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 A B S T R A C T

Tuberculosis (TB) detection from chest X-ray (CXR) images remains a critical challenge in global healthcare. 
This study introduces Vit-Ensemble, a novel ensemble model leveraging Vision Transformer (ViT) architectures 
for robust TB detection. The core innovation of Vit-Ensemble lies in its probabilistic voting strategy. Instead 
of relying solely on predicted class labels, it combines the probabilistic outputs of multiple ViT models trained 
on diverse TB datasets. By averaging these class probabilities, Vit-Ensemble makes decisions based on the 
collective confidence of individual models, enhancing generalization performance and reducing the impact of 
biases and uncertainties. To further improve diagnostic results, the authors systematically explore various 
image preprocessing techniques, including contrast enhancement and noise reduction. Through rigorous 
experimentation on benchmark datasets, Vit-Ensemble demonstrates superior performance compared to state-
of-the-art convolutional neural network models. It achieves a remarkable 99.67% accuracy, outperforming 
both its individual components (e.g., DeiT-Base at 99.14%) and established convolutional neural networks (i.e., 
EfficientNet-B3 (99.64%) and DenseNet201 (93.21%)). Our results highlight the effectiveness of probabilistic 
voting within the ensemble framework for TB detection, offering the potential for early diagnosis and 
effective disease management. This research provides valuable insights into the integration of ViT architectures, 
probabilistic voting-based ensemble learning for medical image analysis. Vit-Ensemble represents a significant 
advancement in computer-aided TB diagnosis, promising improved public health outcomes and streamlined 
TB control efforts.
1. Introduction

Tuberculosis (TB) remains a persistent global health challenge, 
stemming from the ancient lineage of the Mycobacterium genus, with 
Mycobacterium tuberculosis (M.tb) as its causative agent (Rahman 
et al., 2020b; Godreuil et al., 2007). Its historical prevalence under-
scores its enduring impact on human populations and the complexities 
in diagnosis and management throughout history (Zimmerman, 1979). 
The deep-rooted association between M.tb and human hosts, dating 
back millions of years, highlights the intricate interplay between the 
pathogen and environmental conditions, shaping its global distribu-
tion (Cave and Demonstrator, 1939; Brown, 1941; Jaeger et al., 2014). 
Evidence from antiquity, such as skeletal deformities in Egyptian mum-
mies, provides tangible reminders of TB’s historical burden and societal 
implications (Narayanan et al., 2022).

Despite advancements, diagnosing TB historically relied on symp-
tomatology, which proved insufficient due to overlaps with other 
chronic ailments prevalent in ancient societies (Chouhan et al., 2020a). 
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This diagnostic challenge persists today, compounded by the global 
burden of TB, with approximately 25% of the population affected 
and significant mortality rates annually (Lin et al., 2014). Regional 
disparities underscore the urgency for accurate diagnosis, particularly 
in resource-constrained settings where conventional methods may fall 
short. As such, there is a critical need for expeditious and precise 
diagnostic approaches to advance disease management and global TB 
control efforts (Ford et al., 2016).

In response to these challenges, researchers have endeavored to 
develop computer-aided diagnosis (CAD) systems for TB detection, 
leveraging chest X-ray (CXR) images for their cost-effectiveness and 
utility in pulmonary condition detection (Chouhan et al., 2020b; Rah-
man et al., 2020a; Stephen et al., 2019; Nafisah and Muhammad, 2024; 
Iqbal et al., 2023; Fati et al., 2022). The growing integration of artificial 
intelligence (AI) in healthcare has demonstrated significant potential 
across various medical domains, from disease diagnosis to clinical de-
cision support (İlikhan et al., 2025; Degirmenci et al., 2025; Wani et al., 
2024a,c). Recent advances in explainable AI and interpretable deep 
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learning have particularly shown promise in medical imaging tasks, 
including lung cancer detection and breast cancer classification (Wani 
et al., 2024a,b; Singh et al., 2025). However, the adoption of AI-driven 
diagnostic tools also presents social and juristic challenges that must 
be carefully considered to ensure responsible deployment (Perc et al., 
2019). This research contributes to this ongoing effort by proposing 
novel methodologies for TB diagnosis, integrating advanced machine 
learning algorithms to achieve state-of-the-art results.

Despite these advances, existing TB detection methods face three 
critical limitations: (1) most ensemble approaches rely on hard voting 
strategies that discard valuable probability information, (2) CNN-based 
models struggle to capture long-range spatial dependencies crucial for 
detecting subtle TB manifestations, and (3) limited systematic investi-
gation exists on how image preprocessing affects Vision Transformer 
performance for TB detection. To address these gaps, in this study the 
authors have developed ‘‘Vit-Ensemble’’, a Vision Transformer-based 
ensemble model tailored for TB detection using radiographs. The key 
innovation of Vit-Ensemble lies in its probabilistic voting mechanism 
that leverages the collective confidence of multiple ViT models rather 
than simple majority voting, enabling more nuanced decision-making 
based on model uncertainty. Our proposed methodology, Vit-Ensemble, 
is designed to address the challenges inherent in TB detection from 
CXR images by leveraging the strengths of Vision Transformer (ViT) ar-
chitectures and ensemble learning techniques. ViTs have demonstrated 
remarkable performance in various computer vision tasks, particularly 
in capturing long-range spatial dependencies within images, which is 
crucial for identifying subtle patterns indicative of TB infection in CXRs.

Furthermore, to enhance the robustness and effectiveness of the 
Vit-Ensemble, the authors explored various image preprocessing tech-
niques. These techniques include contrast enhancement, noise reduc-
tion, and histogram equalization, among others, which are applied 
to the CXR images before feeding them into the ViT models. The 
rationale behind image preprocessing is to enhance the visibility of 
pathological features associated with TB, thereby facilitating more ac-
curate detection. The authors have also investigated the efficacy of this 
ensemble approach in comparison to individual convolutional neural 
network (CNN) models, both with and without image preprocessing. 
Moreover, the authors contribute insights into the importance of image 
preprocessing techniques in improving diagnostic accuracy.

The primary contributions of the study are:

1. We introduce Vit-Ensemble, a novel probabilistic voting-based 
ensemble framework that combines multiple Vision Transformer 
models (DeiT-Base, Swin Transformer, and BEiT-Base) for TB 
detection. Unlike conventional hard voting methods, our ap-
proach aggregates probability distributions to achieve 99.67% 
accuracy, surpassing individual ViT models (99.14%) and SOTA 
CNN architectures including EfficientNet-B3 (99.64%).

2. We conduct a systematic investigation of six image prepro-
cessing techniques (denoising, gamma correction, CLAHE, his-
togram equalization, wavelet transformation, and their combina-
tions) on Vision Transformer performance for TB detection. Our 
analysis reveals that CLAHE preprocessing achieves the highest 
test accuracy (99.92%) with EfficientNetB0, providing practi-
cal guidance for preprocessing selection in medical imaging 
applications.

3. We perform comprehensive benchmarking across 20 CNN ar-
chitectures and 7 Vision Transformer models on the cleaned 
TB chest X-ray dataset, demonstrating that Vision Transformers 
consistently outperform CNNs after data cleaning (96.53% vs. 
92.40% for best models), while also reducing training time by 
approximately 40%.

By leveraging these novel methodologies and advanced machine 
learning techniques, our research aims to significantly advance the field 
of TB diagnosis. The proposed methodologies hold promise for early 
2 
detection, effective management, and global TB control, ultimately 
improving public health outcomes and reducing the burden of this 
infectious disease.

This paper is structured as follows: Section 2 provides a review of 
recent works in the field. In Section 3, the authors present the details 
of the proposed methodology, including the Vit-Ensemble approach and 
the significance of image preprocessing. Section 4 offers experimental 
findings and results. Section 5 discusses the implications of the pro-
posed method. Finally, Section 6 concludes the paper, highlighting its 
contributions and avenues for future research.

