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Abstract—The complete workflow of the proposed system is
illustrated in Fig. 1. The first step involves obtaining the chest X-
ray images from various datasets followed by performing several
preprocessing activities like resizing, normalization, and lung
region segmentation to ensure that their sizes are standardized
while excluding any extra components from them. In order
to achieve more robustness and generalization, a diverse set
of augmentation methods like rotation, flipping, zooming, and
shifting is employed to increase the dataset size. After that, the
augmented images are provided to deep neural networks like
ResNet50, MobileNetV2, and DenseNet121 based on the transfer
learning concept. Simultaneously, these neural networks are
capable of extracting hierarchal deep features from the images
and classifying them into two categories, including pneumonia
and normal cases. Soft voting ensemble technique is implemented
on their outputs using the average of probability scores to obtain
higher accuracy and stability of the final result. An attention-
based technique is further used to give more emphasis to the
infected lung parts by weighting them. Lastly, Grad-CAM is
implemented to interpret the working principle of the models.

Index Terms—Pneumonia Detection, Chest X-ray, Deep Learn-
ing, Ensemble Learning, Explainable AI, Transfer Learning,
Grad-CAM

I. INTRODUCTION

Pneumonia is an infectious illness of the lung organ that
causes many deaths and disabilities around the world. It occurs
more frequently among children, older people, and individuals
with immune system deficiencies. The process of detecting
pneumonia at its early stages can be done through chest X-
ray image recognition. Nevertheless, this method poses the
challenge of inconsistent diagnoses by experts since such a
process demands particular competencies.

There is a rising trend of employing machine learning sys-
tems that automate the process of recognizing illnesses based
on medical pictures. Alongside other models, deep learning
systems are successfully applied for pneumonia identification.
For example, transfer learning techniques that utilize convo-
lutional neural networks like ResNet, VGG, MobileNet, and
DenseNet121 are applied because of their high effectiveness
and accuracy. Nonetheless, current algorithms still face some
challenges with regard to overfitting, poor generalizability, and
limited attention on particular areas.

In order to overcome the problems of the existing deep
learning techniques, the idea of applying ensembles was born.
Yet, the strategy for developing ensembles is quite straightfor-
ward, assuming that all characteristics are equally important
in making predictions. This does not work for medical images
since each part carries unique clinical importance.

However, another impediment associated with the use of
this deep learning model is that it lacks interpretabillty. As
a result, doctors have trouble trusting the results produced
by this framework. Some possible solutions to the mentioned
problem include the use of XAI approaches such as Grad-
CAM since it provides visual explanation through heatmaps,
allowing us to see which areas of the image influence the
decision-making process of the model.

In light of the challenges discussed above, the present
research proposes an approach called Attention-Enhanced Ex-
plainable Ensemble Framework (A3EF) that can be used to
diagnose patients with pneumonia on the basis of chest X-
ray images. This model is based on transfer learning-based
CNNs, soft voting technique in ensembling, and Grad-CAM
as the method of making the decision-making process under-
standable.

The main contributions of this work are summarized as
follows:

• Development of an attention-enhanced ensemble frame-
work for improved pneumonia detection accuracy.

• Implementation of a soft voting ensemble to enhance
robustness and generalization.

• Incorporation of Grad-CAM for visual interpretability of
model predictions.

• Evaluation on multiple datasets to ensure reliability and
practical applicability.

Experimental results demonstrate that the proposed frame-
work achieves an accuracy of 96%, outperforming individual
baseline models while providing interpretable and clinically
relevant predictions.

II. LITERATURE SURVEY

In recent times, the application of deep learning methods has
been significantly effective in the automatic detection of pneu-



monia from chest X-rays. Earlier research has focused on the
design of CNNs using transfer learning techniques like VGG,
MobileNet, ResNet, and DenseNet. The pre-trained weights of
these neural networks are based on ImageNet database. As a
result, they provide acceptable classification accuracy even for
a relatively small dataset of medical images. While a number
of researchers have achieved impressive results through the
classification using these CNNs, one disadvantage of single
model classification is the potential risks of overfitting and
generalization.

