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Abstract: In recent years, ensemble learning has emerged
as a powerful methodology in medical image analysis,
particularly in the classification of chest X-ray images for
diagnostic purposes. Ensemble methods such as bagging,
boosting, and stacking aim to improve the reliability,
accuracy, and generalization of classification models by
combining the outputs of multiple learners. These
techniques address common challenges in medical
imaging, including data imbalance, overfitting, and
variability in clinical image quality. This survey presents a
comprehensive study of ensemble learning methods
applied to chest X-ray classification tasks, highlighting
architectural variations, model integration strategies, and
evaluation metrics. Special focus is given to multi-class
classification scenarios involving diseases such as COVID-
19, pneumonia, and tuberculosis. The paper reviews key
developments in ensemble-based approaches using
convolutional neural networks, discusses trade-offs in
accuracy, complexity, and interpretability, and examines
their applicability in clinical workflows. Finally, it outlines
the practical challenges, potential solutions, and future
research directions for deploying ensemble models in real-
world medical diagnostic systems.
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1.Introduction: Chest radiography (commonly referred
to as chest X-rays or CXRs) continues to serve as one of the
most accessible and widely used diagnostic imaging
techniques in clinical practice. It plays a vital role in the
detection and monitoring of various pulmonary diseases,
including pneumonia, tuberculosis, lung cancer, and more
recently, COVID-19. Despite its clinical importance,
interpreting chest X-rays remains a challenging and
subjective task, often influenced by inter-observer
variability, subtle abnormalities, and the need for
specialized expertise.

With the advancement of artificial intelligence (Al),
particularly machine learning (ML) and deep learning

(DL), automated approaches have been increasingly
explored to support radiologists in improving diagnostic
accuracy and consistency. Convolutional Neural Networks
(CNNs) have demonstrated significant success in medical
image analysis, particularly for classification tasks
involving CXRs. Popular architectures such as AlexNet,
VGGNet, ResNet, and Inception have been adapted and
fine-tuned using large annotated datasets such as
CheXpert, ChestX-ray14, and the COVID-19 Radiography
Database.

However, despite their effectiveness, individual CNNs often
face limitations related to generalization, overfitting, and
sensitivity to class imbalance, noise, or imaging artifacts.
These issues can reduce their reliability in real-world
clinical scenarios. In response to these challenges,
ensemble learning has emerged as a promising strategy to
enhance the robustness and accuracy of medical image
classifiers. By aggregating the predictions of multiple
models, ensemble methods help reduce variance and bias,
improve generalization, and mitigate the risks associated
with single-model predictions.

This survey provides a detailed analysis of ensemble
learning techniques as applied to chest X-ray image
classification. It focuses on key ensemble methods—
bagging, boosting, and stacking—and reviews their
theoretical foundations, practical implementations, and
comparative performance in medical imaging tasks. While
each technique offers distinct advantages, their combined
goal is to improve classification outcomes in critical
healthcare settings.

The paper further explores how ensemble strategies have
been used to address specific diagnostic challenges in
multi-class classification problems and reviews studies
that have applied these techniques for disease detection,
such as COVID-19, pneumonia, and tuberculosis.
Methodological differences, dataset characteristics, and
performance metrics are discussed to provide a
comparative overview. In addition, the survey highlights
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practical  considerations  including computational
efficiency, model interpretability, integration into clinical
workflows, and real-world deployment challenges.

By synthesizing existing research and evaluating the trade-
offs associated with various ensemble strategies, this
survey aims to provide a comprehensive understanding of
ensemble learning in the context of chest X-ray analysis. It
offers insights for researchers, developers, and clinicians
seeking to design more accurate, reliable, and clinically
applicable Al-driven diagnostic tools.

2.Literature Survey: Jhansi et al. discuss multi-focus
image fusion, combining images at different focal depths
into one clear, informative image—especially useful in
medical imaging. Shen et al. proposed a fusion framework
using DT-CWT, Curvelet Transform, and NSCT for effective
feature extraction. Each method enhances specific aspects
like directionality, edge detail, and redundancy. The
approach improves visual clarity and is validated through
comparative statistical evaluation [1].

Saha et al. (2020) proposed a multi-model ensemble using
DenseNet201, InceptionV3, and Xception for COVID-19
detection from chest X-rays. Models were trained with
transfer learning and combined via soft voting. The
ensemble outperformed individual models in accuracy,
precision, recall, and F1-score. Results showed improved
generalization and robustness for reliable COVID-19
diagnosis [2].

Tanjeja et al. (2025) introduced a bagging-based ensemble
using VGG16, ResNet50, DenseNet121, InceptionV3, and
MobileNetV2 for multi-class lung disease classification.
Each model was trained independently, and predictions
were averaged to boost accuracy and stability. The
ensemble outperformed individual models across key
metrics and reduced overfitting. The approach improved
generalization and reliability in medical image analysis [3].

