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Study a detailed method for classifying and studying medical images using sets of data from the NIH Chest X-ray
Collection and the VinDr-CXR collection. There are 51,759 examples in these data, and each one includes 15
categories explaining various problems found in chest X-ray images. More than 15,000 images are included in the 14
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subcategories about lung diseases. The goal is to use the latest deep learning methods to allow machines to identify
and sort various disorders of the chest. In pre-processing stage, tasks such as encoding images, improving learning
through generalization, and designing the TensorFlow dataset are handled. The data is put into training and testing
sets and illustrated with Matplotlib. A DWT is applied to the images to help reduce their noise. The features these
frameworks, Seresnet152 and ResNet, help collect and use for image classification are known and appreciated. They
are made by combining Keras and TensorFlow to stack a pre-trained model with extra layers. Experts pay close
attention to the loss function, the activation function, and the total number of parameters. The model’s accuracy,
Roc_Auc, and loss values demonstrate that the model is performing successfully. Getting 90.26% accuracy, Roc_Auc
of 92.75% and having low values for loss is what was achieved. The outcomes indicate that the two models have the
potential to help doctors diagnose patients with chest X-rays. The findings point out that medical images are
analysed by deep learning models that are based on correct data, appropriate model design, and in-depth tests.
Because of all these factors, the model can handle real-case challenges successfully.

Medical image analysis, chest
X-ray, NIH Chest X-ray, VinDr-
CXR, binary classification and
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Introduction finding out the types of lung diseases[1]-

. . . . . Too man le around th rl
Recently, advances in medical diagnostics [5]. Too many people around the world

have happened due to the use of new suffer or pass away each year from lung

diseases such as pneumonia, tuberculosis,

technologies. Deep learning, as an

e . . . . and lung cancer. Generally, doctors use X-
artificial intelligence, is becoming crucial

. . e . rays and scans to find out about these
in looking at and classifying medical

. . . . conditions, but the process is slow and
images. Proper and swift detection is

. . . . there is a chance of error. Deep learning
especially important with lung diseases.

. o uses neural networks to help identif
Using deep learning is gaining interest for P y
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patterns in medical images, which makes it

easier and more accurate to diagnose

Input Image

illnesses.
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Figure 1 Lung Disease Classification[6]

The use of deep learning in diagnostics
hopes to provide people with lung diseases
faster and more accurate healthcare. When
trained on a wide range of medical images,
identify the tiny
patterns that different lung issues leave in

the algorithms can

the images. Deep learning is able to detect
subtle details on lung images, which can
play a big role in how doctors and
specialists diagnose lung diseases. Using
allows for accurate

deep learning

classification of lung diseases using

images taken from different imaging
processes. When X-rays, CT scans, or
MRIs are used, deep learning helps ensure
there is no mistake in identifying problems
found. As a result, ultrasound is used for
many situations and allows healthcare
workers to better understand what is
bothering their patients. Advances in deep
learning architecture mean that models can

now detect the finest details visible in
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medical images. CNNs do a particularly
good job at spotting important features in
pictures, which makes them fit for use in
of the These

networks look at a broad range of data,

seeing images lungs.
allowing them to spot things that others

might miss.[7]-[11].

To treat lung diseases well, early and
correct diagnosis is essential. Treating the
illness as soon as possible can lead to
much better chances of recovery for
people. With the ability to speed up tests
and provide better classifications, deep
learning can be very valuable to those
working in respiratory medicine. With
more studies being conducted, joint work
between both healthcare and data experts
is now vital for achieving better results in
patient care. The use of deep learning to
organize

lung diseases represents a

significant change in how medical

diagnostics are carried out. Thanks to
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neural networks, it hopes to improve the

accuracy, speed, and overall performance

of lung condition diagnosis. The
introduction of deep learning for lung
disease classification highlights how

artificial intelligence is helping to improve
the quality of medical treatments and

research.
Research Question or Problem Statement

Conditions such as pneumonia,
tuberculosis, lung cancer, and other lung
diseases are hard to tell apart by their X-
ray features and usually require
experienced interpretation. With standard
ways of diagnosis, there is a risk of human
error and patients may be misdiagnosed or

treated delayed.

Over the last few years, deep learning has

proven itself useful in making medical

these models effectively in situations
where the task is identifying different lung
diseases on a chest X-ray. Many existing
models have trouble working on different
types of data and maintaining good

performance.