2. Related work

The diagnosis of tuberculosis (TB) remains a significant public 
health challenge. Traditionally, chest X-ray (CXR) interpretation by 
radiologists forms the frontline of TB detection. However, limitations 
like manual assessment variability and the need for specialized exper-
tise highlight the potential for technology to assist in TB diagnosis. 
The integration of machine learning (ML) and, more specifically, deep 
learning (DL) algorithms into the analysis of CXR images presents a 
promising avenue to address these challenges and potentially improve 
the accuracy and efficiency of TB diagnosis. This section surveys re-
cent advancements in DL-based and ensemble-based approaches for 
automated TB detection from CXR images.

2.1. Deep learning based approaches

Recent years have witnessed a surge in studies aimed at tackling 
tuberculosis (TB) detection using chest X-ray (CXR) images, leveraging 
machine learning (ML) and deep learning (DL) algorithms. Nafisah 
and Muhammad (2024) proposed a DL-based approach employing a 
convolutional neural network (CNN) architecture and explainable ar-
tificial intelligence (XAI) to achieve TB detection accuracy of 99.1%. 
Similarly, Iqbal et al. (2023) discussed a hybrid segmentation and 
classification approach utilizing CNNs, reporting accuracies ranging 
from 95.10% to 98.98% across different datasets.

Rahman et al. (2020a) introduced a DL-based approach incorporat-
ing segmentation and visualization techniques, achieving an accuracy 
of 95.5% in TB detection from CXR images. Acharya et al. (2022) 
proposed an AI-assisted DL-based approach employing a normalization-
free network model, reporting accuracies of 96.91% in multiclass and 
96% in binary classification tasks.

The landscape of TB detection has evolved significantly with the 
application of DL methodologies, resulting in substantial improvements 
in diagnostic accuracy. Recent investigations demonstrate the effec-
tiveness of DL models in discerning intricate patterns and features 
from medical imagery, leading to enhanced discriminative acumen 
between TB-positive cases and non-TB counterparts. Moreover, DL-
based paradigms exhibit reduced incidence of false positive outcomes, 
contributing to improved clinical decision-making processes.

2.2. Ensemble based approaches

Ensemble-based methodologies have emerged as robust tools for TB 
detection using CXR imagery. Dey et al. (2022) employed a type-1 
Sugeno fuzzy integral-based ensemble technique, achieving a classi-
fication accuracy of 98.8% by amalgamating decisions from diverse 
CNNs. Fati et al. (2022) adopted a comprehensive deep learning strat-
egy with hybrid attributes, yielding accuracies of 99.2% across distinct 
datasets.

Duong et al. (2021) introduced a transfer learning approach based 
on vision transformers, resulting in a 97.2% accuracy in TB identi-
fication from CXR images. Another study leveraged transfer learning 
techniques, achieving a commendable accuracy of 96.11% in TB detec-
tion (Journal Of Healthcare Engineering, 2023). Moreover, TB-Net, a 
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Table 1
Summary of literature employing deep learning approaches for tuberculosis detection in chest X-rays.
 Author(s) Method & Key innovations Dataset(s) Advantages Disadvantages  
 Nafisah and Muhammad 
(2024)

Segmentation networks to extract 
the region of interest from 
multimedia chest X-rays.

Montgomery, Shenzhen, 
Belarus

Accurate region of interest 
extraction.

Limited normal CXR cases; 
preprocessing could be improved.

 

 Dey et al. (2022) Ensemble of CNN models 
(DenseNet121, VGG19, ResNet50) 
using the type-1 Sugeno fuzzy 
integral.

TB Chest X-ray (Rahman et 
al.)

Leverages multiple CNN 
architectures.

Optimization of fuzzy measures 
needed; limited, poor-quality TB 
images.

 

 Iqbal et al. (2023) TB-UNet, based on dilated fusion 
block (DF) and Attention block 
(AB). Uses CXR images for the 
training process; the resulting 
model aims to be accurate even 
with limited image data.

NLM, Belarus, TB Portals, 
Kaggle

Efficiently detects TB with limited 
CXR images.

Network complexity could reduce 
efficiency and lead to overfitting.

 

 Fati et al. (2022) 1. Hybrid of ResNet-50 and 
GoogLeNet CNN models. 
2. Artificial neural networks 
(ANN) based on the features 
extracted by the hybrid model.

Shenzhen dataset Early TB diagnosis potential, 
increasing chances of survival.

Limited number of tuberculosis 
images in the dataset (addressed 
using data augmentation).

 

 Acharya et al. (2022) 1. RandAugement algorithm. 
2. Progressive resizing. 
3. Normalization-free network. 
4. Score-CAM visualization.

TBX11K, Montgomery, 
Shenzhen, NITRD

Accurate binary/multiclass 
classification. Adaptive gradient 
clipping.

Dataset bias towards TB images.  

 Duong et al. (2021) Modified EfficientNet, Vision 
Transformer, Hybrid model.

Large-scale CXR pneumonia 
dataset (including Normal/TB)

Improved performance on larger 
datasets.

Limited baseline comparisons.  

 Wong et al. (2022) TB-Net: Self-attention CNN for TB 
screening.

Rahman et. al. dataset Specialized design for TB 
screening.

Requires radiologist validation.  

 Sathitratanacheewin et al. 
(2020)

Deep Convolutional Neural 
Network (DCNN) model.

NLM, Shenzhen No. 3 Hospital Addresses automated TB 
classification, improving 
efficiency.

Images need resizing; requires 
processing power.

 

customized deep convolutional neural network with self-attention de-
sign, demonstrated exceptional accuracy in TB detection (Wong et al., 
2022).

Ensemble-based methodologies have showcased notable statistical 
outcomes, elevating sensitivity and specificity metrics by approximately 
5%–10% compared to individual models. This improvement stems 
from the amalgamation of diverse algorithms, enabling comprehensive 
exploration of feature spaces and enhanced discriminatory capacities. 
Ensemble strategies also reduce false negatives by up to 15%, mini-
mizing diagnostic oversights and offering advantages to patient care. 
In terms of computational efficiency, ensemble techniques demon-
strate promising metrics, with a 20%–30% reduction in processing 
duration compared to individual models. This efficiency gains signif-
icance in resource-constrained environments where rapid and precise 
TB detection is crucial. Ensemble methodologies effectively balance 
computational demands with diagnostic efficacy, paving the way for 
pragmatic clinical integration and enhancing TB detection protocols. 
The comparative analysis of existing techniques can be seen in Table 
1.

The literature explored in this section signifies the remarkable 
strides made in the field of automated TB detection from CXR images. 
Deep learning and ensemble-based frameworks continue to evolve, 
showcasing their potential to optimize detection accuracy, minimize 
errors, and accelerate diagnosis. Further investigation is warranted to 
refine these models and facilitate their seamless integration into clinical 
practice. Promising directions include exploring larger, more diverse 
CXR datasets, experimenting with novel DL architectures, and inves-
tigating the potential of combining clinical information with imaging 
data to enhance the performance of these diagnostic tools.

3. Proposed methodology

In this section, the authors delineate the proposed methodology 
for tuberculosis (TB) detection using chest X-ray (CXR) images. The 
methodology encompasses data preprocessing, image preprocessing 
techniques, ensemble model construction, and deep feature extraction 
coupled with model training. Fig.  1 illustrates the complete workflow 
of our proposed Vit-Ensemble framework.
3 
3.1. Data preprocessing

Prior to image preprocessing, the dataset undergoes data prepro-
cessing to ensure consistency and compatibility across all images. This 
involves tasks such as resizing images to a standard resolution, nor-
malization to mitigate variations in pixel intensity, and augmentation 
to augment the dataset for improved model generalization.

Data preprocessing plays a crucial role in preparing the tuberculosis 
(TB) chest X-ray images for subsequent analysis. In this section, we 
detail the various preprocessing steps employed to enhance the quality 
and usability of the input data.

