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Chest X-ray radiography is a reasonably inexpensive and widely available diagnostic technology that can aid in 
identifying different illnesses like tuberculosis (TB), pneumonia, COVID-19 and many more. The demand for skilled 
personnel to evaluate X-ray radiographs is a challenge in many health facilities across the globe, particularly in 
underdeveloped regions. Machine Learning (ML) algorithms have enabled the automated diagnosis of TB from X-ray 
modalities. Aside from deep convolutional neural networks (DCNN) for vision applications, the Vision Transformer 
(ViT) network has also produced outstanding results in image classification. Motivated by the robustness of the 
transformer network on image processing tasks, the study proposes a transformer-based framework for early screening of 
TB disease. Three different vision transformer types ViT-Base16 (ViT-B16), ViT-Base32 (ViT-B32), and 
ViT-Large32(ViT-L32) were tested in the experiment to see how well they performed in identifying tuberculosis. When 
the transformer models' outcomes were contrasted with those of other CNNs, the VIT-B32 model performed admirably 
in the diagnostic procedure. The ViT-B32 model's attained accuracy, sensitivity, specificity, precision, F-1 score, and 
AUC scores of the ViT-B32 model were 96.96%, 96.89%, 97.01%, 96.72%, 96.80% and 0.97, respectively, on TB 
classification. The ViT-b32 model demonstrated superiority and generalizability. Because of its low cost and ease of use, 
the ViT-b32 model may provide an accurate diagnostic system to all TB patients for early screening.  
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Introduction 
Tb is a transmittable illness and is one of the 

principal causes of death globally. About 10.0 million 
individuals have the disease worldwide, with some 
suffering from drug-resistant tuberculosis (TB), which 
remains a public health concern. To eradicate 
tuberculosis (TB), the World Health Organization 
(WHO) has proclaimed that comprehensive health 
coverage for all is required.1 

Chest X-ray (CXR) examination is a popular clinical 
imaging modality for detecting and diagnosing lung 
disorders.2–6 Its main benefit is its low cost, accessibility, 
and simple operation. X-ray imaging is a method used to 
determine the origin of illness or an issue with one of the 
body's internal organs.7 The interpretation of images 
relies on the radiologist, which makes the sensitivity 
solely dependent on their expertise. Examining the 
images is laborious and requires much time.  

Furthermore, the need for professional radiologists 
might be a barrier, particularly in distant or 
underserved locations. Because of the above 
challenges, current research has concentrated on ML 
algorithms for automatic diagnosis and aspires to 
become a vital tool for physicians.8–10 

The progress of high-performance computers with 
graphics processing units (GPUs) and the accessibility 
of clinical datasets is the driving force behind the 
development of artificial intelligence solutions for 
automatic disease identification. Increased sensitivity for 
results, automation of boring everyday activities, and 
resolving the problem of physicians not always present 
in distant places or underdeveloped nations are all 
possible benefits of automated disease diagnosis.11,12 

Deep Learning (DL) approaches like CNN have 
produced outstanding results in computer 
vision-oriented applications in recent years, 
including classification, segmentation, and object 
recognition.13–17 Because of this achievement, DL 
solutions have widely been implemented in the clinical 
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arena, such as for TB diagnosis.18–20 A framework for 
TB prediction21 got trained and evaluated using the 
Shenzhen and Montgomery County datasets.22 Its 
accuracy was 90% and 80%, respectively.  

A DL-based framework based on semi-supervised 
learning technique got proposed for TB identification 
using X-ray modalities. The model performed well by 
attaining a recall and specificity scores of 94.3%-
100%, 91.1%-100%, and 99.1%-100%, respectively.23  

The Gou et al.24 proposed three ways to diagnose TB 
using X-ray radiography. Step 1 required modifying the 
physical features of the CNN model, while steps 2 and 3 
optimized the model using an artificial bee colony 
approach. The system detected seven TB-related 
symptoms after training with the Shenzhen dataset 
(SZ)and Montgomery County (MC) datasets. A CNN 
model trained on the MC and SZ datasets, based on 
Bayesian theory, was introduced for optimal 
performance25 in order to address the SoftMax inference 
limitation 

ViTs26 with built-in self-attention as an alternative to 
CNNs in computer vision applications produces cutting-
edge results in vision tasks like segmentation, 
classification, and detection.2,27–29 In its operations, the 
input image gets split into patch embeddings like tokens 
in natural language processing models. Position 
embedding added to the image patches transcends 
through a series of encoding layers for feature 
extraction. Following the ViT model's success, other 
variations with improved performance have arisen.  