Let us solve these challenges by building
and enhancing models, in particular
Seresnet152 and ResNet, to more precisely
identify lung diseases on the NIH and
VinDr-CXR datasets. The research will
like Wavelet

Transform to take out noise and data

use methods Discrete
augmentation to improve how the model
applies to new data. It is important to
analysis hyperparameters extensively to
improve both the model’s results and its
dependability. The main objective is to
establish a deep learning framework that

can be used in medical diagnostics to boost

image analysis more accurate and the effectiveness and speed of diagnosing
streamlined. Still, it is challenging to use lung diseases.
Literature Review
Table.1 Surveys relevant existing work

Author / Year Method Research gap Controversies | References
Goyal/2023 Novel Research  gaps | Controversies [23]

framework exploration  of | may arise due to

integrates alternative reliance on chest

dataset, methods for | X-ray for

enhancement, Covid-19  and | predictions.

ROI extraction, | pneumonia
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features, and

deep learning.

differentiation.

Farhan/2023 Hybrid  Deep | Insufficient Controversies [24]
Learning exploration  of | may arise
Algorithm the HDLA | regarding  the
enhances lung | framework's generalizability
disease adaptability to | and
classification diverse datasets. | interpretability
from X-rays. of HDLA.

Jasmine/ 2023 Framework uses | Limited Potential [25]
Sequential, examination of | controversies
Functional & | framework's may arise
Transfer models | adaptability to | regarding
for lung disease | diverse clinical | framework's
classification. scenarios  and | clinical

populations. applicability and
robustness.

Zhang/ 2023 Novel Limited Controversies [26]
methodology exploration  of | may arise
diagnoses lung | diverse datasets | regarding  the
diseases using | and external | generalizability
deep learning on | validation  for [ and real-world
audio generalizability. | implementation
recordings. challenges.

Pawar/2022 Two-stage deep | Insufficient Controversies [27]

learning
enhances ILD
classification in

HRCT images.

exploration  of
the model's
adaptability to
diverse ILD

cases.

may arise over
the reliance on
deep
for ILD

learning

classification
without manual
ROI

identification.
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Marappan/ 2022 | Deep learning, | Insufficient Controversies [28]
using DenseNet, | exploration of | may arise over
classifies lung | diverse datasets | the reliance on
cancer and external | deep  learning
histological validation  for | for lung cancer
subtypes generalization. | diagnosis
accurately. without

extensive
external
validation.

Kasinathan/2022 | Cloud-LTDSC | Limited studies | Ethical concerns | [29]
utilizes  active | address  stage | arise with
contour model | classification in | increased
and M-CNN for | Al-driven lung | reliance on Al in
lung tumor | tumor diagnosis. | diagnosis.
stage
classification
with  superior
performance.

Tang/2021 Harmonic Lack of | Debates on the | [30]
information automated ethical
extracted using | methods for | implications and
machine harmonic accuracy of
learning for | information automated
music chord | extraction in | harmonic
recognition. music. feature

extraction in
music.

Tarig/2020 Employed Limited The [31]
Multimodal exploration on | controversial
Lung Disease | the challenges | aspects may
Classification and limitations | include ethical

(MLDC) model

of multimodal

considerations
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for accurate

lung sound
classification
using
spectrograms
and deep
convolutional

neural networks.

lung sound
recognition
using
spectrograms
for disease

classification.

and potential
biases in using
Al for medical

diagnosis.

Zak/2020

Utilizing  pre-
CNNs

transfer

trained
with
learning for
pulmonary
disease

detection.

Addressing
medical data
scarcity  using
small  datasets
for lung disease

detection.

The
effectiveness of
pre-trained
models
challenging
established
complex

systems.

[32]

Table.2 Literature Summary

Author /Year

Dataset

Results

Limitations

References

Montgomery/
2022

The dataset used
consists of 100
3D uCT images
(18,662 slices).

The
learning model
high

correlation and

deep

achieved

accuracy in

segmentation.

Reliance
pCT,
challenges in

on

potential

diverse imaging

modalities.

[33]

Zhang/2024

200
cases
40

Dataset:
NSCLC
(training),
cases

60

cases (testing).

(validation),

Achieved

significantly
higher DSC
(0.80 = 0.13),
superior TPR,

lowest FPR.

Dependency on
CT images, may
face challenges
in diverse

modalities.