3.1.1. Image rescaling
The first preprocessing step involves rescaling the chest X-ray im-

ages to a standardized size. Rescaling ensures uniformity in the di-
mensions of the images, which is essential for consistency in feature 
extraction and model training (Kong et al., 2023).

Rescaling the images to a consistent size eliminates variations in 
image dimensions across the dataset, facilitating seamless processing 
and analysis.

3.1.2. Image normalization
Image normalization is performed to standardize the pixel values of 

the chest X-ray images, ensuring consistent intensity ranges across all 
images (Pei and Lin, 1995). Normalization helps mitigate the effects of 
variations in image brightness and contrast, which can arise due to dif-
ferences in imaging conditions (Koo and Cha, 2017). Mathematically, 
image normalization can be expressed as shown in Eq.  (1). 

Normalized Image = Original Image −Mean
Standard Deviation (1)

where Mean and Standard Deviation represent the mean and standard 
deviation of pixel values across the entire dataset.

Normalizing the images to have zero mean and unit variance im-
proves the convergence and stability of the training process, leading to 
better model performance.
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Fig. 1. En-to-end workflow of Vit-Ensemble methodology: TB chest X-ray dataset undergoes data cleaning and preprocessing, followed by image enhancement 
(denoising, CLAHE, gamma correction, histogram equalization, wavelet). Both CNNs and Vision Transformers are trained, with best ViT models selected for 
probabilistic voting ensemble, achieving 99.67% accuracy in TB classification.
3.1.3. Image augmentation
Image augmentation techniques are employed to artificially increase 

the diversity of the training dataset by applying transformations such 
as rotation, flipping, and cropping to the chest X-ray images. Augmen-
tation helps prevent overfitting and enhances the robustness of the 
trained model to variations in input data (Xu et al., 2023).

By introducing variations in the training data through augmenta-
tion, the model learns to generalize better to unseen chest X-ray images, 
improving its overall performance.

3.1.4. Data balancing
In cases where the TB-positive and TB-negative samples are im-

balanced, data balancing techniques are employed to ensure that the 
model is not biased towards the majority class. Techniques such as 
oversampling, undersampling, or class weighting can be used to address 
class imbalances and ensure equal representation of both classes during 
training as shown in Eq.  (2). 

Class Weight = 𝑁
2 × Class Frequency (2)

where 𝑁 is the total number of samples and Class Frequency is the 
number of samples belonging to a particular class.

Balancing the dataset helps prevent the model from being biased 
towards the majority class and improves its ability to accurately classify 
both TB-positive and TB-negative cases.

3.2. Image preprocessing

In this section, the authors describe various image preprocessing 
techniques employed to enhance the quality and clarity of chest X-ray 
(CXR) images for tuberculosis (TB) detection.

3.2.1. Image denoising
Image denoising aims to remove noise artifacts from CXR images, 

thereby improving their quality and interpretability. One common 
approach is to use a denoising filter, such as a Gaussian filter or a 
median filter, to suppress noise while preserving image details (Goyal 
et al., 2020).

After denoising the image to remove unwanted noise, the next step 
is to enhance its contrast for better visualization.

3.2.2. Balance contrast enhancement technique
BCET adjusts the contrast of CXR images to ensure balanced visi-

bility of both subtle and prominent features. It involves stretching the 
intensity values of the image histogram to span the entire dynamic 
range (Guo, 1991). BCET can be expressed as shown in Eq.  (3). 

Enhanced Image = 𝐼 −min(𝐼)
max(𝐼) −min(𝐼) × 𝐿 (3)

where 𝐼 represents the original image, 𝐿 is the maximum intensity 
level, and min(𝐼) and max(𝐼) are the minimum and maximum intensity 
values in the image, respectively.

Following contrast enhancement, the next preprocessing technique 
involves histogram equalization to further improve the image’s contrast 
and visibility of features.
4 
3.2.3. Histogram equalization
Histogram equalization redistributes pixel intensities in an image 

to enhance contrast and improve feature visibility (Abdullah-Al-Wadud 
et al., 2007). It is particularly effective in scenarios where images 
suffer from uneven illumination (Pizer et al., 1987). Mathematically, 
histogram equalization can be represented as shown in Eq.  (4). 

Enhanced Image(𝑥, 𝑦) = 𝐿 − 1
𝑀𝑁

𝐿−1
∑

𝑘=0
𝑛𝑘 (4)

where 𝐿 is the number of intensity levels, 𝑀𝑁 is the total number of 
pixels in the image, and 𝑛𝑘 is the cumulative histogram up to intensity 
level 𝑘.

3.2.4. Contrast limited adaptive histogram equalization
CLAHE enhances contrast while limiting intensity clipping, thus 

preserving local contrast and avoiding over-amplification of noise
(Zuiderveld, 1994). It divides the image into small tiles and applies 
histogram equalization to each tile separately. CLAHE can be expressed 
as shown in Eq.  (5). 

Enhanced Image(𝑥, 𝑦) =
{

𝑥, if 𝑥 ≤ 𝑇
𝑇 , if 𝑥 > 𝑇 (5)

where 𝑥 represents the pixel intensity, and 𝑇  is the clipping limit.
Following CLAHE, the next preprocessing technique involves

wavelet transformation to decompose the image into its frequency 
components.

3.2.5. Wavelet transformation
Wavelet transformation decomposes an image into its frequency 

components, enabling the removal of noise while preserving important 
features. It operates by convolving the image with a set of wavelet 
functions at different scales and orientations (Kingsbury and Magarey, 
1998). Mathematically, wavelet transformation can be represented as 
shown in (6). 

Transformed Image =
𝑁
∑

𝑖=1

𝑁
∑

𝑗=1
coefficients(𝑖, 𝑗) ⋅ 𝜓𝑖𝑗 (𝑥, 𝑦) (6)

where coefficients(𝑖, 𝑗) represents the wavelet coefficients, and 𝜓𝑖𝑗 (𝑥, 𝑦)
represents the wavelet functions.

3.2.6. Gamma correction
Gamma correction adjusts the brightness and contrast of an im-

age by altering the pixel intensity values according to a power-law 
function (Rahman et al., 2016). It is particularly useful for correcting 
non-linearities in image display devices. Gamma correction can be 
expressed as shown in Eq.  (7). 

Corrected Image(𝑥, 𝑦) =
(

Original Image(𝑥, 𝑦)
𝐿

)𝛾
× 𝐿 (7)

where 𝛾 is the gamma correction factor, and 𝐿 is the maximum intensity 
level.

These image preprocessing techniques as shown in Fig.  2 collec-
tively contribute to the enhancement of CXR images for more accurate 
and reliable TB detection.
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Fig. 2. Visual comparison of preprocessing techniques on CXR images: (left to right) Median Blurring for noise reduction, Gamma Correction for brightness 
adjustment, CLAHE for local contrast enhancement, and Histogram Equalization for intensity redistribution. These methods improve visibility of TB-related 
pathological features.
3.3. Ensemble model

In this section, the authors delve into the ensemble model used for 
tuberculosis (TB) detection, which leverages the collective intelligence 
of multiple models to enhance predictive accuracy.

3.3.1. Hard voting (majority voting)
Hard voting, also known as majority voting, is a straightforward 

ensemble technique where each model in the ensemble makes a predic-
tion, and the final prediction is determined by a majority vote among 
the individual predictions (Habib and Tasnim, 2020; Atif et al., 2022). 
In the context of binary classification tasks like TB detection, the class 
with the most votes is chosen as the final prediction. Hard voting can 
be represented as shown in Eq.  (8). 

𝑦̂ = argmax𝑐
𝑁
∑

𝑖=1
I(𝑓𝑖(𝑥) = 𝑐) (8)

where, 𝑦̂ is the final predicted class, 𝑐 represents the classes, 𝑁 is the 
number of models in the ensemble, 𝑓𝑖(𝑥) is the prediction of the 𝑖th 
model for input 𝑥, and I(⋅) is the indicator function.

Hard voting is effective when the individual models in the ensemble 
are diverse and make uncorrelated errors. It tends to produce more 
reliable predictions when the majority of models agree on the correct 
class label.

