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Abstract. Tuberculosis (TB) remains a major global health concern, requiring early and
accurate diagnosis for effective treatment. Traditional radiological assessments face
challenges in distinguishing TB from other pulmonary diseases. Recent studies, such as
the Multiscale Eigen domain Gradient Boosting (MEGB) approach, have attempted to
automate TB detection using handcrafted features from chest X-rays, achieving 96.42%
accuracy. However, feature extraction-based methods may suffer from generalization
issues. In this study, we propose a deep learning-based Convolutional Neural Network
(CNN) model for automated TB detection, incorporating data augmentation and dropout
layers to enhance generalization and prevent overfitting. Our best performing CNN model,
with three dropout layers, achieves 99.32% accuracy, significantly outperforming previous
methods. Additionally, we compare CNN with a Support Vector Machine (SVM) classifier,
achieving 93% accuracy. Our results demonstrate that deep learning models can effectively
learn spatial features, providing superior diagnostic accuracy and robustness compared to
feature extraction-based approaches.

Keywords: Deep Learning, Convolutional Neural Networks (CNNs), Support Vector
Machine (SVM), Data Augmentation, Feature Extraction, Computer-Aided Detection,
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1 Introduction

Tuberculosis (TB), is one of the major infectious disease killers over the century, claims millions
of lives annually with heavy burden in low-resource settings [1]. Chest X-ray analysis is the
main diagnostic method, yet radiologists reading of these images manually may be prone to
mistakes and inefficiencies particularly when differentiating TB from other respiratory diseases
such as pneumonia [2]. Al-based automated TB detection frameworks have surfaced as an
attractive and dependable feature engineering solution in machine learning and classification
approaches to provide scalability and consistency alongside high accuracy and speed [3].
Feature extraction Technically, earlier works on this data set are based on traditional Al-
approaches such as the Multiscale Eigen domain Gradient Boosting (MEGB) method which
performs Discrete Wavelet Transform and Singular Value Decomposition to extract the features
[4]. Using a classifier based in LGBM, it can achieve 96.42% of accuracy [5] in this set of
features. However, models based on feature extraction often have a generalization problem that

ICITSM-Part I 2025, April 28-29, Tiruchengode, India

Copyright © 2025 EAI

DOI 10.4108/eai.28-4-2025.2357819


mailto:ashpinpabi@gmail.com
mailto:nidhuraji88@gmail.com
mailto:renuka61d@gmail.com3
mailto:shaiksalva2@gmail.com4
mailto:k.saisushma496@gmail.com
mailto:rajeshkuntur@gmail.com

is not easily overcome and need domain knowledge for producing descriptive features by
repeated pre-processing as in [6]. Deep learning model, in particular, Convolutional Neural
Network (CNN), have resolved these issues by extracting complicated spatial patterns from
images directly without any hand-crafted feature selection to improve the accuracy of image
classification [7]. In this study, we propose a Convolutional Neural Network (CNN) based
technique to automatically detect the TB using hierarchical feature learning with in network
dropout layers and data augmentation for better generalization. We also test the model in two
layers drop out and three-layer drop dropout configurations tables of numbers: 99.32% accuracy
for the three-dropout model compared to 93% using SVM classifier (The other verified MEBG
approach). The performance better confirms the powerful ability of CNNs in TB detection and
indicates their possibilities for more precise and rapid medical check-up.

2 Related Work

IoT and Al technologies have significantly advanced automated tuberculosis (TB) detection
systems, enabling real-time data acquisition and integration with Al models for accurate
diagnosis. Kashani et al. [8] highlight IoT’s role in remote patient monitoring and Al-driven
diagnostics, emphasizing its potential in TB screening. WHO guidelines [9] stress the
importance of early TB detection through Al-powered radiological analysis, particularly in
resource-limited settings, reinforcing the integration of IoT and Al in TB screening workflows.
Several studies have leveraged deep learning for TB detection using chest X-rays. CNN-based
models, such as those by Khan et al. [10] and Devasia et al. [11], have improved diagnostic
accuracy through ROI localization and lung zone-wise analysis. Portable X-ray imaging, as
reviewed by Jacobi et al. [12], is crucial for rapid screening, while Zhou et al. [13] emphasize
the need for diverse datasets to improve model generalization. Advanced CNN architectures and
transfer learning techniques have significantly enhanced TB detection accuracy, as noted by
Santosh et al. [14], while traditional feature extraction methods, such as those by Singh and
Hamde [15], face generalization challenges. To further improve TB detection, this study
incorporates dropout regularization, data augmentation, and hyperparameter tuning to enhance
model generalization. Rahman et al. [ 16] emphasize explainable Al through segmentation, while
Pasa et al. [17] develop lightweight networks for Realtime TB screening. Kundu et al. used
ensemble learning techniques to combine a collection of models for predicting author style
(Kundu et al. [18] and Mogaveera et al. [19], enhance diagnostic performance. Our method can
be seen as an attempt to fill this gap in the related works and challenge feature extraction-based
methods using end-to-end deep learning models for accuracy and robustness. The proposed
method aims to be more accurate and robust than feature extraction-based methods by using
end-to-end deep learning models. Zhang et al., Pneumonia detection in chest X-ray images [20]
additionally provides relevant insights for improving the performance of TB detection systems.
Additionally, Elssied et al. proposed a novel feature selection method based on the one-way
ANOVA F-test, which demonstrated effectiveness in enhancing classification performance for
text categorization tasks such as e-mail classification [21].