[34]

Sangeetha/2023

Multimodal
data, including

medical

MFDNN
achieves 92.5%

accuracy, 87.4%

Ethical
concerns,

validation

[35]
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imaging, precision, and | challenges, and
genomics, and | 86.4% recall. potential
clinical records. regulatory issues
addressed
inadequately.
Alshmrani/2023 | CXR images of | VGG19 + CNN | Limited to CXR | [36]
COVID-19, achieved images,
Lung Opacity, | 96.48% potential biases,
Pneumonia, accuracy, and
Lung  Cancer, | superior to | generalization
TB. existing work. challenges.
Choi/2023 Respiratory High- Limited [37]

sounds, performance evaluation in
including lung disease | real-world
normal and | classification: conditions,
adventitious 92.56% potential
sounds, used for | accuracy, variability in
classification. 92.81% respiratory

precision, sounds.

92.22%

sensitivity.

Proposed Methodology

Data Collection

tuberculosis, or lung nodules. The data

covers many patient demographics, so it is

This dataset[38] is made up of chest X-
rays that were chosen with medical
research in mind. There are many clear
images included in this dataset, which are
ideal for training and testing algorithms

that help automate detecting several lung

to build and

useful for different groups of patients and
conditions. People in this area can use the
run advanced
algorithms for the right and efficient

sorting of images from chest X-rays. The

illnesses. All images are marked to
whether or not they exhibit certain
conditions, such as pneumonia,

228

Vindr dataset helps medical imaging by
supporting the growth of technologies

aimed at improving how illnesses are
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identified and how treatments are given to

Data Collection

Chest X ray
images

Deep learning
Models- SeResNet
152, ResNet 152

Performance Evaluation

|

patients.

Data Pre-processing

B

ing Images an
ugmentation e

Data Splitting
v

Evaluation
Metries

Figure 2: Proposed Flowchart

Data Pre-processing

Given as code is a Python script that

makes use of basic pre-processing
algorithms used in deep learning
workflows, as applied to image

classification with TensorFlow. The main
objective of the pre-processing functions is
to boost the training of deep neural
networks. It configures distributed training
either with a TPU or the usual method on a
CPU and reports how many replicas are
used for training. The ‘build_decoder
function assembles a set of steps to decode

229

images. It translates picture files, processes
them (as PNG or JPEG), sets their size
according to the set option, and makes sure
pixel values are set properly. The function
handles tagged data and allows decoding
whether or not the data is labeled. The
dataset pipeline is similar to the decoder,
so it can use augmented labeled (with or
without labels) data.The “build_dataset’
function constructs a TensorFlow dataset
by wusing the pathways and labels
suggested and applying both the decoder
and augmentation algorithms. The options

help make data loading and processing
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during model training faster by using
caching, image or data augmentation,

duplicate  input, randomized order,

grouping data, and preloading. They

improve the way pictures are pre-
processed before deep learning, making
training go more smoothly and boosting
the model’s ability to perform on unseen

data.

Discrete Wavelet Transform (DWT)

DWT is a numerical approach used in
signal processing and data compression. It
identifies the frequency parts of a signal
and allows us to view them together with
the time data. While Fourier analysis
cannot work well with signals that are not
stationary, DWT does because it gives a
There

convolutions and down-samplings, which

localized  view. are  many

end up giving us approximation and detail
scales. DWT is

broadly used for both image and audio

coefficients at several

compression, and also in medicine and
communications, owing to its ability to
save space while faithfully representing
the important properties of a signal.

The purpose of the Python function,
“denoise_image’, is to use DWT to clean

up the noise in an image. Below is a

thorough explanation in about 200 words:

It loads an image from the given path with
the help of OpenCV (cv2), to start the
function. It then uses the selected wavelet
(by default ‘haar’) and decomposition
level to perform a 2D Discrete Wavelet
Transform. Since decomposing the image
yields coefficients for the different
frequency content, the function removes
unwanted noise by applying a threshold to
them. The standard deviation of the
coefficients at each level decides the
threshold used in the split. Coefficients
that go over the threshold are diminished
by soft thresholding, while the rest are left
as is.When thresholding ends, the function
creates the denoised image by going back
to the original image using the inverse
wavelet transform. After image processing,
the output image is converted to the uint8

data type again using NumPy.

All in all, the “denoise_image™ function
cleans the input image by applying DWT
and thresholding, to return the cleansed
and improved image. It is common in
image processing to use this method to
boost image quality by keeping key

features and lowering noise.

