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ABSTRACT

Pneumonia is a severe respiratory infection that
significantly  affects  pediatric ~ populations
worldwide and remains one of the leading causes of
mortality among children under five years of age.
Early diagnosis is critical for effective treatment;
however, interpreting chest X-ray images requires
skilled radiologists and considerable clinical
experience. In many healthcare settings, especially
in developing regions, the shortage of trained
radiologists leads to delayed diagnosis and
increased medical risks. Recent advances in
artificial intelligence and deep learning have
enabled automated medical image analysis systems
capable of assisting healthcare professionals in
disease detection. This project proposes an
Explainable Artificial Intelligence (XAI) driven
system for pediatric pneumonia detection from
chest X-ray images. The system utilizes a transfer
learning approach based on the DenseNetl21
convolutional neural network architecture to
classify X-ray images into pneumonia and normal
categories. A curated pediatric chest X-ray dataset
is used for training and validation to ensure
balanced representation and improved model
generalization. To enhance transparency and
clinical trust, the proposed system integrates
Gradient-weighted Class Activation Mapping
(Grad-CAM), which highlights important regions
in the X-ray image that contribute to the model’s
decision. These visual explanations allow clinicians

to better understand the model predictions and
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verify diagnostic relevance. Additionally, the
developed framework includes a secure web-based
application that enables users to upload X-ray
images and receive automated predictions with
confidence scores and visual explanations.
Experimental results demonstrate that the proposed
model achieves high classification accuracy and
reliable performance compared with traditional
diagnostic approaches. The system provides a cost-
effective computer-aided diagnostic tool that can
support early pneumonia screening and assist
healthcare professionals in improving clinical

decision making.
I INTRODUCTION

Pneumonia is one of the most serious respiratory
infections affecting children worldwide and
remains a leading cause of death among pediatric
populations, particularly in developing countries
[1]. The disease is characterized by inflammation
of the lung tissues caused by bacterial, viral, or
fungal infections [2]. According to global health
organizations, millions of children are diagnosed
with pneumonia each year, emphasizing the need
for rapid and accurate diagnostic techniques [3].
Chest radiography, commonly known as chest X-
ray imaging, is widely used for diagnosing
pneumonia due to its availability and relatively low
cost [4]. Radiologists analyze X-ray images to
identify abnormal patterns such as lung opacities,
consolidations, and infiltrates that indicate infection

[5]. However, accurate interpretation requires
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specialized expertise and significant clinical
experience [6]. In many healthcare facilities,
especially in rural and underdeveloped regions, the
number of trained radiologists is limited [7]. This
shortage often leads to diagnostic delays and
inconsistent interpretations [8]. Furthermore, heavy
workloads and fatigue can reduce diagnostic
accuracy even among experienced radiologists [9].
As a result, computer-aided diagnostic systems
have emerged as promising tools to support
clinicians in analyzing medical images [10]. Recent
developments in machine learning and deep
learning have significantly improved automated
medical image analysis capabilities [11].
Convolutional Neural Networks (CNNs) have
shown remarkable success in extracting complex
features from medical images [12]. These models
automatically learn hierarchical representations that
are highly effective for image classification tasks
[13]. Deep learning approaches have been widely
applied to various medical imaging problems,
including tumor detection, retinal disease
classification, and lung disease diagnosis [14].
Transfer learning techniques further enhance model
performance by leveraging knowledge from pre-
trained neural networks trained on large datasets

[15].