The data-efficient image transformers (DeiT)30 
model, which works on a teacher-student process, was 
introduced to help transformer models train on 
smaller datasets to produce better outcomes. DeiT 
performed better on ImageNet with an accuracy of 
85.2%, making it better than the original ViT model. 
Instead of the direct tokenization used in the ViT 
model, a layer-wise Tokens-To-Token Vision 
Transformer (T2T-ViT) can encode each token.31 The 
model was successful on ImageNet, with a Top-1 
accuracy of 82.3%. On the other hand CrossViT, a 
to-way ViT model extracts multi-scale characteristics 
for optimal performance.32 To quickly share 
information, a fusion approach based on cross-
attention was devised to integrate image patch tokens 
of various sizes. The model performed well by 
achieving 82.8% Top-1 accuracy on ImageNet. 

Notwithstanding the transformer network's 
capacity to simulate global interaction between token 
embeddings via self-attention, it suffers in modelling 

local representations, which is critical in image 
processing. The drawback gets addressed by 
introducing locality to the original ViT framework by 
including depth-wise convolution and non-linear 
activation functions into the model.33 The model 
achieved 94.2% Top-5 accuracy on ImageNet.  

In contrast, the Pyramid Vision Transformer (PVT) 
addresses the limitations of porting the transformer to 
diverse dense prediction workloads. On ImageNet, it 
had a Top-1 error rate of 18.3%.34 A hierarchical 
Transformer is a general-purpose framework for 
computer vision where representations get calculated 
with Shifted windows.35 The framework addresses the 
difficulties of converting the transformer from 
language to visual. Among the issues are variances 
amid the two spheres, such as notable changes in the 
size of visual elements and the higher pixel quality of 
photos than words in text.  

Motivated by the performance of the transformer 
network on image classification, this study proposes 
an enhanced transformer model for TB identification 
from X-ray radiography. The contributions of the 
study are below. 
 The study presents a transformer-based model

with exceptional performance for TB diagnosis
based on X-ray modalities.

 The model's resilience and generalization are
compared to existing ViT-based frameworks, and
the proposed model performed better.

 The study offers detailed performance evaluation
with visualization to aid physicians and doctors
offer correct decisions on image interpretations.

Materials and Methods 
This section describes the vision transformer- 

based 26 architecture proposed for TB identification. 
The experimental dataset employed for the study is X-
ray radiographs containing TB and no TB. The 
model's premise is to slice the input set equal patch-
sizes with position embeddings.36 In vision tasks, two 
dimensional (2D) images get reshaped as 𝑋 ∈
𝑅ுൈ ௐ ൈ ஼ into a linearly flattened 2D patches 
𝑋௣ ∈ 𝑅ேሺ௉ൈ௉ ൈ஼ሻ, where ሺ𝑊,𝐻ሻ is the main image 
resolution, 𝐶 is the channel, ሺ𝑃,𝑃ሻ is each pixel 
density of the patch, 𝑁 ൌ 𝐻𝑊/𝑃ଶ is the resultant 
amount of patches, which also serves as the 
Transformer's operative input sequence length. A 
patch embedding is constructed by flattening the 
patches and projecting them to 𝐷 dimensions using a 
trainable linear projection, as indicated in Eq. (1). The 
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framework has a Multi-head Self-Attention (MHSA) 
and Multilayer Perceptron (MLP), where each module 
employs a residual connection with normalization. 
The MLP has the Gaussian Error Linear Unit (GELU) 
activation function and two dense layers. The 
computational process is in Eq. (1). 