Rakakand and Suthheman (2025) proposed a boosted
ensemble of CNNs (VGG16, ResNet50, InceptionV3) using
AdaBoost and Gradient Boosting for improved
classification on datasets like CIFAR-10, MNIST, and chest
X-rays. Boosting emphasized hard-to-classify samples, with
final predictions via weighted voting. The ensemble
outperformed single models in accuracy, precision, recall,
and F1-score. Results showed strong generalization and
suitability for real-world medical imaging tasks [4].

Jhansi et al. proposed a two-stage multimodal medical
image fusion framework combining MRI and CT data using

DWT and NSCT. PCA is applied in the DWT domain to
reduce redundancy, while maximum fusion in the NSCT
domain enhances contrast and structure. The method
preserves key diagnostic features from both modalities.
Quantitative results show improved clarity and clinical
relevance [5].

Deb and Jha (2020) proposed an ensemble of VGG16,
ResNet50, and InceptionV3 for COVID-19 detection from
chest X-rays using transfer learning. Predictions were
combined via majority voting to boost accuracy and reduce
false negatives. The ensemble outperformed individual
models in sensitivity, specificity, and overall performance.
Results highlight its reliability for COVID-19 diagnosis [6].

Zhou et al. (2020) proposed an ensemble of DenseNet121,
ResNet50, and InceptionV3 for COVID-19 detection from
chest X-rays using transfer learning. Outputs were
combined through weighted averaging to leverage each
model's strengths. The ensemble achieved higher
sensitivity and accuracy than individual models. Results
demonstrated robustness and clinical applicability for
COVID-19 screening [7].

Hussain et al. developed a deep ensemble system using
ResNet50, InceptionV3, and DenseNet201 for diagnosing
COVID-19 and pneumonia from chest X-rays. Models were
fine-tuned individually and combined via weighted
averaging. The ensemble outperformed individual models
in accuracy, precision, recall, and F1-score. It showed
strong generalization and improved diagnostic reliability

(8].

3.Background on Machine Learning and Deep
Learning in Medical Imaging:

The use of machine learning (ML) and deep learning (DL)
in medical imaging has revolutionized diagnostics by
enabling accurate and automated interpretation of scans,
particularly chest X-rays (CXR), which are crucial for
detecting respiratory and cardiac conditions. Traditional
CXR analysis often suffers from inconsistencies due to
human error. Early ML methods using handcrafted features
and basic classifiers lacked generalizability across datasets.
Deep learning, especially CNNs like AlexNet, ResNet, and
Inception, now dominates due to their ability to learn
features directly from image data. These models have
achieved high performance in detecting diseases such as
pneumonia, TB, cardiomegaly, and COVID-19. CheXNet,
using DenseNet121, matched radiologist-level accuracy,
while DeTraC demonstrated strong COVID-19 classification
on imbalanced datasets.
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Standalone CNNs can suffer from overfitting, especially
with limited or imbalanced medical imaging data, and
often struggle to generalize due to variability in anatomy
and imaging conditions. They are also sensitive to
hyperparameters and training settings. Ensemble learning
addresses these issues by combining multiple models to
enhance robustness, accuracy, and consistency. In medical
imaging, ensembles help manage noise and improve
disease classification. They are particularly effective in
multi-class tasks like distinguishing COVID-19, pneumonia,
and TB. Integrating CNNs with ensemble methods
significantly boosts diagnostic performance.

4.Detailed Survey of Ensemble Techniques in
Medical Imaging:

Ensemble learning methods fall into three primary
categories: bagging, boosting, and stacking. Each of these
techniques has unique characteristics, benefits, and
limitations. In this section, we elaborate on their
theoretical foundations and practical implementations,
especially in the context of medical image classification.

4.1Bagging:

Bagging is an ensemble technique that reduces variance by
training multiple models on different bootstrapped subsets
of data. Predictions are aggregated using majority voting or
averaging. In medical imaging, it stabilizes models like
decision trees and lightweight CNNs. Random Forests have
shown moderate success in chest X-ray-based tuberculosis
detection. CNN bagging improves robustness by training
models on varied data partitions. It helps prevent
overfitting and increases generalization. However, its
effectiveness is limited if base models are too similar or
data lacks diversity. Bagging also does not prioritize hard-
to-classify cases.

4.2 Boosting:

Boosting is a sequential ensemble method where each
model corrects the errors of its predecessor, focusing more
on misclassified samples. Popular algorithms include
AdaBoost, GBM, and XGBoost. In medical imaging, boosting
is often combined with CNN-extracted features to enhance
classification accuracy. It handles imbalanced data well and
captures complex patterns. However, boosting can overfit
noisy data and requires careful tuning. Its sequential
process increases training time and limits scalability. In
time-sensitive medical applications, it may be less practical
than parallel methods like bagging or stacking.