Despite the promising performance of deep
learning models in medical image classification,
one of the major challenges is the lack of
interpretability in model predictions [16]. Many
deep learning systems operate as “black boxes,”
making it difficult for clinicians to understand how
predictions are generated [17]. In medical
applications, interpretability and transparency are
essential to ensure clinical reliability and trust [18].
Explainable  Artificial Intelligence (XAI)
techniques have been introduced to address this
issue by providing visual or textual explanations

for model decisions [19]. One widely used XAI
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technique is Gradient-weighted Class Activation
Mapping (Grad-CAM), which highlights important
regions in an image that influence the model's
classification decision [20]. By visualizing these
regions, clinicians can verify whether the model
focuses on medically relevant areas in chest X-ray
images [21]. Several studies have demonstrated
that integrating explainability methods improves
trust and usability in Al-based diagnostic systems
[22]. Additionally, modern Al systems are
increasingly integrated into web-based platforms
that allow easy access to diagnostic tools [23].
These platforms enable healthcare professionals to
upload medical images and obtain automated
analysis results in real time [24]. The integration of
deep learning models with cloud or web
technologies allows scalable and accessible
healthcare solutions [25]. In this context, the
proposed project aims to develop an explainable
Al-based pediatric pneumonia detection system
using chest X-ray images [26]. The system employs
a DenseNetl2l deep learning architecture
combined with Grad-CAM visualization to provide
accurate and interpretable predictions [27]. A web-
based interface is developed to enable users to
upload X-ray images and obtain classification
results along with visual explanations [28]. By
combining advanced deep learning techniques with
explainable Al and user-friendly interfaces, the
proposed system aims to assist clinicians in early
pneumonia detection and improve healthcare
decision making [29]. Such intelligent diagnostic
tools have the potential to reduce diagnostic errors
and enhance clinical efficiency in modern

healthcare environments [30].
II LITERATURE SURVEY

Recent research in medical image analysis has
shown significant progress in the application of

artificial intelligence techniques for disease
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diagnosis [1]. Early computer-aided diagnostic
systems relied on traditional machine learning
algorithms such as Support Vector Machines and
decision trees for medical image classification [2].
These methods required manual feature extraction
techniques to identify relevant patterns in medical
images [3]. However, handcrafted feature
extraction methods often failed to capture complex
image characteristics [4]. The introduction of deep
learning models significantly improved automated
feature learning in medical imaging applications
[S]. Convolutional Neural Networks (CNNs)
became the dominant approach due to their ability
to automatically extract hierarchical features from
images [6]. Researchers demonstrated that CNN-
based models could outperform traditional machine
learning techniques in medical image classification
tasks [7]. In the context of pneumonia detection,
several studies have explored CNN architectures
trained on chest X-ray datasets [8]. One influential
work utilized a large dataset of chest X-ray images
to develop a deep neural network capable of
detecting multiple thoracic diseases [9]. Similarly,
transfer learning techniques using pre-trained
networks such as VGGNet, ResNet, and DenseNet
have been widely adopted to improve pneumonia
detection accuracy [10]. These models leverage
knowledge learned from large image datasets and
adapt it to medical imaging problems [11].
DenseNet architecture has gained popularity due to
its efficient feature reuse and improved gradient
flow [12]. Studies have shown that DenseNet-based
models achieve high performance in chest X-ray
classification tasks [13]. Additionally, dataset
augmentation techniques such as image rotation,
scaling, and flipping have been applied to improve
model generalization [14]. These techniques help
reduce overfitting and improve classification

performance on unseen data [15].
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Although deep learning models demonstrate high
accuracy in medical image classification, their lack
of transparency remains a significant challenge
[16]. Clinicians often hesitate to rely on Al
predictions without understanding how decisions
are generated [17]. To address this issue,
researchers have introduced explainable artificial
intelligence methods that provide insights into
model behavior [18]. Visualization techniques such
as saliency maps, Layer-wise Relevance
Propagation, and Grad-CAM have been proposed
to interpret deep learning predictions [19]. Grad-
CAM is particularly effective in highlighting
important regions in 1images that influence
classification decisions [20]. Several studies have
applied Grad-CAM to chest X-ray analysis to
improve interpretability in pneumonia detection
systems [21]. These visual explanations allow
clinicians to verify whether the model focuses on
clinically — meaningful lung regions [22].
Furthermore, explainable models help identify
potential errors or biases in deep learning
predictions [23]. Recent research has also focused
on integrating Al models with web-based
healthcare platforms for real-time diagnostic
support [24]. Such systems enable healthcare
professionals to upload medical images and receive
automated predictions through user-friendly
interfaces [25]. Cloud-based deployment further
improves scalability and accessibility of Al
diagnostic tools [26]. Studies have shown that
integrating Al-based diagnostic systems into
clinical workflows can improve efficiency and
reduce diagnostic workload [27]. However,
ensuring data privacy, model reliability, and clinical
validation remains an important challenge [28].
Continuous research is therefore required to
develop accurate, interpretable, and clinically
reliable Al-based medical imaging systems [29].