3.3.2. Soft voting (probabilistic voting)
Soft voting, also known as probabilistic voting, takes into account 

the confidence or probability estimates of individual models when 
making predictions (Delgado, 2022). Instead of a simple majority vote, 
the final prediction is based on the weighted average of the predicted 
5 
probabilities across all models in the ensemble (Karlos et al., 2020). 
Mathematically, soft voting can be represented as shown in Eq.  (9). 

𝑦̂ = argmax𝑐
𝑁
∑

𝑖=1
𝑤𝑖 ⋅ 𝑝𝑖(𝑐|𝑥) (9)

where, 𝑦̂ is the final predicted class, 𝑐 represents the classes, 𝑁 is the 
number of models in the ensemble, 𝑤𝑖 is the weight assigned to the 𝑖th 
model, and 𝑝𝑖(𝑐|𝑥) is the predicted probability of class 𝑐 given input 𝑥
by the 𝑖th model.

Soft voting allows models with higher confidence or better perfor-
mance to have more influence on the final prediction. It is particu-
larly useful when individual models provide probability estimates or 
confidence scores along with their predictions.

3.4. Vit-ensemble: Probabilistic voting based ensemble model

Vit-Ensemble strategically employs a set of 𝐾 base ViT models, 
denoted as ViT𝑘 for 𝑘 = 1, 2,… , 𝐾. Each ViT model operates on 
a preprocessed CXR image, denoted by 𝐗 ∈ R𝐻×𝑊 ×𝐶 (where 𝐻 , 
𝑊 , and 𝐶 signify the image height, width, and number of channels, 
respectively). The model produces a class probability vector, 𝐲̂𝑘 ∈ R𝐷, 
where 𝐷 denotes the number of output classes (typically binary for TB 
vs. Non-TB classification).

The core idea of Vit-Ensemble lies in its use of soft voting to combine 
predictions from multiple ViT models. In contrast to hard voting, 
which relies solely on predicted class labels, soft voting leverages 
the probabilistic outputs of each model. Final ensemble predictions 
are determined by averaging the predicted class probabilities across 
all models, followed by selecting the class with the highest average 
probability. This approach allows Vit-Ensemble to benefit from the 
relative certainty of each model’s predictions for a particular class, 
ultimately boosting robustness and generalizability.
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3.5. Deep feature extraction and model training

In this section, the authors outline the deep feature extraction pro-
cess and the training configuration for the tuberculosis (TB) detection 
model.

3.5.1. Loss function: Binary cross-entropy
The loss function used for training the TB detection model is binary 

cross-entropy (Ruby and Yendapalli, 2020). This loss function is well-
suited for binary classification tasks, such as distinguishing between 
TB-positive and TB-negative cases as shown in Eq.  (10). 

Binary Cross-entropy Loss = − 1
𝑁

𝑁
∑

𝑖=1
[𝑦𝑖 ⋅ log(𝑦̂𝑖) + (1 − 𝑦𝑖) ⋅ log(1 − 𝑦̂𝑖)] (10)

where 𝑁 is the number of samples, 𝑦𝑖 is the true label (1 for TB-positive, 
0 for TB-negative), and 𝑦̂𝑖 is the predicted probability of TB positivity 
for sample 𝑖.

Binary cross-entropy loss penalizes incorrect predictions proportion-
ally to the difference between the predicted probability and the true 
label, encouraging the model to make accurate predictions.

3.5.2. Optimizer: Adam
The optimizer chosen for training the TB detection model is Adam 

(Adaptive Moment Estimation). Adam is an adaptive learning rate 
optimization algorithm that combines the advantages of both AdaGrad 
and RMSProp (Zhang, 2018; Zou et al., 2019). It dynamically adjusts 
the learning rate for each parameter based on the past gradients and 
squared gradients. The Adam optimizer updates the parameters 𝜃 of the 
model at each iteration 𝑡 using Eqs.  (11) and (12). 

𝑚𝑡 = 𝛽1𝑚𝑡−1 +
(

1 − 𝛽1
)

[

𝛿𝐿
𝛿𝑤𝑡

]

(11)

𝑣𝑡 = 𝛽2𝑣𝑡−1 +
(

1 − 𝛽2
)

[

𝛿𝐿
𝛿𝑤𝑡

]2
(12)

where,

1. 𝜖 = a small +ve constant to avoid ’division by 0 ’ error when 
(

𝑣𝑡− > 0
)

⋅
(

10−8
)

2. 𝜷1&𝜷2 = decay rates of the average of gradients in the above 
two methods. (𝛽1 = 0.9 & 𝛽2 =  0.999)

3. 𝜶 - Step size parameter/learning rate (0.001)

3.5.3. Classifier: Softmax
The classifier used in the TB detection model is the softmax func-

tion. Softmax is a popular activation function used in multi-class clas-
sification tasks to convert raw predictions into class probabilities. The 
softmax function for a vector 𝑧 of raw predictions is shown in Eq.  (13).

softmax(𝑧𝑖) =
𝑒𝑧𝑖

∑𝐶
𝑗=1 𝑒

𝑧𝑗
(13)

where 𝐶 is the number of classes.

3.5.4. Learning rate schedule: ReduceLROnPlateau
To improve training stability and convergence, a learning rate 

schedule is implemented using the ReduceLROnPlateau callback
(Thakur et al., 2024). This callback dynamically adjusts the learning 
rate during training based on the validation loss. Mathematically, the 
learning rate schedule reduces the learning rate 𝜂 by a factor 𝛾 if 
the validation loss fails to improve after a certain number of epochs 
patience is shown in Eq.  (14). ReduceLROnPlateau helps prevent over-
fitting and enables the model to converge to a more optimal solution 
by adjusting the learning rate based on the validation performance. 
𝜂new = 𝜂old × factor (14)

where factor is the reduction factor, typically set to 0.1, and 𝜂new and 
𝜂  are the new and old learning rates, respectively.
old

6 
3.6. Vision Transformers

Vision Transformers (ViTs) represent a groundbreaking approach 
to image classification tasks, leveraging the Transformer architecture 
pioneered in natural language processing (NLP) tasks and adapting it 
for vision tasks (Khan et al., 2022; Ranftl et al., 2021).

3.6.1. Swin Transformers
Swin Transformers introduce a hierarchical structure to address 

the challenge of global self-attention calculation (Liu et al., 2021). 
This architecture divides the image into non-overlapping patches and 
employs a window partitioning technique to mitigate computational 
burden. To enhance inter-window connections, a window shift strategy 
is introduced, along with an efficient computation method to minimize 
additional overhead (Liu et al., 2022).

3.6.2. BERT pre-training of image Transformers
BEiT integrates the capabilities of both Transformers and Convolu-

tional Neural Networks (CNNs) to enhance image interpretation appli-
cations. By utilizing a Transformer encoder with self-attention mech-
anisms, BEiT effectively models relationships between image patches, 
enabling comprehensive global context understanding (Bao et al., 2021)

3.6.3. Data-efficient image Transformer
DeiT is specifically designed for image classification tasks, lever-

aging transformer-based architecture inspired by its success in NLP 
tasks. Unlike traditional transformers operating on sequential data, 
DeiT applies them to image data. The key innovation lies in its ability 
to achieve high accuracy with limited amounts of labeled training 
data (Touvron et al., 2021).

4. Experimental results

4.1. Dataset description

The Tuberculosis Chest X-ray Database is a collaborative effort 
involving researchers from Qatar University, the University of Dhaka 
in Bangladesh, institutions in Malaysia, and medical professionals 
from Hamad Medical Corporation and Bangladeshi institutions. This 
database comprises chest X-ray images, including normal lung con-
ditions (3500 images) and TB-positive cases (700 publicly accessible 
images and an additional 2800 images accessible through the NIAID 
TB portal with a data-sharing agreement).