Pseudo Code for Reducing Noise

def denoise_image(image_path, wavelet="haar', level=1):

230




International Journal of Advanced and Applied Sciences, 12(12) 2025, Pages: 222-245

# Load the image

img = cv2.imread(image_path, 0)

# Perform DWT

coeffs = pywt.wavedec2(img, wavelet, level=level)

# Thresholding

threshold = np.std(coeffs[-level]) * 2

coeffs = [pywt.threshold(c, threshold, mode='soft") if i == -level else ¢ for i, c in
enumerate(coeffs)]

# Reconstruct the image

denoised_img = pywt.waverec2(coeffs, wavelet)

# Convert back to uint8

denoised_img = np.uint8(denoised_img)

return denoised_img

Original Image Denoised Image

Figure 3: Original and Denoised Image after Pre-processing

\

Data Splitting method assigns a proportion of the data to

. . . the validation set based on the value you
The algorithm efficiently splits the data y

. . set for ‘val_split. The ‘random_state
using paths and their labels to generate

- _— argument allows you to get the same
both training and validation data. A g y g

. . . results when you run the model again.
machine learning library, for example

. i These “print” statements give details on the
scikit-learn, has a useful function called P g

. . . . li howi h i f both
“train_test_split™ for this purpose. This split by showing the geometries of bot
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sets and summarizing the totals of each
label along the horizontal and vertical
axes. By doing this, the user can easily
verify how the data is spread out and

labeled in each set.
Data Visualization

Generates a 3x4 grid of images using
Matplotlib so they can be organized in an
easy-to-look-at way The loop goes through
all the images in the list and puts each one
on a separate place on the figure for you to

No finding

No finding

I

see. The ‘imshow™ function shows the
images you put in on the subplots, while
“axis('off')” removes the axis labels. The
visualization lays out all the images neatly
so they’re easy to look at, and the
“plt.tight_layout()” gives the images some
space so they won’t overlap, while
“plt.show()" puts everything on the screen
together. This method helps you to neatly
show lots of photos so you can easily look

at or compare them.

No finding

Figure 4: Lung X ray Images for data Visualisation

Modeling

ResNet-152 with Squeeze-and-Excitation

(SE) added is called Squeeze-and-

232

Excitation SeResNet152. The SE module
tries to help the network represent better
by making sure the connections between

channels across different feature maps are
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explicit. Every SeResNetl52 residual
block has a SE module to first bring
together information from  different
channels and then make each channel more
important or less important. It uses global
average pooling to turn each set of spatial
features into a single number for every
channel, which records the specifics for
that channel. The process of excitation
relies on a small neural network that
consists of a few fully linked layers with
activation functions to generate channel-
specific scaling factors. Using SE to guide
the scaling of feature maps in ResNet-152
means it can focus on important channels
and reduce the influence of those that are
less important. SearResNet152 performs
better on accuracy than its non-SE
variations, making it ideal for programs
that need to identify fine, detailed features
and detect tiny patterns in extremely large

visual data sets.

The code describes a CNN that employs

the seresnetl52 architecture to pull out

important features from the input data. It
was built with the help of Tensor Flow and
Keras libraries. Initially, the seresnet152
model is given the pre-trained weights
from Image Net, with the exception of the
final classification layer. The pre-trained
base is added to a new model built just for
a classification task. The model requires
input that matches the 3-channel (RGB)
color images of the input shape (img_size,
img_size, 3). The design of the model
architecture consists of more layers like
Global Average Pooling, a Dropout
function, and a Dense layer with a sigmoid
function. With the help of the Dropout
layers, regularization ensures that the
model does not become too specially
fitted. Next, a Keras Model object is
created for the model, using the input layer
(inp) and the output layer (x). It wraps up
the entire architecture so that you can use
it to build the specified CNN model for
image classification with  n_classes

possible output classes.