The proposed explainable pneumonia detection
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system builds upon these advancements to provide
both accurate predictions and interpretable visual

explanations for pediatric chest X-ray analysis [30].

IITI METHODOLOGY

The proposed system for pediatric pneumonia
detection follows a structured methodology
involving dataset preparation, model development,
explainability ~ integration, and  web-based
deployment. Initially, a pediatric chest X-ray
dataset is collected from publicly available medical
imaging repositories containing images categorized
as pneumonia and normal cases. The dataset
undergoes preprocessing steps including image
resizing, normalization, and augmentation to
improve model performance and reduce overfitting.
Data augmentation techniques such as rotation,
flipping, and scaling are applied to increase dataset
diversity and improve generalization capability.
After preprocessing, the dataset is divided into
training, validation, and testing subsets to evaluate
model performance effectively. The core of the
proposed system is a deep learning model based on
the DenseNetl21 convolutional neural network
architecture. DenseNet121 is selected due to its
efficient feature reuse, reduced number of
parameters, and strong performance in medical
image classification tasks. Transfer learning is
applied by initializing the model with weights pre-
trained on a large image dataset and fine-tuning it
on the pediatric chest X-ray dataset. The model
learns to extract meaningful features from X-ray
images and classify them into pneumonia or normal
categories. To improve model interpretability, the
system integrates  Gradient-weighted  Class
Activation Mapping (Grad-CAM), which generates
heatmaps highlighting important regions of the
image that influence the model’s prediction. These

heatmaps allow clinicians to visually verify
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whether the model focuses on lung regions
associated with pneumonia. The trained model is
then integrated into a web-based application
developed using modern web frameworks. The
application allows users to upload chest X-ray
images, process them through the trained model,
and display prediction results along with
confidence scores and Grad-CAM visualizations.
This integrated system provides an efficient and
accessible platform for automated pneumonia
detection while ensuring interpretability and

clinical usability.
IV SYSTEM DESIGN

The system architecture of the proposed
Explainable = Al-Driven Pediatric = Pneumonia
Detection ~ System  consists of  multiple
interconnected modules designed to perform image
processing, disease classification, explainability
generation, and user interaction through a web
interface. The first component of the system is the
data input module, which allows users to upload
chest X-ray images through a secure web
application interface. The wuploaded image is
validated to ensure compatibility with the system’s
processing requirements. Once the image is
accepted, it is passed to the preprocessing module
where several operations are performed to prepare
the image for deep learning analysis. These
preprocessing steps include resizing the image to a
fixed dimension suitable for the neural network,
normalizing pixel values, and converting the image
format if required. After preprocessing, the image
is forwarded to the deep learning model module.
The core classification engine is based on the
DenseNetl21  convolutional neural network
architecture. DenseNet uses densely connected
convolutional layers that improve feature
propagation and reduce redundancy in the network.

The model extracts complex spatial features from
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the chest X-ray image and performs classification
to determine whether the image indicates
pneumonia or a normal condition. The output of
this module includes a predicted class label along
with a probability score representing the confidence

of the prediction.
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The second major component of the system design
is the explainability module, which improves
transparency and interpretability of the deep
learning model. This module implements the Grad-
CAM algorithm to generate visual heatmaps
indicating the regions of the X-ray image that
influenced the classification result. Grad-CAM
works by analyzing the gradients of the predicted
class with respect to the convolutional feature maps
within the network. The resulting heatmap is