Ensemble learning methods can be applied effectively in
medical image analysis to resolve the shortcomings of single
models. Some methods, such as bagging, boosting, and stack-
ing, are useful in integrating the outputs from several models to
increase their classification accuracy, robustness, and stability.
By integrating the outputs of various networks, it becomes
possible for an ensemble classifier to have improved general-
ization capabilities. When it comes to pneumonia detection,
ensemble methods perform better than single CNNs concern-
ing classification accuracy. Nevertheless, a critical challenge
in traditional ensemble learning is that it involves a simple
approach to combining outputs without considering spatial
dependencies.

The second trend worth mentioning is the development of
attention mechanisms that can be used in order to enhance
feature representation within deep learning systems. Using
attention mechanisms allowed the researchers to significantly
improve the classification of medical images since it was
possible to focus on the particular areas where the certain
characteristics were detected, remove all irrelevant factors, and
make this process more interpretable.

However, another crucial issue associated with the intro-
duction of deep learning algorithms in clinical practice is the
problem of interpretability. Although deep learning algorithms
tend to work well, they often become black boxes due to the
complexity of calculations that makes them difficult to im-
plement. Therefore, approaches associated with XAI become
especially popular. One of such solutions is Grad-CAM and
SHAP.

Further, recent studies have emphasized the importance of
using multiple source datasets in order to create models that
are more generalized and robust. Models that train only from
one type of dataset will not work effectively during testing
due to the challenges faced such as domain shifts and biases
of data. Multiple source datasets are important in solving
this challenge as they provide variability for various types of
images, patient conditions and diseases.

Although progress is being made regarding individual stud-
ies for transfer learning, ensembles, attention network models
and AI explainability, there is limited research that combines
all these aspects in one paper. Additionally, many of the studies
available in literature have not done an assessment of the
effectiveness of these models using multiple datasets besides
considering the interpretability of these systems.

Thus, there is the need to formulate an interpretability
framework that uses advanced attention-based feature extrac-

tion techniques and an ensemble classifier combined with
explainable artificial intelligence. In this regard, the study
seeks to fill this gap by developing the Attention Enhanced
Explainable Ensemble Framework.

III. PROBLEM STATEMENT

The situation of pneumonia is one of the crucial conditions
that have to be diagnosed timely in order not to cause deaths of
children and older people. One of the most common methods
of diagnoses is related to the examination of chest using
X-rays due to simplicity and relatively inexpensive cost of
the technique. On the other hand, implementation of this
method poses several challenges since it requires significant
knowledge and experience from a radiologist.

There were many studies conducted in the field of computer
science concerning the issue that have been able to develop
systems of deep learning that could successfully diagnose
the patients with pneumonia basing on the images of chest.
Nevertheless, there were some major disadvantages in such
techniques that included inability to learn generalizations of
samples and inability to identify relationships among the zones
of images. Moreover, complicated structure of such algorithms
made their interpretation rather difficult.

Thus, it makes sense to introduce an improved technique to
make the processes easier.

IV. OBJECTIVES

The main objective of this research is to develop an efficient
and interpretable deep learning framework for pneumonia
detection using chest X-ray images. The specific objectives
are as follows:

• To develop a pneumonia detection system using transfer
learning-based CNN models.

• To implement an ensemble learning approach to improve
model performance, robustness, and generalization.

• To address class imbalance issues using techniques such
as class weighting and focal loss.

• To integrate Explainable Artificial Intelligence (XAI)
techniques, such as Grad-CAM, for visual interpretation
of model predictions.

• To train and evaluate the model on multiple datasets to
ensure improved generalization and real-world applica-
bility.

• To achieve high classification accuracy while maintaining
interpretability and reliability for potential clinical use.