3 Methods and Materials

3.1 Dataset Description

Get the dataset the dataset that was used in this experiment can be found at Tuberculosis Chest
X-Rays. It has chest X-ray images labelled under two classes- Normal and Tuberculosis, where
the total count of images is 5826. Pre-processing smooths, normalizes and maintains the size of
the image dataset. Therefore, the same number of tuberculosis images are replicated N times for
addressing the class imbalance using data augmentation techniques. The augmentation methods
including rotation, horizontal flipping, zooming and shifting further help to make sure examples
from both classes have balanced samples. This augmentation reduces overfitting and therefore
improves the generalization ability of the model.
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Fig.1. Normal chest x-ray.

In this fig 1 shows are a standard chest X-ray of a healthy individual. The lungs appear clear
without any major abnormalities or opacities.

The heart, ribs, and diaphragm are clearly visible.
Tuberculosis chest x-ray image
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Fig.2. Tuberculosis chest x-ray image.



This fig 2 Compared to the normal X-ray, you can observe increased opacities (whitish areas)
in the lung regions, which may indicate lesions or infiltrates caused by TB infection.
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Fig.3. The proposed System Architecture.

3.2 Data Pre-processing

The dataset is pre-processed through image resizing (100x100 pixels for uniformity), grayscale
conversion (reducing complexity while preserving features), and normalization (scaling pixel
values to [0,1]). It is then split into training (60% for learning), validation (20% for tuning), and
testing (20% for evaluation).

Normal chest x-ray image after preprocessing

Fig.4. Normal chest x-ray image after pre-processing.



Fig 4 shows the same normal X-ray after applying pre-processing techniques.

The image is likely enhanced using edge detection, normalization, or histogram equalization to
highlight important lung features.

Tuberculosis chest x-ray image after preprocessing
o

o 20 40 60 80

Fig.5. Tuberculosis chest x-ray image.

Fig 5 shows the infected regions become more prominent, helping in feature extraction for TB
detection.

3.3 Deep Learning Model -CNN

A CNN is used to classify chest X-rays as tuberculosis positive or normal by extracting spatial
features. The architecture includes convolutional layers (feature extraction), pooling layers
(dimension reduction), and fully connected layers for classification. Two variations with dropout
layers are tested, with the best-performing model (3-dropout layers) achieving 99.32% accuracy.
ReLU is used for intermediate layers, sigmoid for output, and the Adam optimizer (learning
rate: 0.001) with binary cross-entropy minimizes classification loss. Dropout and
hyperparameter tuning enhance model generalization, reducing overfitting.

3.4 Traditional Machine Learning Model - SVM

For comparison, a SVM classifier is also implemented. Unlike CNN, SVM operates on flattened
image features, converting each chest X-ray into a 1D feature vector. The model follows these
steps:

e  Feature Extraction: The image matrix is reshaped into a one-dimensional vector.

e Standardization: The pixel values are standardized using Z-score normalization to
ensure consistent feature scaling.

e Kernel Selection: A linear kernel is used, as it has shown strong performance in medical
image classification tasks.

e Training & Evaluation: The SVM model is trained and tested using the same dataset
split as CNN.

While the SVM achieves 93% accuracy, its reliance on flattened features limits its ability to
capture complex spatial structures present in chest X-ray images, making CNN the superior
approach for tuberculosis detection.



3.5 Model Training and Evaluation

To ensure a fair comparison between the models, the following training strategies and evaluation
metrics are applied:
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Fig. 6. CNN model Accuracy.

Training accuracy reaches near 100%, while validation accuracy stabilizes slightly lower,
indicating potential overfitting. Model generalization may need improvement as shown in fig 6.
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Fig.7. CNN model Accuracy Loss.

Training loss decreases consistently, but validation loss fluctuates, indicating potential
overfitting. Model generalization could improve with regularization or dropout adjustments as
shown in fig 7.

3.6 Performance Metrics

Accuracy — Measures overall classification correctness.

Precision & Recall — Evaluates the reliability of TB predictions.

F1-Score — Balances precision and recall for better performance assessment.
Confusion Matrix — Visualizes the model’s classification errors.

