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Abstract: Early detection of lung-related disorders is critical in providing timely treatment; however, detecting any minor
anomalies in the lung region from the chest X-ray image is difficult, taking much time to process manually. As a
result, it is required to have an automatic system that can analyze chest X-ray images. For this research, deep
learning technol- ogy is employed in analyzing chest X-ray images, where the chosen deep learning model is called
EfficientNetBO, capable of extracting important patterns and categorizing them as normal, lung Opacity, or viral
pneumonia. In order to enhance the performance of the deep learning model, the chest X-ray images are preprocessed
using Contrast Limited Adaptive Histogram Equalization (CLAHE). Once the images are preprocessed, the system
produces predictions based on the category and provides an accuracy measure. It is also responsible for assigning a risk
level, alongside highlighting important areas of the images using Grad-CAM.
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. INTRODUCTION

It is difficult for individuals to detect lung diseases
in their early stage owing to complicated and small changes
in chest X-ray images that cannot be observed by the
naked eye [1], [2]. In most cases, diagnosis requires
experienced radiologists and involves manual observation,
taking longer time and varying based on the level of
knowledge [3], [4]. This creates a disparity between quick
and efficient diag- nosis and reliable medical decision-
making processes.Deep learning algorithms have been
widely applied in the field of medical imaging to detect lung
diseases using chest X-ray images [5], [6]. Most systems
utilize CNN algorithms and transfer learning to identify
different types of lung diseases, including pneumonia [7],
[8]. Datasets such as ChestX-ray8 contain labeled medical
images, which are used to train these algorithms [9].
Nonetheless, these systems are not necessarily consistent in
their accuracy when performing feature extraction
[10].EfficientNet is a new deep learning architecture that
provides better results by reducing the number of parameters
while improving accuracy and consistency through a
balance of depth, width, and resolution [11]. Model types
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based on Ef- ficientNet can successfully extract the
meaningful information contained in chest X-rays and are
thus applicable to the task of medical image
classification.One of the problems arising in the design of
medical diagnostic systems is the problem of explainability.
Many neural network models cannot provide a clear
explanation about their working principles, and therefore, it
can be hard for the doctor to rely fully on the results
predicted by these models. To solve this problem, the
method of Grad-CAM is utilized, as it highlights those parts
of the picture that have the largest impact on the model’s
decision- making process [12].Besides choosing the proper
model type, preprocessing the images prior to the training
stage is essential. One of the methods often applied for this
purpose is Contrast Limited Adaptive Histogram
Equalization (CLAHE) [13]. This way, better learning of
the representations by the model can be achieved.
Moreover, the importance of explainable Al techniques is
growing for medical applications for more reliable and
trusted predictions [14]. In order to address these problems,
the proposed system introduces the implementation of an
Al-based model for lung disease classification using
EfficientNetBO. This system mainly aims at the
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classification of chest X-rays into three different classes —
lung opacity, normal and viral pneumonia. The image is
preprocessed using CLAHE before being classified, and
Grad-CAM is used for visualizing relevant regions of lungs.
The introduced system performs all the operations required
and outputs the result of classification with confidence
scores and risk levels, which can help understand the results
better. The developed model outputs stable results each
time. The main goal of the project is to provide assistance in
early detection of lung diseases through medical analysis,
not to take the place of doctors.

» The Main Contributions of this Work are Listed Below:

e The system wuses EfficientNetBO with CLAHE
preprocess- ing for improved feature extraction and
classification of chest X-ray images.

e It provides prediction along with confidence score and
risk level for better interpretation of results.

e Grad-CAM visualization is integrated to highlight impor-
tant regions in the X-ray images.

e The model is designed to give stable and consistent
outputs across multiple runs

The remainder of this paper is organized as follows:
Section Il discusses related work, Section Il presents the
motivation and problem statement, Section IV explains the
methodology, Sec- tion V shows experimental results, and
Section VI concludes the paper.

1. RELATED WORK

Recently, artificial intelligence has been applied
extensively in the field of analyzing medical images,
specifically for detecting any lung ailments from the chest
X-ray images. There are several researchers who have been
working on various methods based on deep learning to
detect any cases of pneumonia or other lung anomalies [1],
[2]. Such systems not only help in saving time while
diagnosing but also assist the doctor during the decision-
making process.

A common technique that has been employed by
several researchers while classifying the medical images is
convo- lutional neural networks (CNNSs). This technique
makes use of the neural networks to automatically detect
the necessary features in the data [3], [4]. Researchers also
use transfer learning to classify the images using pre-trained
models [5], [6]. Apart from the above, there are researchers
who made use of multiple models for improving accuracy
[7]. Additionally, the researchers make use of large datasets
such as ChestX-ray8 to train their models [8].