Pseudo code for Model Implementation

function build_model():

# Load Squeeze-and-Excitation ResNet-152 model from Classifiers

seresnetl52, = Classifiers.get('seresnet152")

# Create the base model with input shape, excluding top classification layer, and pre-

trained weights

base =

seresnet152(input_shape=(img_size,

img_size, 3), include_top=False,
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weights="imagenet’)

# Define the input layer for the new model

inp = layers.Input(shape=(img_size, img_size, 3))

# Connect the input layer to the base model

X = base(inp)

# Apply Global Average Pooling followed by Dropout

x = layers.Global AveragePooling2D()(layers.Dropout(0.16)(x))

# Apply additional Dropout for regularization

x = layers.Dropout(0.3)(x)

# Add a Dense layer with sigmoid activation for classification

x = layers.Dense(n_classes, activation="sigmoid’)(x)

# Instantiate the model with input and output layers

model = Model(inp, X)
# Return the constructed model

return model

Table 3: Hyper parameter Details

Model Seresnet 152, ResNet
Loss Binary Cross Entropy
Activation Function Sigmoid

Total Parameter 64,952,958
Trainable Parameter 64,801,534

Non trainable parameter 151,424

Epochs 35

Sigmoid-The sigmoid activation function f(x) = 1+i_x

is a widely utilized mathematical function (1)

in neural networks, especially at the output

layer for tasks involving binary

classification. It converts input values into
a numerical range from 0 to 1, which is
for

ideal representing probabilities in

models.
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Result & Discussion
Performance Evaluation

Model performance in deep learning is
largely determined by accuracy and errors
made. How well a model performs can be

measured by taking the ratio of correct
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predictions to all the predictions. Methods
such as categorical cross entropy and mean
squared error are used to determine the
difference between the expected data and
what is obtained during training. When the
values of loss are lower, the model is more
likely to converge. This strategy plays a
key role when creating classification jobs
since accurate class predictions are
required. Precision, recall, and F1 score
in some

to better

can serve as additional tools

scenarios when we need
understand how a model works on either
imbalanced datasets or when specific

business needs arise.

Accuracy

The accuracy rate in deep learning shows
if the model is effective at assigning cases
to their proper groups. It measures how
accurately the algorithm classifies samples

and shows this ratio compared to all the

samples. We should include precision,
recall, and loss as metrics to ensure a
thorough review for tough problems,

regardless of their significance.

(TP+TN)
Accuracy = ——————
(TP+FP+TN+FN)
2)
Loss

In deep learning, loss shows how the
actual values differ from what is expected
during training. In classification, classes
might use categorical crossentropy, while
mean squared error is preferred in
regression. During training, it’s important
to minimize loss to prove that the model is
getting better by learning from the data

available.

Loss = —+- 3%, Yi.log(Yi)
3)

Table: 4 Performance Evaluation of Proposed Seresnet152 Model using NIH-CXR Dataset

Model Accuracy Loss
Proposed Seresnet152 | 90.26 0.18
Model
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Description and Analysis: When tested e Loss (0.18): The low loss tells us
against the NIH-CXR set, the Seresnet152 that the model predictions are
model reached an accuracy of 90.26% and almost close to the real results,
also showed low loss of 0.18. The strong meaning it is a good fit. Accurately
results point to the fact that the model is measuring the performance of the
successful in identifying lung diseases model  during training and
from chest X-rays. validation depends on having a loss

; function. Typically, |
« Accuracy (90.26%): This unction. Typically, better mode

. performance is found with smaller
observation  proves that the

Seresnet152 model can identify the losses.

different lung disease categories in Because Seresnet152 is both accurate and
more than 90% of the cases. just uses a small amount of power, it can
Checking how precise the model is be trusted to help medical professionals
can show the effectiveness of the identify lung diseases by looking at chest
model for tell one class apart from X-rays.

another.

Table 5: Performance Evaluation of Proposed Res Net Model

Model Accuracy Loss Roc_AUC

Proposed ResNet Model | 94.67 0.13 92.75

Accuracy of Proposed Models

96
95
94
93
92
91
90
:
88
Seresnet152 Model ResNet Model
W Accuracy

Figure 5: Performance Accuracy Graph

236



International Journal of Advanced and Applied Sciences, 12(12) 2025, Pages: 222-245

Description and Analysis: The Res Net
model exhibits even better performance
metrics compared to the Seresnetl52
model, with an accuracy of 94.67%, a loss
of 0.13, and a ROC AUC of 92.75.

e Accuracy (94.67%): The higher
accuracy of the Res Net model
shows that it does a better job when
it comes to correctly identifying
different types of lung diseases

the Seresnet152

compared to

model.

e Loss (0.13): The good performance
of Res Net is further shown by the
lower value of the loss function. If
the model has a small loss, it

means its predictions are very close

to the true labels and the model has
performed well during training and

validating.

e ROC AUC (92.75): With an ROC
AUC value of 92.75, the model can
clearly tell the classes apart. The

model is more capable of

o~ Taining Loss
Validation Loss

028 \
026
024

022

020

0ls

distinguishing between people who
suffer from the disease and those
who do not, when its ROC AUC
value is higher.