V. METHODOLOGY

A. System Overview

The suggested approach would use the Attention Enhanced
Explainable Ensemble Framework (A3EF) for developing an
automated detection system for pneumonia using chest X-ray
images. In general, the A3EF follows four main phases. Firstly,
chest X-rays are collected from diverse datasets where the
images undergo some pre-processing steps such as normaliza-
tion, resizing, and segmentation of lungs. Data augmentation
is performed to diversify the existing datasets.



During the second phase, transfer learning-based CNN
models such as ResNet50, MobileNetV2, and DenseNet121
are used to extract meaningful deep features from the input
images. Specifically, each of the models is further trained for
binary classification that classifies the images into pneumonia
and healthy patients. To ensure accuracy and minimize the bias
in model predictions, an ensembling method named soft voting
is applied that merges the prediction outputs of all models. An
attention module is further integrated into the framework to
emphasize the relevant portions of the lungs.

The final step towards addressing the significance of inter-
pretability in the field of medicine is to incorporate the use
of Grad-CAM in the model. The justification for incorporat-
ing Grad-CAM is that it facilitates the visualization process
through heat maps, which highlight the contributing regions
of the model’s decision-making process.

B. Dataset

Multiple datasets of chest X-rays are employed to enhance
generalization and robustness. The first dataset comprises chest
X-rays of children and has been categorized into two classes,
namely Normal and Pneumonia. The second dataset involves
lung masks corresponding to the first dataset, to promote
regional-based learning.

C. Data Preprocessing

All the pictures included in the databases are normalized
in terms of dimensions and resized to the dimensionality of
(224 * 224) pixels in order to ensure consistency regarding the
input sizes utilized in the deep learning models. Standardizing
the input sizes of images helps in achieving efficiency in
processing batches as well as ensuring that the convolutional
neural network can be trained effectively. Following resizing,
the segmentation of lungs is performed using the help of binary
masks. This technique involves multiplication of the images
with binary masks, thereby removing all the unnecessary
background components like rib bones, markers, and other
tissue elements. By following this technique, it is ensured that
the machine learning model will only pay attention to the lung
fields in the input images.

Following segmentation, the images are then merged to
create an even more varied database of images. In order to
prevent overfitting of the model and improve its generalization
capability, various data augmentation techniques have been
utilized. These data augmentation techniques include random
rotation of images based on patient positioning, horizontal
flipping of the images to allow for symmetry variation, zoom-
ing of images to cover scale variation, and spatial shifting of
images.

D. Class Imbalance Handling

For balancing the class distribution, class weighting and
focal loss methods are used. The weight for each class is
calculated based on the automatic calculation, which will
ensure balanced contribution of classes. On the other hand,
focal loss helps in focusing on hard examples.

E. Model Architecture

The selected deep learning architecture will be a deep con-
volutional neural network, complemented by transfer learning
method. In particular, modifications will be introduced into
such well-known architectures as ResNet50, MobileNetV2,
and DenseNet121. First, the considered architecture is trained
using large ImageNet database where the architecture is able
to create hierarchical features. Then, in the proposed system,
the last classifier layer of each architecture is modified and re-
placed with custom-designed binary classifier that determines
whether a patient has pneumonia or not.

Furthermore, besides replacing the classifier layer with a
new one, another modification is made to the existing deep
learning architecture. Specifically, attention is used in order to
select those elements of the image that are of high importance
for further processing by the network. With the use of atten-
tion, the model is able to pay attention only to the most critical
parts of an image to detect whether there is any pathology
present in it. In particular, thanks to the use of attention in the
model, its attention is directed to the areas of lungs that tend
to become infected.

