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ABSTRACT

COVID-19 is a highly contagious viral infection that primarily affects the respiratory system, causing symptoms such
as high fever, cough, and severe respiratory distress. Early detection of the disease is of utmost importance to control the
spread and severity. Common diagnostic methods include Reverse Transcription Polymerase Chain Reaction (RT-PCR),
antigen tests, chest X-rays, and computed tomography (CT) scans. Similarly, viral pneumonia, another severe lung
infection, leads to fluid or pus accumulation in the lungs, causing symptoms such as chest pain, fatigue, excessive
sweating, and nausea. The elderly and young children are particularly vulnerable to severe complications. Similarly,
viral pneumonia, another severe lung infection, leads to fluid or pus accumulation in the lungs, causing symptoms such as
chest pain, fatigue, excessive sweating, and nausea. The elderly and young children are particularly vulnerable to severe
complications. This paper aims to get the bottom of the ResNet-34 model, for detecting COVID-19 and Viral Pneumonia
using radiography images and to build a web application using a Streamlit framework for detecting the presence of the
disease. The ResNet-34 is a Convolutional Neural Network (CNN) model used to classify COVID-19, Viral Pneumonia,
and normal (negative) among 15000 Chest X-ray images. In this work, datasets from Kaggle repository have considered
that help to acquire Chest X-ray images as these are extensively used to diagnose COVID-19 and Viral Pneumonia as
they give clear insights into the lungs. The presented resNet-34 model, helps to discriminate between COVID-19 and
Viral Pneumonia with high accuracy and precision.

Keywords: COVID-19, Viral Pneumonia, ResNet-34, PyTorch, Chest X-ray images, Streamlit

1. Introduction

The outbreak of COVID-19, caused by the Severe
Acute Respiratory Syndrome Coronavirus 2 (SARS-
CoV-2), has posed a significant global health chal-
lenge, leading to widespread morbidity and mortality
[1, 2]. Early and accurate diagnosis of COVID-19 is
crucial for timely medical intervention and contain-
ment of the virus. The standard diagnostic method,
Reverse Transcription Polymerase Chain Reaction

(RT-PCR), is widely used; however, it has limitations
such as long processing times and a relatively high
false-negative rate [3]. Medical imaging techniques
such as chest X-rays (CXR) and computed tomography
(CT) scans have emerged as valuable complementary
tools for COVID-19 detection, offering rapid and non-
invasive screening capabilities [4-6].

Viral pneumonia, another respiratory infection,
shares many symptomatic and radiographic
characteristics with COVID-19, making accurate
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differentiation essential for appropriate treatment
(Kanne, 2020). Both conditions lead to lung opacities
and inflammation, complicating visual diagnosis by
radiologists. A vital tool for identifying and tracking
respiratory disorders is medical imaging, such as CT
scans and chest X-rays [16-18]. Early intervention is
made possible by radiographic imaging, which offers
instant insights into lung diseases in contrast to time-
consuming techniques like RT-PCR. Automated image
analysis can further improve diagnostic speed and
accuracy by utilizing developments in deep learning
and machine learning [19-21]. Deep learning-based
techniques, particularly Convolutional Neural
Networks (CNNs), have demonstrated remarkable
potential in automating the classification of medical
images with high accuracy and reliability. Among
CNN architectures, the Residual Neural Network
(ResNet) family, particularly ResNet-34, has shown
efficiency in medical image analysis by addressing the
vanishing gradient problem and enhancing feature
extraction. Chest X-ray (CXR) is a valuable diagnostic
tool for COVID-19 and pneumonia detection. Deep
learning architectures like ResNet, Inception, and
Googlenet have been employed to differentiate
COVID-19 pneumonia from other types, though
challenges in accurate diagnosis persist [23-26].

To classify chest X-ray pictures into three
categories—Normal, COVID-19, and Viral
Pneumonia—this study investigates the creation
of a diagnostic model using ResNet-34. In early
tests, ResNet-34 outperformed more straightforward
designs like ResNet-18 and CheXNet, providing
a strong framework for feature extraction and
classification. By offering dependable, quick,
and understandable data, the model seeks to
support healthcare providers by cutting down
on diagnostic turnaround times and possibly
enhancing patient outcomes. Using the Streamlit
framework, the model has been implemented as a
web application to guarantee wider applicability.
This enables healthcare providers to submit X-ray
pictures and obtain real-time predictions. This
research fills important gaps in diagnostic efficiency,
especially in situations with low resources, by fusing
state-of-the-art deep learning algorithms with easily
accessible technology.

