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ABSTRACT
The low-resource settings is one of the areas
where tuberculosis is one of the most
critical public health issues, it tends to cause
more issues when there is a lack of
diagnosis. The current project demonstrates
the use of a hybrid model integrating deep
convolutional neural networks (CNNs) and
additional Machine Learning algorithms to
detect Tuberculosis from radiographs.
Along with InceptionResNetV2, Xception,
and DenseNet201, we perform ensemble
learning on three pretrained CNNs to
classificate ML models like SVM, KNN,
and Bagging classifiers, on the extracted
and feature volunteered images. For
accurate and low-relouse prognosis, our
proposed system is trained on COVID and
TB chest X-ray datasets, allowing it to
differentiate between TB, COVID-19, and
normal cases. This new testing
methodology was able to achieve a
whooping 98% in accuracy which goes to
show how useful it could be for diagnosing
TB in areas where medical professionals are
not available. The new system demonstrates
it’s potential for quick and reliable TB
screening.
Keywords: Tuberculosis Detection, Chest X-
ray, Deep Learning, Ensemble Learning, Low-
Resource Settings
INTRODUCTION:
Tuberculosis (TB), is indeed one of the
worldsmost deadliest infections disease but
touchwood Tuberculosis (TB) is something

is a disease that is less common in countries
with. In 2019 comes the
resoucerestricmentale almost 10 million
people contracted TB globally, with the
majority for thierlow and middle income
region And Mycobacterium tuberculosis is
one of the gobal lacking health care system.
Accurate and early diagnosis a would is the
best possible shot for getting rid of it, and
that fulfilling these needs they needed
becouse humans require does their work
using black magic when ai is not there, and
looking at another humans xray is not
possible without constant training, looks
like a chill job for Ai.. With the COVID-19
pandemic worsening TB detection rates due
to overlapping symptoms and strained
healthcare systems, the need for automated,
scalable solutions has grown urgent. Deep
learning has emerged as a powerful tool in
medical imaging, capable of learning
complex patterns directly from data. This
project proposes an ensemble of deep
learning and machine learning models to
diagnose TB from chest X-rays, providing
an accurate, accessible solution that reduces
dependency on manual diagnostics and
offers a practical approach for resource-
constrained environments.
GAP IDENTIFIED BASED ON
LITERATURE SURVEY:
While previous research has made
significant strides in TB detection using AI,
several key gaps remain. Most existing
systems rely solely on either deep learning
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or conventional machine learning, limiting
flexibility and model performance. For
instance, studies have shown that deep
learning models perform well in feature
extraction, but they require large datasets
and high computational resources.
Conversely, machine learning models are
lightweight but depend heavily on hand-
crafted features, which may not capture the
full complexity of medical imagery.
Additionally, many prior works lack
generalizability across datasets with varying
image qualities and limited annotation. In
resource-poor regions, where access to
clean, labeled datasets is minimal, such
limitations restrict practical deployment.
Another issue is the lack of ensembling
strategies that combine the strengths of both
model types. This project addresses these
gaps by:

 Using an ensemble of three efficient
deep CNNs for robust feature
extraction;

 Applying machine learning
classifiers to extracted features for
resource-friendly classification;

 Training and evaluating the models
on diverse TB, COVID-19, and
normal image datasets;

 Focusing on performance metrics
like accuracy, precision, and recall
to ensure practical effectiveness.

PROBLEM STATEMENT:
Timely and accurate TB detection from
chest radiographs is challenging in low-
resource settings due to the need for expert
radiologists and limited infrastructure.
Key Challenges:

 Lack of trained medical
professionals to interpret X-rays in
rural areas.

 High computational demand of deep
learning models for real-time
deployment.

 Poor image quality and variability in
public chest X-ray datasets.

 Overlapping symptoms between TB
and COVID-19 complicating
diagnosis.

 Dependence on large, labeled
datasets for deep learning model
training.

 Limited interpretability of AI-based
decisions in clinical environments.