Training and Validation Loss Curves — Helps in analysing overfitting and model
convergence.



4 Results and Analysis
4.1 Model Performance Comparison

Experiments CNN: We used two different configurations of dropouts (2-dropout layers and 3-
dropout layer) to train our model, to reveal their effectiveness with SVM classifier. It was found
that the CNN model with 3dropout layers exhibited a higher accuracy of 99.32%, which
significantly outperformed both CNN model with 2dropout layers (96.69%) and SVM model
(93%), as shown in Table 1.

Table 1. Our model performance metrics.

Model  Accuracy Precision Recall FL-
Score

CNN (2

Dropout  96.69% 0.97 0.97 0.97

Layers)

CNN (3

Dropout  99.32% 0.98 098 098

Layers)

SVM 93.00% 0.92 0.94 0.93

The improvement in CNN performance with additional dropout layers highlights the importance
of regularization in deep learning models, reducing overfitting while increasing generalization
ability.

4.2 Confusion Matrix Analysis

To evaluate classification reliability, confusion matrices were generated for each model:

True Labels

Precicted Labels

Fig. 8. Confusion matrix for true labels and predicted labels.

The confusion matrix shows high accuracy with 624 true negatives and 595 true positives. Minor
misclassifications (16 false positives, 21 false negatives) indicate good model performance but
slight room for improvement as shown in fig 8



Figure 9 shows the CNN model with 3 dropout layers misclassified only 18 out of 1256 images,
demonstrating high sensitivity (recall: 98%) and precision (98%).

The SVM model, in contrast, produced more false positives and false negatives, reducing its
reliability in real-world TB screening.

The graph shows accuracy improvement with epochs. Three dropouts provide better
generalization, reducing overfitting compared to two dropout layers shown in fig 10.
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Fig.9. Model accuracy by dropout layers.

Model loss by Dropout Layers
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Fig.10. Model loss by dropout layers.

Loss decreases with epochs. Three dropouts show lower training loss and better generalization,
maintaining stable validation loss compared to two dropouts as shown in figure 10

The low false-negative rate in CNN models is particularly important in medical applications,
ensuring early and accurate TB diagnosis.

4.3 Effect of Data Augmentation on Model Performance

A key contribution of our study was the use of data augmentation to balance the dataset and
improve generalization. The CNN model trained without augmentation showed a 2-3% lower
accuracy compared to the augmented dataset.

This proves that data augmentation helps deep learning models learn more robust features,
especially in cases where dataset sizes are limited.



4.4 Discussion on CNN vs. SVM for TB Detection

The CNN model outperformed traditional methods in tuberculosis detection in contrast, SVMs
struggled to capture complex patterns, relying on flattened pixel values. Dropout layers
effectively controlled overfitting, leading to high accuracy and stable validation performance.
Compared to the MEGB method (96.42% accuracy), our CNN model achieved superior results,
highlighting its effectiveness for automated medical diagnostics.

5 Conclusion

This study aimed to identify the automatic tuberculosis detection which would be accomplished
by deep learning with machine learning techniques and had a comparison between CNNs and
SVM models. On the other hand, Table 2 shows that our best CNN model with three dropout
layers could achieve an incredibly high accuracy of 99.32%, significantly facilitating its
outperformance comparing to traditional machine learning approaches and previous feature
extraction-based methods as exemplary by the MEGB model. This shows that CNNs are capable
of learning spatial features of the images from a regular X-ray image and consequently, feature
engineering lead to higher accuracy in classification. Moreover, data augmentation and dropout
regularization lead the model towards generalizing at its best: the former prevents overfitting,
while the latter makes sure that inference is reliable on unseen real-world examples.

Table 2. Comparison of CNN with Dropout Layers (2 vs. 3) and SVM.

Model Accuracy Precision Recall Fl- Remarks
(%) Score
CNN (2 High accuracy but
Dropout 96.69 0.97 097 097 . slight
Layers) overfitting observed
after 30 epochs.
Best performance
CNN (3 with low validation
Dropout 99.32 0.98 0.98 0.98 )
loss and high
Layers) N
generalization.
Good
performance
SVM 93.00 0.92 0.94 0.93  but less effective in
capturing complex
spatial features.
References

[1] M. Abubakar et al., “Classification of pneumonia and tuberculosis ~ from chest X-rays,” 2021,
arXiv:2103.14562.

[2] R.Mostafizetal.,“Covid-19 detection in chest Xray through random forest classifier using a
hybridization of deep CNN and DWT optimized features,”J .KingSaudUniv. Comput. Inf. Sci.,
vol. 34, no. 6, pp. 3226— 3235, 2022.



[3] S. Kabi, D. Patra, and G. Panda, “Detection of pneumonia from X-ray images using eigen
decomposition and machine learning techniques,” in Proc. IEEE Int. Conf. Signal Inf. Process.,
2022, pp. 1-5.