Z ൌ ൫Zୡ୪ୟୱୱ ; X୔
ଵE; X୔

ଵE; … X୔
୒Eሻ ൅ E୮୭ୱ ൯             … (1) 

E ൌ Rሺ୔  ൈ ୔  ൈ େሻ ൈ  ୈ, E୮୭ୱ ∈ Rሺ୒ାଵሻൈ  ୈ 

Z୍ ൌ MSA൫LNZሺZl െ 1ሻ൯ ൅ Zl െ 11 ൌ 1 … L 
Z୍ ൌ MLP൫LNሺzlሻ൯ ൅ zl1 ൌ 1 … L 
y ൌ  LNሺz୩

଴ሻ 

Dataset 
The Shenzhen and Montgomery County22, and 

Chest X-ray images for tuberculosis datasets37 got 
pooled to establish a database for the experiment. The 
breakdown of each dataset is presented in Table 1. A 
sample of images from the database used in the 
experiment is shown in Fig. 1. 

Model Architecture 
Compared with CNNs that can extract local 

features and have translation equivariance, ViT has 
substantially a lesser amount inductive bias. Only the 
ViT structure's MLP levels are local and transnational 
equivariant, whilst the self-attention layers are global. 
At the start of the model, position embeddings are 
attached to the patches for spatial information 
extraction.  

Three varieties of ViT models (ViT-16, ViT-32, 
and ViT-32) performed the feature selection and 
classification. The idea is to put these models to the 
test for TB diagnosis. The input patch size and the 
model size are denoted with a notation: for 
example, ViT-L32 denotes the "Large" variation 
with a 32×32 input patch size, and ViT-B32 
denotes the "Base" variation with a 32 × 32 input 
patch size. The specifics of the ViT variant 
configurations based on the BERT model are 
presented in Table 2. 

The suggested model consists of stacked 
transformer layers that transmit the flattened output 
from the encoder layer to batch normalization and 
dense layers constituting the MLP block. There are 
three layers in the encoder. The MSA layer 
amalgamates all attention outputs to the relevant 
linear dimensions. The second layer is the MLP with 
two dense layers and activation function. There is the 
normalization layer which assists the model in 
learning unique properties for improved performance. 
Because of its deterministic nonlinearity with a 
stochastic regularization effect, the GELU gets 
utilized in the first dense layer. In the final dense 
layer, a SoftMax activating function with L2 
regularization gets employed to reduce over-fitting. A 
simplified block structure of the ViT model for TB 
identification with X-ray radiographs is illustrated in 
Fig. 2. 

Experimental Details 
Using TensorFlow with the Keras library, a 12 GB 

NVIDIA Tesla K80 GPU, Python programming, and 
online-based Google collaborative infrastructure, the 
model was developed. To reduce over-fitting during 
training, data augmentation techniques such as re-
scaling, zooming, flipping, shearing, and rotating 
helped to provide variation to the dataset.  

Table 1 — Database 

Dataset TB positive TB negative Total 

Montgomery county 58 80 138 
Shenzhen 336 326 662 
Chest X-ray images for 
tuberculosis 

700 800 1500 

Total 1094 1206 2300 

Fig. 1 — Sample of images used in the experimentation 
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The following hyperparameters got used to training 
the model: RectifiedAdam optimizer, a learning rate of 
1 × 10−4, a dropout rate of 0.2, and 30 epochs. The 
suggested transformer-based TB diagnosis system will 
be a valuable addition to the healthcare system to 
increase global health coverage. In  Fig. 3 the workflow 
of the proposed framework is presented from a clinical 
perspective. The system will help radiologists to offer 
screening and diagnosis of the disease in areas where 
radiologists are in short supply due to the rapid spread of 
infections and inadequate screening facilities. 