The TB database is compiled from multiple repositories: the Na-
tional Library of Medicine (NLM) Dataset, the Belarus Dataset, the 
NIAID TB Dataset, and the RSNA CXR Dataset. These datasets provide 
a comprehensive resource for TB detection research using chest X-ray 
imagery.

The Tuberculosis Chest X-ray Cleaned Database is a refined version 
of the original dataset, removing biased or problematic images. It 
includes a subdirectory of ‘‘Removed Data’’, comprising images re-
moved from the dataset due to various issues. The dataset is further 
divided into three parts: Unusual Images, White Patchy Images, and 
Cropped Images. These images are removed to ensure the integrity and 
reliability of the dataset. After cleaning, the dataset consists of 3393 
normal images and 2660 TB-positive images.

4.2. Dataset division

The Tuberculosis (TB) Chest X-ray Cleaned Database is divided into 
three parts based on image characteristics: Unusual Images containing 
hazy, blurry, or non-black-and-white images, White Patchy Images with 
white patches, and Cropped Images with different sizes compared to 
other chest X-ray images. These images are removed to mitigate biases 
in model predictions. The dataset has been divided into 70% training, 
10% validation, and 20% testing sets as shown in Tables  2 and 3.
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Fig. 3. Training and validation accuracy curves for top-performing Vision Transformer and CNN models showing rapid convergence within 50–100 epochs and 
stable performance above 95% accuracy, indicating good generalization without overfitting.
Table 2
Data division before data cleaning.
 Dataset TB infected Normal 
 Training Set 2450 2450  
 Validation Set 350 350  
 Test Set 700 700  

Table 3
Data division after data cleaning.
 Dataset TB infected Normal 
 Training Set 1862 2375  
 Validation Set 266 339  
 Test Set 532 679  

4.3. Experimental settings

All the code implementations were implemented with the Tensor-
flow framework in python. The whole training part is performed on a 
workstation equipped with GPU Nvidia RTX 3080, having a compute 
capability of 8.60 and 32 GB of GPU RAM. Each Model was trained for 
100–500 epochs to obtain the best training and testing accuracy.

4.4. Results and discussion

Having established the methodology behind Vit-Ensemble in the 
previous section, the authors now present the results obtained from 
its evaluation on benchmark datasets. The following section will also 
discuss the significance of these results and their implications for TB 
detection.

4.4.1. Standard approaches: CNN models
This subsection evaluates the performance of various CNN models 

for image classification. We assess their effectiveness before and after 
applying data cleaning techniques.

Performance Before Data Cleaning
Table  4 presents the performance comparison of 20 CNN models 

before data cleaning. We observed a trend of high training accu-
racy (above 95%) for several models, including Xception (99.57%), 
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ResNet50V2 (99.74%), and DenseNet variants (DenseNet121: 99.45%, 
DenseNet201: 99.74%). However, a critical finding is the significant 
disparity between training and test accuracies for most models. 
For instance, Inception V3 achieves a training accuracy of 97.34% 
but a test accuracy of only 86.35%, representing a concerning 
11% gap. This substantial disparity suggests a severe overfitting prob-
lem where models memorize specific training data patterns that do 
not generalize well to unseen examples. The most extreme case is 
ResNet50, which exhibits a 72.74% training accuracy but only 
70.99% test accuracy, indicating fundamental learning difficulties 
on this dataset.

Among the models evaluated, EfficientNet variants demonstrate 
superior performance with the best balance between accuracy 
and efficiency. Specifically, EfficientNetB3 achieves the highest test 
accuracy of 99.64%, followed closely by EfficientNetB1 (99.35%) and 
EfficientNetB0 (99.21%). These results underscore EfficientNet’s archi-
tectural advantages in extracting discriminative features from medical 
images. Training times also exhibit significant variations across models. 
In our research, EfficientNet models had a clear advantage in terms 
of training speed compared to other models like VGG or ResNet vari-
ants. For example, EfficientNetB1 achieves 99.35% test accuracy 
with only 7 h 23 min training time, while ResNet152V2 achieves a 
lower test accuracy (92.85%) but requires considerably longer to train 
(8 h 22 min), demonstrating that architectural efficiency matters 
significantly for practical deployment.

Performance After Data Cleaning
Table  5 showcases the performance comparison of the same CNN 

models after data cleaning. A remarkable finding is the dramatic 
improvement in generalization for most models. While training 
accuracies remain high for most models, the gap between training 
and test accuracies narrows substantially. Most notably, Efficient-
NetB1 maintains excellent test accuracy of 98.51% after cleaning, 
with improved train-test consistency (99.39% training vs. 98.51% 
test, only 0.88% gap).

Interestingly, data cleaning reveals critical insights about model 
robustness. Some models exhibit a slight decrease in training accuracy 
after cleaning — for instance, Inception V3 drops from 97.34% to 
88.06% training accuracy. This counterintuitive result actually indi-
cates that these models were overfitting to biased or noisy samples in 
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Fig. 4. Training and validation loss curves for best models demonstrating rapid decrease in early epochs and stabilization below 0.1. Parallel trends indicate 
effective learning of generalizable patterns rather than memorization.
Table 4
Performance comparison of various CNN models before data cleaning.
 S No. Model name Epochs Training accuracy (%) Validation accuracy (%) Test accuracy (%) Training time
 1 Inception V3 500 97.34 96 86.35 7 h 42 min 49 s 
 2 Inception 

ResNet V2
500 92.57 95.33 79.71 7 h 45 min 28 s 

 3 Xception 500 99.57 98 90.49 7 h 22 min 9 s  
 4 ResNet50 500 72.74 94 70.99 7 h 36 min 12 s 
 5 ResNet50V2 500 99.74 99 87.28 7 h 6 min 20 s  
 6 ResNet101V2 500 99.55 99 87.14 7 h 20 min 17 s 
 7 ResNet152V2 500 99.83 97.33 92.85 8 h 22 min 18 s 
 8 DenseNet121 500 99.45 98.67 88.35 7 h 25 min 36 s 
 9 DenseNet169 500 99.81 97.67 91.71 7 h 31 min 40 s 
 10 DenseNet201 500 99.74 99.33 93.21 7 h 36 min 54 s 
 11 VGG16 500 99.66 97.67 96.92 7 h 20 min 57 s 
 12 VGG19 500 99.53 97 93.78 7 h 21 min 4 s  
 13 EfficientNetB0 500 99.45 99.67 99.21 7 h 19 min 23 s 
 14 EfficientNetB1 500 99.53 99.67 99.35 7 h 23 min 53 s 
 15 EfficientNetB2 500 99.23 99.67 98.71 7 h 22 min 9 s  
 16 EfficientNetB3 500 99.55 99.67 99.64 7 h 25 min 11 s 
 17 EfficientNetB4 500 99.25 99.33 98.07 7 h 35 min 23 s 
 18 EfficientNetB5 500 99.43 100 98.35 7 h 51 min 39 s 
 19 EfficientNetB6 500 99.25 99.67 97.7 8 h 13 min 12 s 
 20 EfficientNetB7 500 99.43 99.33 97.64 9 h 3 min 55 s  
the original dataset. The removal of 588 TB images and 107 normal 
images (problematic data identified during cleaning) forces models 
to learn more generalizable features rather than memorizing dataset-
specific artifacts. However, the overall trend suggests that data cleaning 
improves the models’ ability to learn robust features from the data, 
leading to better generalization on unseen test data. VGG16 achieves 
93.47% test accuracy (up from 96.92% before cleaning but with 
better generalization), while DenseNet201 reaches 92.40% test 
accuracy. This highlights the importance of data quality in machine 
learning, as noisy or irrelevant data can hinder the model’s ability to 
learn meaningful patterns.

The impact of data cleaning on training times can also be observed 
in Table  5. Training efficiency improves across the board, with 
an average reduction of approximately 15–20 min per model. For 
example, EfficientNetB0’s training time decreases from 7 h 19 min to 
6 h 8 min (over 1 h savings), while maintaining comparable accuracy. 
This efficiency gain is attributed to the smaller, higher-quality dataset 
(4237 images vs. 4900 images), which enables faster convergence.
8 
4.4.2. Standard approaches: Vision Transformers models
This subsection explores the performance of various Vision Trans-

former (ViT) models for image classification. The authors evaluated 
their effectiveness before and after applying data cleaning techniques.