[4] R. K. Tripathy, S. Dash, A. Rath, G. Panda, and R. B. Pachori, “Automated de tection of
pulmonary diseases from lung sound signals using fixed-boundary-based empirical wavelet
transform,” IEEE Sens. Lett., vol. 6, no. 5, pp. 1-4, May 2022.

[5]1 S.Dash,R.K.Tripathy,D.K.Dash,G.Panda,andR.B.Pachori,”“Multiscaledomain gradient boosting
models for the automated recognition of imagined vowels using multichannel EEG signals,”
IEEE Sens. Lett., vol. 6, no. 11, pp. 1-4, Nov. 2022.

[6] D.Kermany, K. Zhang, and M. Goldbaum, “Labeled optical coherence tomography (OCT) and
chest X-ray images for classification (2018),” Mendeley Data, 2018. v2 10.17632/rscbjbr9s;.
Accessed: Jan. 5, 2023. [Online].Avaliable:https://nihcc.app.box.com/v/ChestXray-NIHCC

[7] D.S.Kermanyetal.,“Identifying medical diagnoses and treat able diseases by image based deep
learning,” Cell, vol. 172, no. 5, pp. 1122-1131, 2018.

[8] M. H. Kashani, M. Madanipour, M. Nikravan, P. Asghari, and E. Mahdipour, “A systematic
review of IoT in healthcare: Applications, techniques, and trends,” J. Netw. Comput. Appl., vol.
192, 2021, Art. no. 103164.

[9] World Health Org., WHO consolidated guidelines on tuberculosis. Module 2: Screening-
Systematic Screening for Tuberculosis Disease. Geneva, Switzerland: World Health Org., 2021,
pp. 5-15.

[10] A.Khan,M.U.Akram,andS.Nazir,“Automated grading of chestX -ray images for viral
pneumonia with convolutional neural networks ensemble and region of interest localization,”
PLoS One, vol. 18, no. 1, 2023, Art. no. e0280352.

[11] J. Devasia, H. Goswami, S. Lakshminarayanan, M. Rajaram, and S. Adithan, “Deep learning
classification of active tuberculosis lung zones wise manifestations using chest Xrays: A multi
label approach,” Sci. Rep., vol. 13, no. 1, 2023, Art. no. 887.

[12] A.Jacobi,M.Chung,A.Bernheim,andC.Eber, “PortablechestXrayincoronavirus disease-19
(covid-19): A pictorial review,” Clin. Imag., vol. 64, pp. 3542, 2020.

[13] W. Zhou et al., “Deep learning-based pulmonary tuberculosis automated detection on chest
radiography: Large-scale independent testing,” Quantitative Imag. Med. Surg., vol. 12, no. 4,
2022, Art. no. 2344.

[14] K. Santosh, S. Allu, S. Rajaraman, and S. Antani, “Advances in deep learning for tuberculosis
screening using chest X-rays: The last 5 years review,” J. Med. Syst., vol. 46, no. 11,2022, Art.
no. 82.

[15] N. Singh and S. Hamde, “Tuberculosis detection using shape and texture features of chest X-
rays,” in Proc. Innovations Electron. Commun. Eng.: Proc. 7th ICIECE, 2019, pp. 43-50.

[16] T. Rahman et al., “Reliable tuberculosis detection using chest X-ray with deep learning,
segmentation and visualization,” IEEE Access, vol. 8, pp. 191586-191601, 2020.

[17] F. Pasa, V. Golkov, F. Pfeiffer, D. Cremers, and D. Pfeiffer, “Efficient deep network architectures
for fast chest X-ray tuberculosis screening andvisualization,” Sci. Rep., vol. 9, no. 1, 2019, Art.
no. 6268.

[18] R. Kundu, R. Das, Z. W. Geem, G.-T. Han, and R. Sarkar, “Pneumonia detection in chest X-ray
images using an ensemble of deep learning models,” PLoS One, vol. 16, no. 9, 2021, Art. no.
€0256630.

[19] R. Mogaveera, R. Maur, Z. Qureshi, and Y. Mane, “Multi- class chest X-ray clas sification
of pneumonia, tuberculosis and normal X-ray images using convnets,” in Proc. ITM Web Conf.,
vol. 44,2022, Art. no. 3007.

[20] D. Zhang, F. Ren, Y. Li, L. Na, and Y. Ma, “Pneumonia detection from chest X-ray images based
on convolutional neural network,” Electron., vol. 10, no. 13, 2021, Art. no. 1512.

[21] N. O. F. Elssied, O. Ibrahim, and A. H. Osman, “A novel feature selection based on one-way
ANOVA F-test for e-mail spam classification,” Res. J. Appl. Sci., Eng. Technol., vol. 7, no. 3,
pp. 625-638, 2014.