F. Training Strategy

Attention-Enhanced Explainable Ensemble Framework’s
Training Approach The training approach of the Attention-
Enhanced Explainable Ensemble Framework is designed to op-
timize learning efficiency, increase the model’s generalization
capability, and ensure robustness in various datasets. To begin
with, all prepared and transformed chest X-ray images will be
divided into training, validation, and testing sets so that the
model can be assessed effectively without leaking information
between the datasets. The process of transfer learning is
used, wherein the ResNet50, MobileNetV2, and DenseNet121
architectures are pretrained using ImageNet weights and thus
learn from their feature extraction steps.

The techniques of class balancing, such as class weighting
and focal loss, are applied during the training phase to address
the issue of class imbalance and ensure that the algorithm con-
siders hard examples. The augmentation process is performed
dynamically during training in order to introduce variation
and prevent overfitting. The optimization process involves
optimizing with the aid of an optimizer such as Adam, among
others, together with optimal learning rates and learning rate
schedules.

Training is conducted independently per model but with
identical conditions for all to produce unique features. Fol-
lowing the training stage, the model with the best weights
that performs optimally on the validation dataset is selected.
Finally, a weighted voting scheme is applied whereby pre-
dictions made by the models trained are combined using the
averaging of probabilities. This structured approach ensures
the achievement of optimal accuracy and performance.

G. Ensemble Learning

Models ResNet50, MobileNetV2, and DenseNet121 learn
independently on the same dataset, which is preprocessed and



augmented. Hence, the models learn different features due
to differences in their architecture and the ability of models
to learn. In other words, it is important to mention that this
feature is essential in the construction of an effective ensemble.
Moreover, using different models makes a contribution to
the increase of diversity, which is also essential in building
ensembles. Every model learns probability distribution for
each example for two classes: pneumonia and normal.

In the proposed approach, soft voting is utilized for ag-
gregation of results provided by the models. The difference
from simple voting lies in the fact that the results obtained
with different levels of confidence are considered. In order to
compute the average probabilities of the classes, we have to
average all values obtained for models. After that, we select
the class having the highest average probability.

Such an approach to result aggregation improves stability
and effectiveness of the algorithms. In case of discrepancy in
results for some samples between models, it helps to reduce
a negative effect on the outcome. Thus, a more general and
accurate solution can be provided.

H. Explainability Module

For increasing the accuracy of results, Grad-CAM technique
is used for generating the heat maps indicating the regions
affecting the model’s decision-making process. These inter-
pretations help in identifying whether the model focuses on
important clinical regions of lungs or not.

I. Workflow

A schematic diagram indicating the process flow for the pro-
posed architecture is provided in Fig. 1, indicating a complete
process flow from data collection to generation of interpretable
outputs. The process begins with the collection of chest X-
ray images from various freely available datasets, ensuring
that diversity is considered in terms of the demographic
characteristics of the individuals involved and the environment
in which the imaging process took place. In the next step, the
images undergo some preprocessing operations such as scaling
the image size to a fixed size, normalizing the pixel intensities,
and segmenting the lungs using a binary mask to eliminate the
background image.

Upon successful completion of the pre-processing stage, the
next phase that follows is called data augmentation, where the
amount of data in the dataset is expanded in order to enhance
the generalization capability of the model when faced with
unknown data. The use of data augmentation techniques like
rotation, flipping, zooming, and translation is applied in order
to change the conditions of the imaging process. After training
the models with the augmented data, the output is then passed
through several deep learning algorithms such as ResNet50,
MobileNetV2, and DenseNet121 using a technique known as
transfer learning.

Following this, the predictions from each individual classi-
fier are pooled using the soft voting method, which averages
the probability predictions. The accuracy increases as a result
since it becomes less sensitive to the mistakes made by each

individual model. Finally, the visualization is created using the
Grad-CAM method in order to identify the regions of the chest
X-ray image that have impacted the predictions made by the
model. This explanation will enable better comprehension and
understanding of the predictions for medical practitioners.

Fig. 1. Workflow of the proposed Attention-Enhanced Explainable Ensemble
Framework for pneumonia detection.