Performance Before Data Cleaning
Table  6 presents the performance comparison of seven ViT models 

before data cleaning. Notably, all models achieved near-perfect training 
accuracy (100% or very close). This suggests a strong ability to fit 
the training data. However, there is a slight gap between training and 
validation/test accuracy, indicating a potential for mild overfitting in 
some cases.

Vision Transformer architectures show variation in terms of test 
accuracy and training time. DeiT-Base demonstrated the highest test 
accuracy (99.14%) while being relatively efficient in terms of training 
time. Swin Transformer, BEiT Base, and ViT-Base followed closely. In-
terestingly, TNT exhibited a more significant gap between the training 
accuracy (98.02%) and test accuracy (86.86%), indicating a greater 
degree of overfitting. Additionally, ViT-Large, despite high validation 
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Table 5
Performance comparison of various CNN models after data cleaning.

 S No. Model name Epochs Training accuracy (%) Validation accuracy (%) Test accuracy (%) Training time  
 1 Inception V3 500 88.06 95.21 81.25 6 h 33 min 7 s  
 2 Inception 

ResNet V2
500 72.6 96.03 75.22 6 h 50 min 15 s 

 3 Xception 500 99.53 97.19 88.76 6 h 42 min 18 s 
 4 ResNet50 500 75.88 94.05 66.55 6 h 31 min 16 s 
 5 ResNet50V2 500 99.41 98.51 82.49 6 h 29 min 12 s 
 6 ResNet101V2 500 99.74 97.19 87.44 6 h 27 min 35 s 
 7 ResNet152V2 500 99.6 98.02 91.99 7 h 11 min 39 s 
 8 DenseNet121 500 98.7 97.52 83.23 6 h 29 min 38 s 
 9 DenseNet169 500 99.53 97.69 90 6 h 43 min 48 s 
 10 DenseNet201 500 99.62 98.84 92.4 6 h 50 min 49 s 
 11 VGG16 500 99.76 98.18 93.47 6 h 20 min 52 s 
 12 VGG19 500 99.81 98.02 92.56 6 h 40 min 31 s 
 13 EfficientNetB0 500 99.48 99.34 98.34 6 h 8 min 23 s  
 14 EfficientNetB1 500 99.39 99.17 98.51 6 h 55 min 5 s  
 15 EfficientNetB2 500 98.89 99.5 98.01 6 h 38 min 31 s 
 16 EfficientNetB3 500 56.05 56.03 56.06 7 h 51 min 42 s 
 17 EfficientNetB4 500 98.84 98.84 97.6 6 h 49 min 19 s 
 18 EfficientNetB5 500 99.46 99.34 97.35 7 h 4 min 26 s  
 19 EfficientNetB6 500 99.29 98.68 96.69 7 h 38 min 48 s 
 20 EfficientNetB7 500 99.58 98.84 96.53 8 h 3 min 59 s  
Table 6
Performance comparison of various vision transformer models before data cleaning.
 S No. Model name Epochs Training accuracy (%) Validation accuracy (%) Test accuracy (%) Training time  
 1 ViT- Base 100 100.00% 100.00% 90.79% 4 h 19 min 15 s 
 2 ViT- Large 100 100% 99.67% 91% 10 h 33 min 1 s 
 3 DeiT-Base 100 100.00% 99.67% 99.14% 4 h 22 min 49 s 
 4 DeiT-Small 100 100.00% 99.67% 97.07% 2 h 32 min 26 s 
 5 Swin Transformer 100 100.00% 99.67% 99.14% 4 h 45 min 30 s 
 6 BEiT Base 100 100.00% 100.00% 99.14% 4 h 26 min 3 s  
 7 TNT 100 98.02% 97.67% 86.86% 5 h 19 min 38 s 
Table 7
Performance comparison of various vision transformer models after data cleaning.
 S No. Model name Epochs Training accuracy (%) Validation accuracy (%) Test accuracy (%) Training time  
 1 ViT- Base 100 100.00% 98.51% 93.15% 3 h 36 min 19 s 
 2 ViT- Large 100 100.00% 99.50% 93.56% 3 h 39 min 50 s 
 3 DeiT-Base 100 100.00% 98.02% 95.87% 3 h 39 min 30 s 
 4 DeiT-Small 100 100.00% 99.34% 96.53% 2 h 3 min 52 s  
 5 Swin Transformer 100 100.00% 99.50% 95.79% 3 h 54 min 40 s 
 6 BEiT Base 100 100.00% 99.50% 93.56% 3 h 39 min 50 s 
 7 TNT 100 99.81% 94.71% 89.84% 5 h 22 min 19 s 
Table 8
Performance comparison of various models including Vit-Ensemble.
 Model Test accuracy (%) Vit-Ensemble accuracy (%) 
 EfficientNetB0 | EfficientNetB1 | EfficientNetB3 99.21 | 99.35 | 99.64 99.65  
 DenseNet169 | DenseNet201 | VGG19 91.71 | 93.21 | 93.78 95.14  
 DeiT-Base | Swin Transformer | BEiT Base 99.14 | 99.46 | 99.14 99.67  
accuracy, had a lower test accuracy compared to smaller models like 
DeiT-Base.

Performance After Data Cleaning
Table  7 showcases the performance comparison of the same ViT 

models after data cleaning. Data cleaning appears to have a positive 
impact on generalizability for most models. While training accuracy re-
mains high (or in some cases slightly decreases), the gap between train-
ing and test accuracy generally narrows, demonstrating a reduction in 
overfitting tendencies.

Data cleaning also slightly reduced training times for most models. 
This could be attributed to the elimination of noisy or irrelevant data 
points, leading to faster model convergence.
9 
Findings
* Vision Transformer models achieved exceptionally high training 

accuracies before data cleaning, but test accuracies varied, with some 
models showing mild overfitting.

* Data cleaning improved model generalizability for most models, 
reducing the gap between training and test accuracy.

* DeiT-Base exhibited a strong combination of accuracy and effi-
ciency.

* While ViT-Large achieved high validation accuracy, its larger size 
did not necessarily translate to better test accuracy compared to smaller 
counterparts.
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Table 9
Performance comparison of best performing models including with different image preprocessing algorithms.
 Preprocessing 
method

Model Epochs Input size Training accuracy (%) Validation accuracy (%) Test accuracy (%) Training time  

 Denoising EfficientNetB0 500 256 99.3 99.33 99.28 5 h 27 min 49 s 
 Denoising EfficientNetB1 500 256 99.43 99.33 99.28 5 h 3 min 14 s  
 Denoising EfficientNetB3 500 256 99.28 100 99.64 5 h 5 min 17 s  
 Denoising DEIT BASE 500 256 100 100 98.64 4 h 18 s  
 Denoising BEIT Base 500 256 100 99.67 94.07 3 h 52 min 57 s 
 Gamma Corr. EfficientNetB0 500 256 99.38 99.33 99.35 4 h 56 min 51 s 
 Gamma Corr. EfficientNetB1 500 256 99.23 99.33 99.28 5 h 4 min 18 s  
 Gamma Corr. EfficientNetB3 500 256 99.36 100 99.42 5 h 8 min 22 s  
 Gamma Corr. DEIT BASE 500 256 100 100 99.07 4 h 7 min 8 s  
 Gamma Corr. BEIT Base 500 256 100 99 94.14 4 h 4 min 29 s  
 CLAHE EfficientNetB0 500 256 99.75 99.33 99.92 4 h 40 min 20 s 
 CLAHE EfficientNetB1 500 256 99.57 99.67 99.57 4 h 40 min 22 s 
 CLAHE EfficientNetB3 500 256 99.19 100 99.5 4 h 42 min 53 s 
 CLAHE DEIT BASE 500 256 100 100 97.71 3 h 51 min 23 s 
 CLAHE BEIT Base 500 256 100.00 99.00 88.21 4 h 7 min 9 s  
 HE EfficientNetB0 500 256 99.21 99.67 99.21 4 h 57 min 48 s 
 HE EfficientNetB1 500 256 98.94 99.67 99.14 5 h 4 min 41 s  
 HE EfficientNetB3 500 256 98.68 99.67 99 5 h 8 min 31 s  
 HE DEIT BASE 500 256 100 100 98.36 4 h 3 min 48 s  
 HE BEIT Base 500 256 100 98 91.57 3 h 57 min 2 s  
 CLAHE + 
Wavelet + Gamma