4.3 Stacking:

Stacking is an advanced ensemble method where multiple
base learners' predictions are combined using a meta-
learner trained to optimize final outputs. Unlike bagging or
boosting, stacking allows diverse models to contribute
differently based on their strengths. In chest X-ray
classification, stacking CNNs improves accuracy by
leveraging complementary features. It is particularly
effective for multi-class tasks with subtle differences, such
as differentiating COVID-19 from pneumonia or
tuberculosis. Stacking is also flexible, supporting
heterogeneous base learners and adaptable meta-learners
for improved generalization.

Nonetheless, stacking introduces complexity. It requires
careful cross-validation to prevent overfitting at both base
and meta levels. Also, training and inference time are
typically longer due to multiple model layers. However, in
clinical contexts where diagnostic accuracy is paramount,
the trade-off is often justified.

5.Comparision of Ensemble Methods in Chest X-
Ray Classification:

The performance of ensemble techniques in chest X-ray
(CXR) classification varies depending on the base models
used, dataset characteristics, and the ensemble strategy.
Table 1 below summarizes the key distinctions among
bagging, boosting, and stacking with a focus on medical
image classification tasks.
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Table 1: Comparative Analysis of Ensemble Methods for Chest X-ray Classification.

Criterion Bagging Boosting Stacking
Base Model Diversity Low-Moderate (same | Low (sequential tuning) High (heterogeneous
architecture) models allowed)
Overfitting Resistance | Good Moderate High (via validation-based
blending)
Interpretability Moderate Low Low
Training Time Parallelizable (Fast) Sequential (Slow) Slowest, multi-level
Multi-Class Support Moderate Moderate Excellent
Robustness to Noisy | Moderate Low High (learns combination)
Labels
Best Use Case Small datasets, focused | Heterogeneous, complex
learning tasks like multi-disease
Large datasets, fast CXR classification
predictions
6.Summary Table:

Table 2: Summary Table of Ensemble and Fusion Techniques in Medical Imaging.

S.NO AUTHOR TECHNIQUE POSITIVE ASPECTS LIMITATIONS

1 Jhansi et al. | Multi-focus image fusion Enhances image clarity and | High computational
(2020) retains both low and high- | complexity and memory

frequency info use
2 Multi-model ensemble | Improved COVID-19 detection | Complex integration,
(CNN + SVM + RF) accuracy; robust ensemble | sensitive to noisy labels

Saha et al framework
(2020)

3 Tanjeja et al. | Bagging with 5 deep CNN | Handles class imbalance well; | Limited generalizability
(2025) architectures reduces variance across datasets

4 Rakakand & | Boosted CNN ensemble Strong on hard-to-classify | Risk of overfitting; training
Suthheman cases; performance boosting is sequential and slower
(2025)

5 Jhansi et al. Medical image fusion High spatial and spectral | Complex transform
(2016) resolution computation; lacks

automation

6 Hussain et al. | Deep ensemble strategy | Good classification accuracy | Less interpretable;
(2023) (CNN-based) for pneumonia and COVID-19 resource-heavy training

7 Deb & Jha | CNN ensemble (majority | Boosts accuracy  through | Weak on interpretability
(2020) voting) model averaging and minority classes

9 Zhou et al Ensemble deep learning | Better generalization and Long . training . time,
(2020) model (CNN-based) robustness sensitive to architecture

choice
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7.Conclusion and Future Scope:

Ensemble learning techniques, particularly stacking,
represent a significant advancement in the field of
automated medical image analysis. By integrating the
predictions of multiple deep neural networks, ensemble
models overcome the limitations of individual classifiers
and offer improved robustness, accuracy, and
generalization. In the domain of chest X-ray image
classification, stacking ensembles have demonstrated
exceptional performance, particularly in distinguishing
between multiple diseases with overlapping visual
features.

The flexibility of stacking allows for the combination of
heterogeneous architectures, enhancing the model's ability
to capture diverse diagnostic patterns. Empirical results
across various studies and your own project confirm
stacking’s superiority over traditional bagging and
boosting approaches. Moreover, stacking provides an
extensible framework that can evolve with new model
architectures and imaging modalities, making it a suitable
choice for long-term clinical integration.

However, challenges remain particularly in terms of
computational cost, data imbalance, and lack of
interpretability. As ensemble models grow more complex,
there is a need for improved training frameworks, efficient
deployment pipelines, and explainable Al tools to make
these models clinically viable.

Looking forward, future research should explore semi-
supervised stacking, domain-adaptive ensemble learning,
and explainable ensemble systems tailored to medical
imaging.  Additionally, collaboration between Al
researchers, radiologists, and healthcare providers is
essential to ensure that ensemble models are designed,
tested, and deployed in ways that align with clinical needs.
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