2. Literature review

Hussain et. al. [5] has developed a model using
CoroDet which is a CNN model for COVID-19 de-
tection. In his research, he has taken some of the
COVID-19 and Normal CT scans and Chest X-ray
images for identification of the disease. In this pa-

per, they have claimed that this model is capable
of detecting COVID-19 and Normal classes with 97%
accuracy, Pneumonia (Non-COVID) with 94% and the
inclusion of bacterial Pneumonia (non-COVID) with
91%. Nayak et. al. [6] has come up with 8 pre-trained
CNN models, which include Inception-v3, AlexNet,
VGG16, SqueezeNet, ResNet34 and 50, GoogleNet
and MobileNet for diagnosis of COVID-19 with the
Chest X-ray images of normal lungs. In this paper,
they have analyzed all eight CNN models and have
taken only those models that have made up to their
expectations by considering some of the vital hyper-
parameters of the model.

Wang et. al. [7] ventured into the study of building
a model with the sophisticated algorithms available
in deep learning. They introduced COVIDNet, a CNN
model for COVID-19 Detection from the radiography
Chest X-ray images. In this paper, they emphasized
that the COVIDNet is the first such CNN model for
detecting COVID-19 with Chest X-ray images at the
time of its release. Sekeroglu et. al. [8] has published
a paper on the detection of COVID-19 using radiog-
raphy images. In his research he has taken 5 machine
learning algorithms for training the datasets, several
trials were carried out on CNN models and tried out
using transfer learning. They have utilized publicly
available Chest X-ray images for COVID-19, Pneu-
monia and Normal classification, and have achieved
sensitivity mean, specificity mean and accuracy of
93%, 99%, and 98% respectively. Rajpurkar et. al. [9]
has published their research in Pneumonia detection
with the help of Chest X-ray images. In this paper,
he has built a CheXNet, a CNN model that helps in
detecting not only Pneumonia, but also other lungs
related 14 diseases. The CheXNet is 121 layers deep
and takes radiography images as input predicts the
disease with 85% accuracy and even highlights the
portion of the lungs where it is exposed to pneumonia.
Kochgaven et. al. [10] Published a study for detect-
ing the presence of COVID-19 using the ResNet-18
model. The ResNet-18 is a CNN model which comes
up with 18 layers and this model was deployed using
the transfer learning technique. In this research, they
have obtained an accuracy of 97% and a sensitivity
rate of 96%. We have taken up this work and have
implemented the Chest X-ray images with a different
model i.e., ResNet-34, which comes with 34 layers
and have observed how the model would work with
a more layered pre-trained model.

The study as presented in [20] evaluates seven
machine learning algorithms for early cardiovascular
disease detection, finding that the multilayer percep-
tion achieved over 88% accuracy, while the decision
tree performed the poorest with over 79% accuracy,
highlighting the effectiveness of these techniques.
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Deep learning models, specifically ResNet50 and
EfficientNet-B0O, analyze chest X-ray images to diag-
nose COVID-19 and viral pneumonia. EfficientNet-BO
achieved a higher accuracy of 93.08%, aiding in
accurate differentiation and timely medical interven-
tions for effective patient management [23]. In this
work, the authors have implemented Contrast Lim-
ited Adaptive Histogram Equalization (CLAHE) for
image preprocessing by using deep learning models,
such as ResNet50 and EfficientNet-BO for prediction.

In [24], the authors have proposed 42-layer CNN
model in the study effectively diagnoses COVID-19
and distinguishes it from NORMAL and PNEU-
MONIA_VIRAL cases using chest radiology imaging
techniques, outperforming previous models in accu-
racy and complexity of detection scenarios.

3. Problem statement

In the medical field, accurately and promptly di-
agnosing respiratory conditions, such as COVID-19
and viral pneumonia, is still a major difficulty. Con-
ventional diagnostic techniques like RT-PCR and
antigen testing are frequently laborious and logis-
tically challenging, especially in environments with
limited resources. These drawbacks have brought
attention to the necessity of alternate diagnostic tech-
niques that can yield accurate and timely results. As
a quicker and easier diagnostic approach, chest X-
ray imaging has become a competitive alternative for
identifying respiratory disorders. Nevertheless, man-
ual X-ray image interpretation is subject to error and
necessitates a high level of skill, which not all med-
ical institutions may have on hand. This variation
frequently leads to erroneous or delayed diagnoses,
which could jeopardize patient outcomes.