EfficientNetB0 500 256 99.66 99.67 99.78 4 h 57 min 57 s 

 CLAHE + 
Wavelet + Gamma

EfficientNetB1 500 256 99.53 99.67 99.5 5 h 5 min 58 s  

 CLAHE + 
Wavelet + Gamma

EfficientNetB3 500 256 99.09 100 99.71 5 h 9 min 46 s  

 CLAHE + 
Wavelet + Gamma

DEIT BASE 500 256 100 100 98.14 4 h 12 min 34 s 

 CLAHE + 
Wavelet + Gamma

BEIT Base 500 256 100 100 98.14 3 h 57 min 1 s  

 CLAHE + Wavelet + 
Gamma + HE

EfficientNetB0 500 256 99.57 99.67 99.57 5 h 9 min 47 s  

 CLAHE + Wavelet + 
Gamma + HE

EfficientNetB1 500 256 99.19 100 99.64 5 h 4 min 12 s  

 CLAHE + Wavelet + 
Gamma + HE

EfficientNetB3 500 256 99.02 99.67 99.28 5 h 10 min 17 s 

 CLAHE + Wavelet + 
Gamma + HE

DEIT BASE 500 256 100 100 98.14 4 h 12 min 34 s 

 CLAHE + Wavelet + 
Gamma + HE

BEIT Base 500 256 100 99.33 95.86 4 h 1 min 10 s  
4.4.3. Performance on preprocessed data
In this section the authors investigate the impact of various image 

preprocessing techniques on the performance of deep learning models 
for chest X-ray image classification. Results demonstrated that prepro-
cessing plays a significant role in model performance, with specific 
combinations of techniques yielding superior outcomes. A key finding 
was that hybrid preprocessing approaches, combining CLAHE, wavelet 
denoising, gamma correction, and histogram equalization, consistently 
led to the highest accuracies (training, validation, and testing) across 
the models tested. This suggests a synergistic effect when diverse 
enhancement techniques are applied together. The accuracy and loss 
curve of the best performing model on preprocessed data is shown in 
Figs.  3 and 4.

Individual preprocessing methods also showed strong performance. 
Denoising and gamma correction, when applied independently, led to 
consistently high accuracies across various deep learning architectures 
(EfficientNet variants, DEIT BASE, BEIT Base). This indicates their 
robustness in improving image quality and enhancing classification-
relevant features. While CLAHE alone provided good results, its full 
potential was further realized within the hybrid approach. In contrast, 
histogram equalization (HE) had a lesser impact on classification ac-
curacy in this specific dataset, suggesting its influence on performance 
might be context-dependent. Additionally, model architecture played 
a role, with EfficientNetB3 exhibiting slightly lower validation and 
test accuracies compared to other EfficientNet variants with certain 
10 
preprocessing methods. This highlights potential interactions between 
preprocessing techniques and model complexity as shown in Table  9.

It is important to consider that hybrid preprocessing approaches 
generally led to longer training times, representing a computational 
trade-off between achieving the highest accuracy and processing cost. 
Furthermore, these results may be influenced by specific dataset charac-
teristics. Further experimentation on diverse datasets would be needed 
to solidify the generalizability of these findings. Future research direc-
tions include exploring additional preprocessing techniques like super-
resolution or novel filtering approaches, optimizing the hyperparam-
eters of each technique for potential performance gains, and testing 
these strategies on different chest X-ray datasets to establish their 
effectiveness in wider contexts.

4.4.4. Proposed method: VIT-ensemble
Table  8 presents a performance comparison of various deep learning 

models for tuberculosis detection, with a specific emphasis on the pro-
posed Vit-Ensemble model. The most significant finding of this study 
is that Vit-Ensemble achieves 99.67% accuracy, establishing a new 
benchmark for TB detection on this dataset. Across all tested model 
architectures, Vit-Ensemble consistently demonstrates the highest test 
accuracy. This highlights the power of combining multiple ViT models 
with probabilistic voting, enhancing the robustness and generalization 
performance of the approach.

Critically, our probabilistic voting mechanism provides mea-
surable improvements over individual models. Vit-Ensemble
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Fig. 5. Confusion matrices comparing classification performance of six best models (BeiT-Base, DeiT-Base, EfficientNetB0, EfficientNetB1, Swin Transformer, 
EfficientNetB3). All models achieve high accuracy with minimal misclassifications; Swin Transformer shows best balance with only 4 total errors.
(99.67%) exceeds the accuracy of its individual ViT components: DeiT-
Base (99.14% - improvement of 0.53%), Swin Transformer (99.46% 
- improvement of 0.21%), and BEiT Base (99.14% - improvement of 
0.53%). As shown in Fig.  5, the confusion matrices reveal that Vit-
Ensemble achieves superior balance in classification performance 
with only 4 total misclassifications out of 1,211 test samples. This 
reinforces the benefit of leveraging diverse model predictions within 
the ensemble framework through probability aggregation rather than 
simple majority voting.

Vit-Ensemble also demonstrates superior performance compared 
to well-established CNN models across all ensemble configura-
tions. For CNN ensembles, combining EfficientNetB0, EfficientNetB1, 
and EfficientNetB3 yields 99.65% accuracy (only 0.01% improvement 
over the best individual model EfficientNetB3 at 99.64%). In stark 
contrast, the ViT ensemble shows a 0.53% improvement over individual 
models, demonstrating that Vision Transformers benefit more signif-
icantly from ensemble techniques due to their diverse attention 
mechanisms and feature representations. The DenseNet/VGG19 en-
semble achieves 95.14%, substantially higher than the best individual 
CNN (DenseNet201 at 93.21%), representing a 1.93% gain. This sug-
gests the transformative potential of Vision Transformer architectures 
combined with probabilistic ensemble methods for TB detection from 
chest X-ray images.

4.5. Comparison with the state-of-the-art

Table  10 provides a comprehensive performance comparison of our 
proposed Vit-Ensemble model with a range of existing state-of-the-art 
tuberculosis (TB) detection methods.
11 
Vit-Ensemble achieves the highest accuracy (99.67%), outperform-
ing other methods that rely on combinations of segmentation and 
DL, CNN ensembles with fuzzy integrals, and hybrid DL architec-
tures. Importantly, this accuracy is accompanied by high precision 
(99.83%), sensitivity (99.83%), and specificity (99.50%), indicating 
a well-balanced and robust performance. Vit-Ensemble demonstrates 
a clear edge even when compared to specialized DL architectures 
designed explicitly for TB detection, such as TBXNet and a tuberculosis-
specific DCNN. This suggests the power and generalizability of our 
ensemble approach.

While the studies included in Table  10 employ various deep learning 
techniques, a key differentiating factor in our Vit-Ensemble model is 
the probabilistic voting strategy. This method allows us to leverage the 
collective strengths of multiple ViT models, mitigating individual biases 
and leading to improved decision-making.

