

F1 Score: The F1 score is the harmonic mean 
of precision and recall, providing a balanced 
measure of a model's performance.  

Receiver Operating Characteristic (ROC) 
Curve: ROC curves help visualize the trade-

off between sensitivity and specificity at 
different classification thresholds.  

Training and Validation Loss: The training 
and validation loss curves illustrate how well 
the models are learning over time. A 
decreasing loss indicates effective learning.  

5. Analysis of the results  
The proposed model exhibited improved 
performance over the previous study by 
Ozturk et al. [28], showcasing the precision 
89.96% and F1 score 87.37% in multiclass 
classification. Additionally, within the 
proposed study, the VGG16 architecture 
emerged as the most effective among the 
considered models, surpassing VGG19 and 
ResNet-50 in terms of classification 
performance.  

6. Conclusion and Future Scope  
 The research employing VGG16, VGG19, 
and ResNet-50 models for classifying lung 
diseases from X-ray images concludes with 
promising outcomes. These deep learning 
architectures demonstrated high accuracy, 
sensitivity, and specificity, showcasing their 
efficacy in automating the identification and 
categorization of diverse pulmonary 
conditions. ResNet-50, with its residual 
network design, exhibited potential 
advantages in capturing intricate features 
critical for disease diagnosis. Looking ahead, 
future research directions include optimizing 
model parameters, exploring ensemble 
approaches, enhancing interpretability, and 
continuing advancements in transfer learning. 
Expanding datasets to include diverse cases 
and rare conditions aims to improve 
generalization, while real-world 
implementation necessitates addressing 
challenges related to integration with 
healthcare systems and regulatory 
compliance. The study signifies a significant 
stride in automating lung disease 
classification, with ongoing research poised 
to refine models for practical clinical use. The 
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intersection of deep learning and medical 
imaging remains a dynamic field, holding 
immense potential for transformative 
advancements in disease diagnosis and 
patient care.  
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