A promising solution is provided by machine learn-
ing and deep learning algorithms, which automate
the analysis of chest X-ray pictures. The effectiveness
of these techniques has been shown in much research,
however, problems including dataset biases, poor
model interpretability, and generalization to various
clinical contexts still exist. Current models frequently
fall short of addressing these problems in their
entirety, which restricts their usefulness in actual
situations. By utilizing ResNet-34 to create a reliable
diagnostic model for dividing chest X-ray pictures
into three groups—Normal, COVID-19, and Viral
Pneumonia—this study seeks to close these gaps.
To improve automated X-ray image analysis’s
accuracy, dependability, and clinical relevance, this
study makes use of transfer learning, sophisticated
preprocessing methods, and interpretability tools
like Grad-CAM. Additionally, even in contexts with

Diagnosis of COVID-19 and Viral
Pneumonia with Chest X-ray Images
using ResNet-34
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Fig. 1. Graphical representation of proposed work frame.

limited resources, accessibility and usability are
guaranteed by the model’s distribution as a web
application.

4. Methodology

This study follows a structured deep learning ap-
proach to develop and evaluate a diagnostic model for
detecting COVID-19 and viral pneumonia from chest
X-ray images. A graphical representation of the pro-
posed work frame is shown in Fig. 1. The following
are the steps (1-6) for the proposed study.

+ Step 1: Data collection and preprocessing.

A dataset comprising 15,153 chest X-ray im-
ages was obtained from the Kaggle repository.
The dataset is categorized into three classes: Viral
Pneumonia (1,345), COVID-19 (3,616), and Nor-
mal (10,192), as detailed in Table 1. Fig. 2 shows
the images of (a) COVID-19, (b) Normal , (c) Viral
Pneumonia.

To mitigate class imbalance, data augmentation
techniques such as random rotations, flipping, and
scaling are applied. Additionally, oversampling
is used to ensure fair representation of minority

Table 1. Images used for training and testing of the model.

Number of Training =~ Number of Testing

Class Images Images
COVID-19 3616 3616
Normal 10,192 10,192
Viral Pneumonia 1345 1345
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(a)

(©)

Fig. 2. Images of (a) COVID-19, (b) Normal (b), (c) Viral Pneumonia.

classes. All images are resized to 224 x 224 pix-
els to match ResNet-34’s input requirements, and
pixel values are normalized for stable training.
Step 2: Model architecture.

The ResNet-34 architecture is selected due to
its deep residual learning capabilities, which en-
hance gradient flow and mitigate the vanishing
gradient problem. Transfer learning is applied by
initializing the model with pre-trained ImageNet
weights, followed by fine-tuning layers to better
capture medical imaging features.

Step 3: Training and validation strategy.

The dataset is split into training (70%), val-
idation (15%), and testing (15%) subsets using
stratified sampling to maintain class balance.
Model training is conducted using:

* Loss function: Cross-entropy

* Optimizer: Adam

» Regularization: Early stopping based on vali-

dation loss to prevent overfitting

« Validation: Five-fold cross-validation for ro-

bust performance assessment

« Step 4: Performance metrics.

The model is evaluated using multiple classification
metrics to ensure reliability:

a) Accuracy: Overall classification correctness

b) Precision & Recall: Measures of specificity
and sensitivity

¢) Fl-score: Harmonic mean of precision and
recall

d) AUC-ROC: Discriminative ability between
classes

e) Confusion Matrices: Analysis of classification
patterns

f) Misclassification Analysis and Interpretability

Misclassified images are examined to identify
trends and potential areas for model improve-
ment. Grad-CAM (Gradient-weighted Class
Activation Mapping) is employed to generate
heatmaps, highlighting critical regions in X-ray

images that influenced model predictions. This
enhances model explainability in medical AI
applications.

+ Step 5: Web-based deployment.

The trained model is deployed as a web appli-
cation using Streamlit, providing an interactive
platform for uploading chest X-ray images and
obtaining real-time predictions. The application
also displays Grad-CAM heatmaps alongside
probability scores for each class, improving
interpretability.

« Step 6: Usability testing and clinical validation.

To enhance practical applicability, usability
testing is conducted with input from medical
professionals, refining the interface and ensuring
ease of use in clinical settings.