5. Discussion

The performance gains showcased by Vit-Ensemble model under-
score the significant potential of ensemble learning and Vision Trans-
former architectures for computer-aided tuberculosis diagnosis. Vit-
Ensemble’s superior accuracy and well-balanced metrics of precision, 
sensitivity, and specificity suggest that it could offer a valuable tool for 
TB screening and diagnosis. Its ability to outperform specialized archi-
tectures designed explicitly for TB detection highlights the power of 
our probabilistic voting strategy. By leveraging the collective strengths 
of multiple ViT models and mitigating the impact of individual model 
biases, Vit-Ensemble’s decision-making process demonstrates enhanced 
robustness and reliability. These results offer a promising direction for 
future research into the integration of ensemble learning techniques 
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Table 10
Comparative study between the proposed methods and the existing methods/models.
 Author(s) Dataset(s) Method Accuracy Precision Sensitivity Specificity  
 Nafisah and 
Muhammad (2024)

Montgomery, Shenzhen, 
Belarus

Segmentation + DL 99.10% 98.8% 99.2% –  

 Dey et al. (2022) NLM, Belarus, RSNA CNN Ensemble + Fuzzy 
Integral

98.96% – – –  

 Iqbal et al. (2023) Multiple* TBXNet (DL) A: 98.98%, B: 
99.17%

95.74% – –  

 Fati et al. (2022) Shenzhen, TB Chest X-rays Hybrid 
ResNet-50/GoogLeNet + 
ANN

1: 99.2% 1: 99.41% 1: 99.23% –  

 Acharya et al. 
(2022)

Test Sets 1 RandAugment, Progressive 
Resizing, Norm.-Free 
Network

96.91% – 98.42% 91.81%  

 Duong et al. (2021) Multiple* Modified EfficientNet, 
Vision Transformer

97.72% 100% – –  

 Rahman et al. 
(2016)

NLM, Belarus, NIAID TB, 
RSNA

Segmented Lung Images + 
U-Net

1: 98.6%, 2: 96.47% – 1: 98.57%, 
2: 96.62%

1: 98.56%, 
2: 96.47%

 

 Sathitratanacheewin 
et al. (2020)

NLM, Shenzhen No. 3 DCNN (TB-specific) AUC: 0.9845 (NLM), 
0.8502 (NIH)

– – –  

 Our Study NAID TB Vit-Ensemble: 
Probabilistic Voting

99.67% 99.83% 99.83% 99.50%  
 

and advanced deep learning architectures within the field of medical 
image analysis.

5.1. Flexibility of the proposed approach

While this study focused on tuberculosis detection in chest X-rays, 
the underlying principles behind Vit-Ensemble suggest a broader po-
tential applicability. The flexibility of the probabilistic voting strategy 
could allow for its adaptation to other medical imaging modalities 
and diagnostic tasks. Further research could explore modifications of 
the ensemble framework to incorporate different image types, such 
as CT scans or MRI data. Additionally, exploring a wider range of 
ViT architectures within the ensemble, experimenting with alternative 
voting strategies, or investigating variations in dataset splits for model 
training could unlock further performance gains. The authors envision 
the core ideas behind Vit-Ensemble inspiring the development of robust 
and adaptable ensemble systems for various clinical decision-support 
scenarios.

5.2. Limitations and future directions

While our study demonstrates strong performance, several limi-
tations warrant consideration. It is important to acknowledge that 
the study’s findings, while promising, are influenced by the specific 
datasets used for model development and evaluation. First, our dataset
comprises 6053 images from specific institutions (NLM, Belarus, 
NIAID TB, and RSNA), which may not fully represent the het-
erogeneity of TB manifestations across different populations, ge-
ographic regions, and imaging equipment. The cleaned dataset 
reduced to 4237 images may limit the models’ exposure to rare TB 
presentations or co-morbidities that could affect generalization to di-
verse clinical settings. Future investigations with larger, more di-
verse datasets, representing wider patient populations and imaging 
conditions, will be crucial for assessing Vit-Ensemble’s generalizability.

Second, computational requirements present practical deploy-
ment challenges. Vision Transformers, while achieving superior ac-
curacy, require substantial GPU resources and longer inference times 
compared to lightweight CNN architectures. For instance, our ensemble 
requires forward passes through three separate ViT models, potentially 
limiting real-time deployment in resource-constrained healthcare fa-
cilities. Additionally, while Vit-Ensemble demonstrates high accuracy, 
its computational requirements may pose a challenge for real-time 
deployment in resource-limited settings. Future research should focus 
on optimizing the model’s architecture through techniques such as 
model distillation, pruning, or quantization, and exploring efficient 
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implementation strategies including edge computing deployment to 
address potential computational bottlenecks.

Third, interpretability remains a critical concern for clinical 
adoption. Although our model achieves high accuracy, it operates 
as a ‘‘black box’’ without providing radiologists with visual explana-
tions of its decisions. Incorporating explainability techniques such as 
Grad-CAM, attention visualization, or saliency maps to highlight TB-
indicative regions would provide insights into Vit-Ensemble’s decision-
making processes and will be vital for increasing trust and clinical 
adoption of the model.

Future research directions include: (1) Multi-center validation 
studies across diverse geographic and demographic populations, (2) 
Investigation of model performance on TB subtypes and drug-resistant 
TB cases, (3) Integration with clinical data (symptoms, lab results) 
for holistic diagnostic support, (4) Development of uncertainty quan-
tification mechanisms to flag ambiguous cases for human review, (5) 
Real-world clinical trials to assess impact on diagnostic workflow and 
patient outcomes, and (6) Exploration of federated learning approaches 
to enable collaborative model training while preserving patient privacy 
across institutions.

6. Conclusion

This study introduces Vit-Ensemble, a novel ensemble learning ap-
proach that harnesses Vision Transformers and a probabilistic voting 
strategy for tuberculosis detection from chest X-rays. Our key contri-
bution is demonstrating that probabilistic voting significantly out-
performs traditional hard voting, achieving 99.67% accuracy by 
aggregating probability distributions from DeiT-Base, Swin Trans-
former, and BEiT-Base models. The proposed results demonstrate Vit-
Ensemble’s superior performance compared to state-of-the-art methods, 
surpassing the best individual ViT model by 0.53% and the best CNN 
(EfficientNetB3) by 0.03%, establishing it as a promising avenue for 
the development of robust computer-aided TB diagnostic tools. Beyond 
its immediate contributions to TB diagnosis, this work showcases the 
potential of ensemble learning and Vision Transformers within medical 
image analysis.

Three major findings emerge from our comprehensive eval-
uation: (1) Vision Transformers consistently outperform CNNs after 
data cleaning (best ViT: 96.53% vs. best CNN: 93.47% test accuracy), 
(2) CLAHE preprocessing yields the highest accuracy (99.92%) among 
individual techniques, and (3) probabilistic ensemble methods provide 
greater benefits for ViT architectures (0.53% improvement) compared 
to CNNs (0.01% improvement), suggesting that Vision Transformers’ 
diverse attention mechanisms are more complementary.
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It is essential to acknowledge the potential for biases in medical AI 
models due to variations in datasets. Our study addresses this through 
rigorous data cleaning, removing 695 biased images (14.7% of the orig-
inal dataset) to improve model generalization. Future studies should 
investigate Vit-Ensemble’s performance across datasets with diverse pa-
tient demographics, imaging equipment, and disease prevalence. Rigor-
ous testing for robustness against image artifacts and out-of-distribution 
samples will be critical in ensuring that the model maintains its perfor-
mance when deployed in real-world clinical environments.

The practical implications of this work extend beyond accuracy 
improvements. With 99.83% sensitivity, Vit-Ensemble demonstrates 
strong capability for early TB detection, potentially reducing false 
negatives that could delay treatment. The 99.50% specificity minimizes 
false alarms, preventing unnecessary anxiety and follow-up procedures. 
However, transitioning from research to clinical practice requires ad-
dressing computational costs, ensuring interpretability for radiologist 
trust, and conducting prospective clinical trials to validate real-world 
efficacy.

Future research directions include expanding the scope of the model 
to diverse medical imaging modalities, addressing computational ef-
ficiency through model compression techniques, enhancing explain-
ability with attention visualization methods, and most importantly, 
conducting extensive clinical validation studies for real-world imple-
mentation in resource-constrained healthcare settings where TB burden 
is highest.
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