In an effort to further boost efficiency, the approaches
considered the impact of incomplete or inaccurate input data
due to employing external datasets along with enhanced
train- ing approaches [9]. However, conventional CNN
architectures might prove insufficient when it comes to
computational cost. Hence, novel approaches based on
architecture redesigns are proposed, which provide high
accuracy levels through reduced parameters and effective
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scaling of the neural network [10]. Such architectures prove
particularly useful in the field of med- ical image
processing.A preprocessing step was also employed during
image analysis in order to ensure a higher quality of the
visual content. For example, the CLAHE technique helped
enhance the visibility of certain details in the images, which
made it possible for the model to recognize specific
elements and improve its efficiency [11].

Along with accuracy and efficiency, explainability has
be- come an essential aspect of medical solutions. Thus,
methods such as Grad-CAM were used to reveal the specific
areas of an input image that affected the model’s output [12].
Furthermore, efforts have been made to analyze CNN results
in an attempt to interpret their significance [13]. Explainable
Al also proved to be relevant for medical applications [14].

Although many such research works have been done
before, the majority of those are concerned mostly about the
accuracy of classification. Only some systems attempt to
integrate the process of preprocessing along with other
components of efficiency, visualization, and auxiliary
components such as confidence and risk level measures.
Thus, there remains the requirement of developing an
integrated system that can serve in a realistic environment of
medicine. In addition, most of the current models are not
much concerned about the consistency of their outputs after
repeated usage. Hence, developing a system that provides
consistency and interpretability is another requirement.

1. MOTIVATION AND
PROBLEM STATEMENT

» Motivation

The motivation behind this project is to make a
computer- based system for the detection of early stages of
lung disease through chest X-ray images. It is quite
challenging for us to differentiate between normal and
affected images because there is no major difference
between them. Due to this challenge, diagnosis of disease
mostly relies on expert doctors. Another motivation behind
using deep learning is the speed of analysis of X-ray
images. If we have fewer experts in any region, then it will
be quite hectic for them to analyze such a large amount of
data. Deep learning can be really useful for us in this
regard.

It must be kept in mind that almost all existing models
provide only predictions as their output without going into
details of them. Due to this, it gets a bit tough for us
to fully rely on those models. We should work on a model
that provides some extra outputs, such as probability score
and visual output as well.

> Problem Statement

The detection of lung disease, including pneumonia,
using chest X-ray images poses many challenges since the
images may not be perfect and variations between the
classes are minute. Though many deep learning-based
models are avail- able for detection, mostly the models focus
on only improving accuracy.
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Moreover, many of the models function as a black
box. In such cases, it becomes difficult for the doctors to
use the models since they do not know how the predictions
are done. Therefore, there arises a necessity to design an
application that will use the chest X-ray images as input,
preprocess them, and categorize them based on normal, lung
opacity, and viral pneumonia. Moreover, along with
classification, it is necessary for the model to provide the
risk level, confidence score, and visualization using Grad-
CAM. The overall aim of the model would be assisting the
analysis process and early detection, but without replacing
the doctor.

V. PRELIMINARIES

» Use of Deep Learning for Detection of Diseases from
Images

Nowadays, deep learning plays an important role in the
field of medical image analysis, as deep learning techniques
are often employed in order to detect diseases based on
images like chest x-rays. There is no need for hand-crafted
features in medical image analysis using deep learning. Deep
learning can easily capture fine details in images, even those
that cannot be perceived by humans.

Chest X-ray images serve as the inputs in this study.
Due to the presence of noise or low-contrast images,
preprocessing of chest x-ray images is done before they are
provided to the model. The role of deep learning is that it
serves as the core part of the whole system by providing
relevant features learned from the image inputs.

» EfficientNet for Image Classification

EfficientNet is an advanced machine learning technique
that achieves high levels of precision while reducing the
number of parameters in the model through the efficient
trade-off between network depth, width, and resolution.As a
result, it outperforms numerous other CNN-based systems.

In the proposed system, the task of classifying the
chest X- ray images is performed by EfficientNetBO0. This
network is capable of identifying meaningful features in
images, which improves its performance significantly.

» Image Preprocessing by CLAHE

The pre-processing stage is very crucial before feeding
the data to the neural network architecture. Medical images
such as X-rays tend to have poor contrasts, making it hard
for us to be able to identify some significant areas within the
image. For this reason, CLAHE (Contrast Limited Adaptive
Histogram Equalization) is applied.