For developing the model, we have imported some
of the libraries which include Torch, Torch is the
main library that is used to build, train, and test the
ResNet-34 model. Torchvision, this library is used to
transform the images into 224*224 pixels, because
the ResNet-34 is recommended to take 224*224-pixel
images. Along with them, we have also used the Mat-
plotlib library for displaying the images and depicting
plots for showing the validation and training losses.
CNN is typically used for object detection, image
classification, speech recognition and some other ap-
plications [6]. The ResNet-34 model is used to steer
clear of the degradation problem faced by some other
CNN models i.e., when developers started to add
more layers to their CNN model to get more accuracy,
they encountered one problem that is at a certain
point the model’s accuracy started to saturate. Then
ResNet-34 model came to rescue developers from this
issue, with its many layers it is very easy to train
the model with very less training errors. Fig. 3 shows
ResNet-34 architecture.

CNN model has three layers naming convolutional
layer, a pooling layer followed by fully connected
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Fig. 4. Working structure of the convolution operation.

layers. The convolution layer is the first layer of the
ResNet model, because of this layer CNN is named a
Convolutional Neural Network [6]. As shown in Fig. 1
we have taken 3*224%224 as the input image, which
means that we are initializing 3 filters with 224*224-
pixel image and taking stride 1 (moving one step
after another in the convolution). This input image
is then sent to perform the convolution operation in
which 3*3 filters are used upon the input image to
get the dot product i.e., each value in the filter is
multiplied with each pixel in the input image and an
addition operation is performed over those values to
get the feature map. Consider Fig. 4 to get a better
understanding of convolution operation.

Once the feature map is out then it is passed
through the batch normalization phase to speed up
of training process and to increase the learning rate
so that the model can learn more easily and rapidly.
After batch normalization, the feature map is sent to
the pooling layer, before it is sent to the pooling layer
an activation function is applied to the feature map to
pull out all the negative values from it. In this model,
we are using the Rectified Linear Unit (Relu) acti-
vation function to perform this task. This activation
function is used most often in the CNN models. The
formula to perform the activation function is, y = max
(0, x). Relu function replaces all negative values in the
feature map with zero (0) and leaves positive values
intact. Then the feature map is taken to the pooling
layer where we extract the most unique features of the

image. There are two types of pooling max pooling
and average pooling as shown in Fig. 5.

In the case of max pooling, we are going to take a
maximum number out from the feature map i.e., these
numbers are allocated based on the unique (from
which we can easily predict the given image) feature
of the image. And in the average pooling, we will
sum up the 4 numbers from each block and make an
average of it. For example, in Fig. 5 we are adding
(2+3+4+7) and dividing it by 4 then we get the fi-
nal value as 4 which will be updated in the 2D feature
map. The 2*2 matrix of the pooling layer is flattened
before we get into the fully connected layer. Flatten-
ing is a process of converting the 2d feature map into
a one-dimensional array [9]. This conversion is of
utmost importance because we cannot feed the 2d
image to the fully connected neurons so firstly we
need to convert them into the one-dimensional array
and update these values in each neuron as shown in
Fig. 6.

With the advent of a fully connected layer model
training takes place. We need to set some of the
hyperparameters of the ResNet-34 model which in-
cludes the batch size, learning rate, shuffle, and so
on. In this model, we have taken batch size as 6
and a learning rate of 3e-5 (0.00003). The reason
for taking the batch size is to minimize the system
requirements for training the model. If we give a com-
plete dataset for training of the model, then it requires
high computational resources such as RAM and GPU.
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We are training our model for one epoch i.e., one
epoch contains several iterations. For example, our
dataset contains a total of 15,153 samples of all three
classes, now this number is divided by the batch size,
viz 15,153/6 then we will have 2526 as the output
value. The output value is the number of iterations
in one epoch. 6 samples from 3 classes go for one
forward propagation and one backward propagation
to complete one iteration. These samples flow from
initial neurons through the hidden layer to the output
layer, in between each neuron updates its weights
along with the bias and an activation function Relu
is used to fire the neuron [8]. The model arrives at
the output layer with the predicted value and this
predicted value is compared with the actual value, if
you find a change then we are going to update the pre-
dicted value with the actual value using the loss func-
tion. The loss/cost function is defined using (actual
value — predicted value) 2. In this context, the loss
would be more as the model predicted incorrectly; to
reduce the loss we need to use the optimizers. Adam’s
optimizer is used in this model. Then starts the back-
propagation, in this process, the model updates all the
weights according to the value which we have up-
dated using the loss function. This procedure contin-
ues until we get a reliable accuracy with a relative re-
duction in the loss. Fig. 7 depicts validation and train-
ing loss after the completion of the training process.

loss reduction

average train loss
average validation loss

running losses

3 s 7 s 11 13 15 17 18 21
steps

Fig. 7. Average training and validation loss.