PROPOSED METHOD:
The proposed system ensembles three
pretrained CNN models—
InceptionResNetV2, Xception, and
DenseNet201 for effective feature
extraction from chest X-rays. These
networks are trained on a dataset containing
Normal, COVID-19, and TB images. The
extracted deep features are then fed into
three lightweight machine learning
classifiers—SVM, KNN, and Bagging
classifiers—for final classification. This
hybrid approach improves detection
accuracy while reducing computational
load. The system is designed to function
efficiently on minimal hardware and can aid
early TB detection even without expert
radiologists. The model’s performance is
evaluated based on metrics such as
accuracy, recall, and F1-score, achieving up
to 98% accuracy in identifying TB cases.
ARCHITECTURE:

DATASET:
The dataset used is made up of annotated
chest radiographs that have been classified
into three groups: Normal, COVID-19
positive, and Tuberculosis (TB). It
integrates images from public repositories
like the Shenzhen dataset and the COVID-
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19 radiographic datasets. Images are resized
and pre-processed to enhance model quality
and mitigate discrepancies across models.
ROI extraction alongside augmentation
methods are performed to aid in improving
model learning. Every image is normalized,
meaning every pixel’s value is adjusted to
fit a scale between 0 and 1. The dataset is
split into training and testing subsets in an
80% to 20% ratio, respectively, to assure
that the model’s accuracy evaluation is
unbiased and covers every facet of its
functionality.
METHODOLOGY:
Image Acquisition and Pre-processing:

 Chest X-ray images are collected
from public datasets (Shenzhen,
COVID-19 databases).

 Images are resized to a uniform
resolution (80x80 pixels).

 Noise reduction and normalization
are applied to enhance feature
clarity.

 Region of Interest (ROI) is extracted
to focus on the lungs.

Dataset Preparation:
 Labels for TB, COVID, and Normal

classes are assigned based on
directory structure.

 Images are converted to arrays and
stored as .npy files for efficient
processing.

 The dataset is shuffled and split into
training (80%) and testing (20%)
sets.

Deep Feature Extraction Using CNNs:
 InceptionResNetV2, DenseNet201,

and Xception models are loaded
with pretrained ImageNet weights.

 Each CNN model’s layers are frozen
to prevent retraining, reducing
computation.

 Additional convolutional and
pooling layers are added to tailor
models to TB classification.

 Features from the penultimate layers
of each CNN are extracted for
downstream processing.

Model Training:
 Each CNN is trained individually on

the training dataset using softmax
classification.

 Accuracy, loss, and validation
performance are monitored across
epochs (typically 20).

 The best-performing weights are
saved using model checkpoints.

Feature Concatenation and Ensemble
Learning:

 Extracted features from each CNN
are concatenated into a single
feature vector.

 This vector is then used as input to
various machine learning classifiers:

o Support Vector Machine
(SVM)

o K-Nearest Neighbors
(KNN)

o Bagging Classifier
 The classifiers are trained and

evaluated for accuracy, precision,
recall, F1-score, and AUC.

Model Evaluation and Confusion Matrix
Analysis:

 Predictions are compared against
test labels to form a confusion
matrix.

 Heatmaps are generated to visualize
classifier performance on each class.

 ROC-AUC curves and precision-
recall plots provide additional
evaluation metrics.

Performance Comparison:
 All models are compared based on

their classification metrics.
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 The ensemble of CNNs + ML
classifiers consistently achieves
superior accuracy (~98%).

 Precision and recall values confirm
the model's reliability for sensitive
TB detection.

System Deployment Potential:
 Due to its lightweight classification

phase and reliance on pre-trained
models, the system is deployable in
real-world low-resource
environments.

 Potential integration with mobile
health apps and edge computing for
remote diagnostics is discussed.

RESULTS:

InceptionResnetV2 Accuracy  :
98.53658536585365

DenseNet201 Accuracy  :
29.756097560975608

XceptionNetAccuracy  :
94.14634146341463

SVM Accuracy  : 92.6829268292683

Ensemble Extension Random Forest
Classifier Accuracy  : 95.1219512195122
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Ensemble Extension XGBoost Classifier
Accuracy  : 100.0

AUC Comparison Graph

CONCLUSION
With an aim to detect tuberculosis from
chest X-ray images, this project built a
hybrid AI-based system and it works
successfully. The developed model
optimally balances the use of deep
convolutional networks alongside machine
learning classifiers, enabling a resource-
friendly system without compromising on
accuracy. The ensemble approach serves to
improve feature extraction while also
enabling the system to robustly classify TB,
even with COVID-19 symptoms
overlapping the cases. It can easily
deployed in healthcare settings that have
restricted infrastructural facilities owing to
the lightweight systems design. Enhancing
interpretability for clinical trust, spanning
wider datasets, and real-time mobile
deployment are prospects for future
enhancements. Overall, this project
contributes a valuable tool in the fight
against TB in underserved regions.
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