CLAHE increases the contrast of the medical image.
This will enable us to be able to identify small parts of the
lung that we would have missed otherwise.

» Data Augmentation

The process of data augmentation is done in order to
en- hance the quantity of the data set and improve the
performance of the model. Since medical data sets have a
limited number of images, data augmentation methods are
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employed.

In our project, various methods such as rotation,
flipping, and zooming are employed in creating diverse
images from the already existing images.

» Visualization Using Grad-CAM

Most deep learning algorithms can be considered
black box algorithms since it is not easy to comprehend how
the predictions are made by the algorithm. The use of
visualization algorithms such as Grad-CAM solves this
problem.

Grad-CAM picks out those parts of the image that
affect the predictions made by the algorithm. Grad-CAM is
used in this project to visualize the heatmaps of regions in
chest x-ray images that have been identified.

» Performance Metrics

The following metrics are utilized to determine the
perfor- mance of the model. The number of correct
predictions can be determined using accuracy. Precision and
recall will assist in finding the performance of the model for
identifying positive instances.

These metrics will assist in determining the
performance of the model rather than relying solely on the
accuracy measure.

» Output of System and Interpretation of Output

The input of the system is an X-ray image of the chest,
and the output of the system will be in the form of a class
like Normal, Lung Opacity, or Viral Pneumonia. Other than
that, it will also provide other information, like a
confidence score and risk level.

This helps to make the user aware of the information
provided by the system. This system can be used as an
aid for any medical analysis, but it should not be used
instead of doctors.

V. METHODS TO BE USED IN
THE PROPOSED MODEL

In the proposed model, the system detects any lung
diseases from chest x-ray images through deep learning
algorithms. The major emphasis in the proposed model is
laid on the preprocessing of the image, then efficient feature
extraction via EfficientNetB0, and finally, giving
interpretable output using visualization techniques.

WWW.ijisrt.com 2962


https://doi.org/10.38124/ijisrt/26may1510
http://www.ijisrt.com/

Volume 11, Issue 5, May — 2026
ISSN No:-2456-2165

» System Workflow
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Fig 1 Overall System Workflow

The workflow of the system begins when the chest X-
ray image is entered as an input to the model via the user
interface. The input image then undergoes preprocessing,
which includes contrast-limited adaptive histogram
equalization. After prepro- cessing, normalization of
EfficientNet is performed on the image.

While training the model, different methods like
rotation, zoom, and horizontal flipping have been used to

augment the data and increase the size of the training set.
Then, the input image is sent to EfficientNet BO for feature
extraction.

EfficientNetB0 then classifies the image into one of
three classes viz., normal, lung opacity or viral pneumonia.
Post classification, a heatmap is generated for the input
image using the Grad-CAM technique.
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Fig 2 Image Processing Workflow of the Proposed System
» Image Processing Workflow this regard, the image undergoes resizing and

This section provides detailed information on the
processing steps applied to the input chest x-ray image. In
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normalization, followed by CLAHE to enhance contrast and
increase visibility of lung areas.
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Next, various forms of data augmentation are applied
dur- ing training, thereby increasing the size of the dataset.
The processed image is then fed into the EfficientNetBO
model to extract features.

Finally, the prediction step involves applying Grad-
CAM to identify the salient regions in the image. The final
output is provided together with the prediction and
associated risk.

» Image Preprocessing and Data Augmentation

Initially, input images are preprocessed using CLAHE
(Con- trast Limited Adaptive Histogram Equalization) to
enhance contrast. The image is transformed from RGB
format to LAB, where the luminance channel is then
subjected to histogram equalization to make lungs visible.

Once the images have been preprocessed, they are aug-
mented using ImageDataGenerator. Methods like rotation,
zooming, and flipping are applied. This ensures that the
model will not be overfitted during training.

» Model Architecture

The EfficientNetBO model is used as a base model for
feature extraction with pre-trained weights from the
ImageNet database. The layers of the network are truncated,
and new classification layers are added to the base model.

A global average pooling step is applied to decrease
feature dimensionality, then a batch normalization layer.
Next, there is a dense layer with a ReL U activation function
and dropout to overcome overfitting issues, and finally a
softmax layer is used to classify the image into three classes.

The base model layers are not trained during the
process; instead, they are frozen to preserve their learned
features.