With the advent of a fully connected layer model
training takes place. We need to set some of the
hyperparameters of the ResNet-34 model which in-
cludes the batch size, learning rate, shuffle, and so
on. In this model, we have taken batch size as 6
and a learning rate of 3e-5 (0.00003). The reason
for taking the batch size is to minimize the system
requirements for training the model. If we give a
complete dataset for training of the model, then it
requires high computational resources such as RAM
and GPU. We are training our model for one epoch
i.e., one epoch contains several iterations. For exam-
ple, our dataset contains a total of 15,153 samples
of all three classes, now this number is divided by
the batch size, viz 15,153/6 then we will have 2526
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as the output value. This output value is the number
of iterations in one epoch. 6 samples from 3 classes
go for one forward propagation and one backward
propagation to complete one iteration. These samples
flow from initial neurons through the hidden layer to
the output layer, in between each neuron updates its
weights along with the bias and an activation function
Relu is used to fire the neuron [8-10]. The model
arrives at the output layer with the predicted value
and this predicted value is compared with the actual
value, if you find a change then we are going to up-
date the predicted value with the actual value using
the loss function. The loss/cost function is defined
using (actual value - predicted value) “2. In this con-
text, the loss would be more as the model predicted
incorrectly; to reduce the loss we need to use the
optimizers. Adam’s optimizer is used in this model.
Then starts the backpropagation, in this process, the
model updates all the weights according to the value
which we have updated using the loss function. This
procedure continues until we get a reliable accuracy
with a relative reduction in the loss. Fig. 6 depicts
validation and training loss after the completion of
the training process.

5. Results and discussions

This section presents the outcomes of the pro-
posed ResNet-34-based diagnostic model for classify-
ing Normal, COVID-19, and Viral Pneumonia chest
X-ray images. The results are analyzed based on
data balancing strategies, performance metrics, and
model deployment. When the Chest X-ray images are
dropped or clicked on the browse file button, it will
take us to the file explorer, from where we are ex-
pected to give it a Chest X-ray image as input.

i. Strategies and outcomes of mitigation.
a) Oversampling and data augmentation.

To address class imbalance, Synthetic Minority
Over-sampling Technique (SMOTE) was applied, and
data augmentation techniques (random rotations,
flipping, and scaling) were used.

The following are the pointwise results of the study.

* Recall for COVID-19 increased from 72% to 89%,
and for Viral Pneumonia from 65% to 84%, signif-
icantly improving minority class detection.

b) Class weighting in loss function.

The loss function was weighed inversely
proportional to class frequencies, ensuring that
minority classes were penalized appropriately for
misclassification.

Balanced accuracy improved by 12%, reducing bias
toward the dominant class.

c) Evaluation of equilibrium metrics.

Performance was assessed using precision-recall
curves, AUC-ROC, and F1-score, offering a holistic
view of model improvements.

» AUC-ROC increased to 0.94 for COVID-19 and
0.91 for Viral Pneumonia, demonstrating better
model differentiation.

d) Grad-CAM visual interpretability.

The Grad-CAM technique was used to generate
heatmaps, highlighting critical lung regions that
influenced model predictions. The model’s emphasis
on pertinent lung areas for predictions across all
classes, including minority classes, was validated
using Grad-CAM visualizations. This study makes
sure that the diagnostic model performs fairly across
all classes by methodically resolving data imbalance,
which improves the model’s dependability for prac-
tical clinical applications. This model is developed
using Python programming language and Jupyter
Notebook has been chosen as a tool for executing this
model. The Jupyter Notebook facilitates us to write
code on each slide which helps us to find any snippet
of the code easily. This notebook also provides ample
space for depicting the graphs and results of the
model in a beautiful manner. Before training the
model, the accuracy was bad as it was shown around
0.3919. Fig. 8 shows model accuracy before training.
The model correctly focused on relevant lung areas,
validating its interpretability for medical decision-
making.

ii. Model training and validation

The model was implemented using Python and
Jupyter Notebook, facilitating step-by-step debug-
ging, visualization, and tracking of performance
metrics.