VI. RESULTS AND DISCUSSION

Evaluation of the Attention Enhanced Explainable Ensemble
Framework performance is achieved by testing with different
data sets with chest x-rays classified into two categories,
normal and pneumonia. In this study, deep learning technique
has been implemented utilizing GPUs, and the visualization
method used is Grad-CAM.

A. Training and Validation Performance

Accuracy charts from training and validation are shown
in Fig. 2, while loss plots are presented in Fig. 3. The
performance of the model achieves a steady state of validation
accuracy of about 96%.

There is a steady decline in the validation loss that signi-
fies the success of convergence of the neural network. The
incorporation of attention networks helps focus on learning
infection regions.

Fig. 2. Training vs. Validation Accuracy Curve

B. Comparative Analysis with Base Models

To evaluate the effectiveness of the proposed framework,
comparative experiments were conducted with individual base
models, namely ResNet50, MobileNetV2 and DenseNet121.
The results are summarized in Table 1.



Fig. 3. Training vs. Validation Loss Curve

TABLE I
COMPARISON OF MODEL PERFORMANCE

Model Accuracy (%) Precision Recall F1-Score
ResNet50 92.68 0.93 0.92 0.92
MobileNetV2 95.61 0.96 0.95 0.95
DenseNet121 96.73 0.96 0.96 0.96
Proposed Ensemble 96.60 0.96 0.96 0.96

As can be seen from Table I, the proposed framework
performs better than each individual model in accuracy and
classification results.

C. Interpretation Using Grad-CAM

For the problem of explainability in deep learning systems,
Grad-CAM was used for generating visual interpretation of
results. Representative images generated using this technique
are provided in Fig. 4 and Fig. 5.

Fig. 4. Grad-CAM Visualization for Pneumonia Case

Fig. 5. Grad-CAM Visualization for Normal Case

Based on the visualizations, it can be said that the algorithm
concentrates on clinically important parts of the lungs. In the
case of pneumonia patients, the identified locations include

those which have been affected by the infection, whereas in
the normal subjects, the attention has been paid to all healthy
parts of the lungs.

D. Interpretation of Confusion matrix

Fig. 6. Confusion Matrix of the Proposed Model

VII. CONCLUSION

The proposed research seeks to address one of the most
critical issues, which is the automation of the process of
diagnosing pneumonia through chest X-rays by means of
the Attention-Enhanced Explainable Ensemble Framework
(A3EF). By means of the proposed technique, the researcher
succeeded in combining the properties of convolutional neural
networks based on transfer learning, attention mechanisms to
improve feature localization, soft voting ensemble technique
to increase predictive accuracy, and Grad-CAM methodology
to provide model interpretability.

Based on the empirical study of the results obtained via
the application of the proposed methodology, the framework
has managed to obtain the highest possible degree of accuracy,
amounting to 96%. In comparison with the baseline individual
models and other approaches described above, the proposed
methodology demonstrated greater efficiency. In particular,
the use of the ensemble technique helped avoid overfitting
and increased the stability of the algorithm, while attention
mechanisms facilitated higher accuracy of localization of the
affected areas.

Moreover, the application of explainable AI techniques,
in particular, Grad-CAM, makes it possible to visualize the
process of decision making within the proposed model. In this
case, the increase in transparency and confidence is guaranteed
as far as the opinion of medical specialists is concerned. In
this regard, one should say that it is extremely significant
to consider the process of explainability in addition to the
accuracy of results in the field of medicine.



Finally, based on what has been said above, the suggested
solution is considered highly efficient as far as the enhance-
ment in accuracy, robustness, and explainability are concerned.
Speaking about future development in the sphere, there are
many ways to go; some of them are multi-class classification,
sophisticated attention techniques, and application in a practi-
cal setting.

In general terms, one may assume that the suggested
solution is rather advantageous to diagnose various thoracic
diseases using computer systems.
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