overlaid on the original X-ray image, highlighting

Vol. 22, No. 1, 2026

the areas that contributed most to the prediction.
This visualization helps clinicians understand the
reasoning behind the model’s decision and verify
whether the model is focusing on medically
relevant lung regions. The final component of the
system is the web application interface, which
provides a user-friendly platform for interacting
with the AI model. The interface allows users to
upload X-ray images, view classification results,
and visualize Grad-CAM heatmaps directly
through a browser. The backend server processes
the uploaded images, executes the deep learning
model, and returns results in real time. This
modular  system design ensures efficient
processing, interpretability, and ease of use, making
the platform suitable for supporting clinical

decision making in pneumonia diagnosis.
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V PROPOSED SYSTEM

The proposed system introduces an Explainable
Artificial Intelligence-based framework designed to
detect pediatric pneumonia from chest X-ray
images while providing interpretable predictions.
The primary objective of the system is to assist
healthcare professionals by providing a reliable
computer-aided diagnostic tool capable of
identifying pneumonia at an early stage. The
system utilizes deep learning techniques,

specifically the DenseNet121 convolutional neural
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network architecture, due to its strong capability in
feature extraction and image classification.
DenseNetl121 connects each layer to every other
layer in a feed-forward manner, allowing efficient
information flow and better feature reuse. This
architecture improves model performance while
reducing the number of parameters compared to
traditional convolutional networks. The proposed
system employs transfer learning to leverage
knowledge from pre-trained models trained on
large image datasets. By fine-tuning the model
using pediatric chest X-ray images, the system
learns to identify important visual patterns
associated with pneumonia infections. The dataset
used for training is carefully preprocessed and
balanced to ensure reliable model learning. Data
augmentation techniques such as image rotation,
scaling, and flipping are applied to increase dataset
diversity and improve model generalization. The
trained model performs binary classification,
predicting whether a given X-ray image

corresponds to a pneumonia case or a normal case.

A key innovation of the proposed system is the
integration of explainable artificial intelligence
techniques to improve transparency and clinical
trust. Traditional deep learning models often
operate as black boxes, making it difficult for
clinicians to understand the basis of their
predictions. To address this limitation, the proposed
system  integrates  Gradient-weighted  Class
Activation Mapping (Grad-CAM) to generate
visual explanations for model decisions. Grad-
CAM produces heatmaps that highlight specific
regions of the chest X-ray image that contributed to
the classification result. These heatmaps allow
healthcare professionals to verify whether the
model focuses on medically relevant areas such as
lung opacities or infection regions. In addition to
the deep learning model, the system includes a

web-based application that allows users to upload
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chest X-ray images and receive diagnostic
predictions instantly. The application processes the
image through the trained model and displays the
classification result along with the probability score
and Grad-CAM visualization. This integrated
approach combines accurate deep learning
predictions with interpretable explanations and an
accessible interface. The proposed system therefore
provides an efficient and transparent tool that can
support radiologists and clinicians in diagnosing
pediatric pneumonia more quickly and accurately,
ultimately contributing to improved healthcare

outcomes.
VI RESULTS & DISCUSSION

The experimental evaluation of the proposed
pneumonia  detection  system  demonstrates
promising performance in classifying pediatric
chest X-ray images. The DenseNetl21-based
model trained using transfer learning achieved high
classification accuracy, indicating its ability to
effectively extract meaningful features from
medical images. The model was evaluated using
standard performance metrics such as accuracy,
precision, recall, and Fl-score to measure
classification effectiveness. The results show that
the system can reliably distinguish between
pneumonia-infected and normal chest X-ray
images. The integration of Grad-CAM significantly
enhances the interpretability of the model by
generating heatmaps that highlight the lung regions
influencing  the  prediction. These  visual
explanations provide valuable insights for
clinicians and help validate the diagnostic decision
made by the model. The web-based interface
allows real-time image analysis and prediction,
making the system practical for clinical
environments. Overall, the results demonstrate that
the proposed explainable Al system can effectively

support pneumonia diagnosis.
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proposed solution represents a valuable computer- Learning. MIT Press.
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