» Training Approach

For training the model, the Adam optimization
algorithm together with categorical cross-entropy is used.
Moreover, the early stopping technique is used to avoid
overfitting.

In the training, the primary emphasis is laid on learning
from the customized classification layers without
changing the underlying layers of the EfficientNetBO model.
This way, the model benefits from pre-trained features,
saves time, and attains generalization.

» Performance Evaluation

Performance of the model is measured based on
accuracy, precision, recall, and F1-score.A confusion matrix
is also calculated for analyzing the performance of
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classification for each class.

The model is tested against the validation dataset, and
predictions are compared to ground truth labels. This assists
us in understanding the performance of the model and
detecting any errors that might have occurred.

» System Output and Deployment

The last step is to save and deploy the model within a
front-end interface that has been built using web
programming languages. This allows the user to upload a
chest X-ray image and receive the prediction result.

Output consists of prediction class, probability score,
and associated risk level. Moreover, the Grad-CAM method
is used to provide visualizations of areas in the lungs that are
affected.

It is important to mention that the application serves as
an auxiliary means for analysis purposes only.

VI. RESULTS AND DISCUSSION

» Experimental Setup

The experimental setup was conducted to measure the
performance of the deep learning model that is developed to
detect lung disease from chest X-ray images. Python was
used to implement the model with TensorFlow and Keras
packages. OpenCV was used for image preprocessing, while
Matplotlib and Seaborn were employed for visualization.

In the experimental setup, the dataset was imported
from Google Drive for training purposes. EfficientNetBO
with CLAHE and data augmentation was used to train the
model in a GPU environment.

The dataset was partitioned into training, validation,
and test datasets to facilitate appropriate testing and avoid
overfitting issues during model training. Image resizing and
normalization techniques were performed on images before
being fed into the model.

Data augmentation techniques, including rotation, flip,
and zoom, were utilized for improving the robustness of the
model. Accuracy, precision, recall, F1-score, and confusion
matrix were some of the metrics used to analyze the
performance of the model.

Early stopping and learning rate reduction techniques
were used during the training stage to enhance model
convergence and classification performance. The final
training process was performed with test images for
validation purposes.

Table 1 System Configuration Details

System Processor RAM Platform
Training System Intel i7 / GPU 16 GB Google Colab
Testing System Intel i5 8 GB Local Machine
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> Dataset Description The images were preprocessed and augmented to improve
The dataset contains chest X-ray images grouped into model performance.

three classes: Normal, Lung Opacity, and Viral Pneumonia.

4,000

Normal

3,000 (Low Risk) Lung Opacity

(Danger)

2,000 Q
a
(High Risk)
0

1,000
Viral Pneumoni

. Lung Opacity (Danger) . Viral Pneumonia (High Risk) - Normal (Low Risk)

Fig 3 Dataset Distribution

Fig. 3 shows the class distribution. Variation in image custom model in order to avoid overfitting.
quality helps the model learn generalized features.
The model performed excellently on validation when

» Model Training Performance clas- sifying chest x-rays.
Training was done using the pretrained EfficientNetBO
base layers with the classification layers updated for the » Performance Evaluation
300
Lung
Opacity 250
200
@
-g Viral
-l Pneumonia 150
W
2
—
100
Normal 50
0

Lung Opacity Viral Pneumonia Normal

Predicted Label
Fig 4 Confusion Matrix
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Model performance was measured in terms of The model is able to classify the three classes with
accuracy, precision, recall, and F1 Score. The confusion very little error.
matrix in Fig. 4 depicts classification outputs by the
classifier for each of the classes. » Visualization Results using Grad-CAM
Input Chest X-ray Grad-CAM Heatmap Prediction Results
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Fig 5 Grad-CAM Visualization Results

Grad-CAM highlights important regions in chest X-ray images. The heatmaps show where the model focuses while making
predictions, helping to understand its behavior.

» Sample Output Description

@ Prediction Result

Viral Pneumonia

Confidence: 1000

Risk

Original X-ray Grad-CAM Heatmap

| l l

Fig 6 Sample Output of the System
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The system outputs predicted class, confidence score The new proposed system utilizes CLAHE
and risk level, making the results easier to interpret. preprocessing, EfficientNetBO, Grad-CAM visualization,

and others to in- crease its practicality.
» Comparing With Existing Literature
Existing systems emphasize accuracy but lack the
compo- nents such as preprocessing and visualization.

Table 2 Comparison with Existing Methods

Method Preprocessing Visualization Extra Output
CNN Models No No No
Transfer Learning Models Proposed System Partial Yes No Yes No Yes
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