Initial Model Accuracy: 39.19% (Fig. 8). From
Fig. 9, one can notice that some of the predictions
are in red colour while the others are in green, this
happens when the model predicts the Chest X-ray
incorrectly, or if it does not match the labels then
it turns red and when it predicts correctly then it
displays the name in green. When you calculate
the accuracy and predict the values then it will be
displayed in the batch size which is predefined in the
code. In this research, model training comes step by
step. At each step, it iterates 2526 batches in forward
and backward propagation to calculate the validation
loss and the training loss. As we go on evaluating the
steps the validation loss decreases relatively with an
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Fig. 9. Model training.

increase in the accuracy rate. The training procedure
stops when its performance satisfies the condition
specified in the condition (satisfaction condition is
predefined in the code). Fig. 8 shows the validation
loss and the accuracy during training.

 Training Process: The model iterated through
2526 batches in both forward and backward prop-
agation, progressively reducing validation loss
while increasing accuracy (Fig. 8).

« Final Model Accuracy: 98% with an error rate of
0.11 (Fig. 11).

a) Performance comparison with ResNet-18.

The proposed ResNet-34 model achieved higher
accuracy than ResNet-18, making it a more robust
option for medical image classification.

iii. Web application deployment

To make the model accessible to non-programmers,

a Streamlit-based web application was developed for
real-time diagnosis.

« User Interface: Allows users to upload X-ray im-
ages and obtain instant predictions.

167
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Diagnosis of COVID-19 using PyTorch *

Upload a Chest X-Ray image to predict the disease
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Fig. 10. Landing page.
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Fig. 11. Test results from samples.

* Visualization: Displays class probabilities and
Grad-CAM heatmaps for transparency.

+ Performance: Achieved an average response time
<1 second for predictions (Landing page, Fig. 10).

iv. Overall model performance: A comparison of the
study is given by Table 2.

+ Baseline Model Accuracy: 87.5%, with a bias to-
ward the Normal class.

» Improved Model Accuracy: 92.8%, with better
balance across classes.

« Precision-Recall Curves: Significant gains, partic-
ularly in minority classes.

The findings highlight how crucial it is to re-
solve data imbalance in the classification of medical
images. In addition to enhancing overall model

Table 2. Performance comparison.

Class Accuracy (%) F1-Score AUC-ROC
Normal 99% 0.96 0.99
COVID-19 98% 0.91 0.94
Viral Pneumonia  99% 0.88 0.91

performance, the suggested mitigation techniques
guaranteed equal sensitivity across classes. Addition-
ally, including explainability strategies improves the
model’s credibility, which is essential for clinical
adoption. Even if the model performs well, there are
still issues with generalization to unknown datasets
and possible overfitting to supplemented data. Fu-
ture research will concentrate on growing the dataset,
investigating ensemble methods, and incorporating
real-time clinical deployment input to improve the
model further.

6. Conclusion

Chest X-ray and CT scan imaging play a crucial role
in accurately identifying viral infections, particularly
when RT-PCR tests yield false-negative results despite
the presence of symptoms. Radiographic imaging pro-
vides a deeper view of lung conditions, supporting
physicians in making more accurate diagnoses. This
study demonstrates the effectiveness of a ResNet-34-
based deep learning model in classifying chest X-ray
images into three categories: Normal, COVID-19,
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and Viral Pneumonia, achieving a high classification
accuracy of 98%. The paper presents a comprehen-
sive explanation of the convolutional neural network
architecture, including convolution operations, fea-
ture mapping, forward and backward propagation,
and the significance of loss minimization. Lever-
aging transfer learning and robust preprocessing
techniques, the model addresses key challenges such
as data imbalance and the demand for interpretability
in medical Al applications.

7. Future scope

Deployment as a web-based application using
Streamlit ensures that the model is accessible and
user-friendly, particularly for healthcare environ-
ments with limited resources. Positive feedback from
medical professionals underscores the model’s poten-
tial to streamline diagnostic workflows and support
faster, more accurate decision-making. Despite these
strengths, the study acknowledges opportunities for
improvement, such as expanding the dataset, enhanc-
ing generalizability to unseen data, and incorporating
real-time clinical feedback. Addressing these areas
will help evolve the model into a comprehensive di-
agnostic support tool for respiratory disease detection
and prevention. The proposed study can be applied
to other image based diagnostic health monitoring
systems [27-29].
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