Its accuracy, low loss, and high ROC AUC
reveal that the Res Net model works very
well for the task of lung disease detection
through chest X-rays. Using these metrics,
medical professionals may use the model
to help in spotting and dealing with lung

disease issues sooner.
Conclusion on Results

Both of these models, Seresnet152 and Res
Net, worked really well at identifying
different lung diseases from the NIH-CXR
set of images. However, the Res Net
model does much better on all the major
measures, so it's probably the better choice
if you want to use this technology in real
health clinics. The results show why it’s
important to use modern deep learning
systems to get good and consistent results
when medical

checking images.

—e Taining AUC
Validation AUC

Epochs

237



International Journal of Advanced and Applied Sciences, 12(12) 2025, Pages: 222-245

Figure 6 Accuracy and Loss graph of Proposed Model

Training and Validation Losses

—— Train Loss
Valid Loss

0.8

0.6

Loss

0.4

0.2 1

T T T T T T
0 10 20 30 40 50
Epoch

Figure 7: Training and validation Loss of proposed ResNet model

Training Accuracy (accuracy_multi)

0.95 -

0.90 A
0.85 -
0.80 A
0.75 4
0.70
0.65 -
0.60
—— Accuracy
0 10 20 ) 40 50

Epoch

Accuracy

Figure 8: Training Accuracy Graph of ResNet model

Roc_Auc

—— roc_auc

0.90 1

0.85 4

0.80

Metrics

0.75 A

0.70

0.65 1

[} 10 20 30 40 50
Epoch

Figure 9: Roc_Auc Graph of ResNet model

Table 6: Comparative Analysis of Existing work and Proposed work
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Model Accuracy Reference
ECA-net 92.56 [37]
Efficient Net V2 | 91.55 [39]
ECNN 93 [40]
Proposed 94.67 -

ResNet Model

Comparative Analysis

95
94.5
94
93.5
93
92.5

92 91.55

91.5
91
90.5
90

94.67

93

89.5

ECA-NET

EFFICIENT NET V2

E Accuracy

ECNN PROPOSED RESNET

MODEL

Figure 10: Comparative Analysis

Table 5 and Figure 7 clearly show how
various models perform in terms of
accuracy. ECA-net shows the highest
accuracy at 92.56%, followed by Efficient
Net V2 with 91.55% and ECNN with 93%.
The Res Net model proposed by Deep
Mind excels, showing an improvement in
accuracy of about 7% over all other
models. This means that the new Res Net
model excels at correctly sorting data into
classes. The outcomes point to the
suitability of the suggested model for
the

classification work that requires

highest level of reliability.

Conclusion

239

Study showed the correct process for
arranging and interpreting medical image
based on the NIH. There are 51,759
samples in the dataset, with each sample
represented by 15 columns from X-ray
images of lungs. These indicators can be
used to help identify if something is
happening or not, so | can make models to
automatically identify  various chest
problems using CT scans. The first step is
changing pictures into a usable format for
the computer, then making a few changes
to help the model work with newly
introduced samples, and finally building a
data collection using Tensor Flow for use

by the machine learning model. Using the
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Matplot lib library, I divide the dataset into
training and testing and show it as an
image. Seresnetl52 is used in the model
since it plays a key role in highlighting key
features needed for classification of
images. Using Tensor Flow and Keras,
you can add a few more layers on top of a
readymade neural network to build the
model you need. Details on the loss
function, choice of activation function, and
number of trainable parameters are all
included in the report. Checking the
accuracy and loss reveals that the model
performs well on a task with an accuracy
of 90.26% and a loss of only 0.18. The
research found that Seresnetl52 and
ResNet do a good job with chest X-ray
image classification, which might help
doctors and nurses better understand what
the images reveal. Results from the study
affirm that medical results are better when
image data is processed -carefully, a
suitable model is selected, and the
correctness of the model can be verified in
deep learning efforts. You will be shown
how the suggested models compare to the
ones currently in use, especially in how
accurately they work. 92.56% of the time,
ECA-net is right, while Efficient Net V2 is
right in 91.55% of cases and ECNN is
right 93% of the time. The Res Net model
showed better performance than the other
models,

94.67%. The new Res Net model does a

improving the accuracy by
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better job of organizing data, so it’s great
for positions where it needs to be precise

and dependable with its results.
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