Evaluation Metrics 
Conventional metrics like accuracy, sensitivity, 

specificity, Area Under the Curve (AUC) and 
Confidence Interval (CI), were used to evaluate the 
model efficacy. The AUC, which highlights the 
model's balance between excellent and subpar 

classifications, is computed using the ROC curve and 
is a widely used performance metric for medical 
classification problems. These metrics are as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 ൌ ቀ ∑ே௨௠௕௘௥ ௢௙ ௣௥௘ௗ௜௖௧௜௢௡௦ 

∑ ்௢௧௔௟ ௡௨௠௕௘௥ ௢௙ ௣௥௘ௗ௜௖௧௜௢௡௦
ቁ       … (2) 

 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 ൌ

ቀ ∑்௥௨௘ ௣௢௦௜௧௜௩௘௦ ௣௥௘ௗ௜௖௧௜௢௡௦

∑்௥௨௘ ௉௢௦௜௧௜௩௘௦ ௔௡ௗ ி௔௟௦௘ ே௘௚௔௧௜௩௘
ቁ          … (3) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 ൌ ቀ ∑஼௢௥௥௘௖௧ ௣௥௘ௗ௜௖௧௜௢௡

∑்௢௧௔௟ ௜௡௣௨௧ ௦௔௠௣௟௘௦
ቁ           … (4)  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ൌ
்௉

்௉ାி௉
 … (5) 

𝐹 െ 1 ൌ
ଶ ୶ ௌாே ୶ ௉ோா஼

ௌாே ା ௉ோா஼
              … (6) 

𝐸𝑟𝑟𝑜𝑟 േ 𝑐𝑜𝑛𝑠𝑡 ∗  ඥሺሺerror ∗ ሺ1 െ errorሻሻ/nሻ … (7) 

where,  𝐸𝑟𝑟𝑜𝑟 ൌ
௜௡௖௢௥௥௘௖௧ ௣௥௘ௗ௜௖௧௜௢௡

௧௢௧௔௟ ௣௥௘ௗ௜௖௧௜௢௡
 

𝑛 ൌ 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠 

Accuracy is a standard measure of accurately 
classified (True Positive and True Negative) samples 
divisible by total data samples, as shown in Eq. 2. To 
calculate sensitivity or recall, divide the number of 
truly detected positive occurrences by the total 
number of all actual positive (True Positive and False 
Negative) cases, as shown in Eq. 3. Specificity 
determines the model's ability to identify non-infected 
occurrences.  Fig. 2 — Conceptual framework of the proposed framework 

Fig. 3 — Workflow of the proposed automatic TB diagnosis system from a clinical perspective 

Table 2 — Specifics of the various Vision Transformer models 

Model Image size Layers size Perceptron size Heads Parameters 

ViT-Base 224 × 224 12 768 3072 12 86 M 
ViT-Large 224 × 224 32 1024 4096 16 307 M 
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It is computed by dividing the total number of 
genuine negative (TN and FP) instances by the 
number of cleanly classified negative cases (TN) 
as shown in Eq. 4. Precision is used as one of the 
standard measures. Its calculation is in Eq. 5. The 
F-measure was used to compare the sensitivity and
precision scores. When the sensitivity equals the
precision, then the F-score is maximized. Its
calculation is in Eq. 6. The confidence Interval is
another standard metric utilized in this study for
performance assessment. Its computation is
in Eq. (7).

Results and Discussion 
This work examines the potential of pretrained and 

optimized ViT models for automated TB 
identification from X-ray radiography. ViT-B32 had 
the best performance, with an accuracy 96.96% and 
an AUC of 0.972. The accuracy score of the ViT-B16 
was 96.00%, and the AUC was 0.964. The ViT-L32 
model, on the other hand, had the lowest accuracy and 
AUC ratings of 94.91 and 0.941. The Confidence 
interval metric measured the degree of uncertainty or 
certainty in the model's predictions, where a constant 
value of 1.6 (95%) was used to compute the CI, and 
the results are in Table 3. 

The smaller model (ViT-B16, ViT-B32) worked 
well because of a condensed parameter size, 
according to the intuition drawn from the findings. 
The larger model (ViT-L32) performed the worst due 
to its enormous parameter size, which had minimal 
effect on the model's overall effectiveness. The 
confusion matrix in Fig. 4 confirms this assertion. The 
outcomes of all models based on the specified 

standard assessment measures employed for the study 
are given in Table 3. 

In Fig. 4 the confusion matrix for the models is 
presented. The ViT-B32 model misclassified 34 of 1094 
TB positive images, and 36 non-TB out of 1206 got 
misclassified, making it the best model among the three.  

The huge parameter size of the vision transformer 
model is one of its limitations since it makes training 
it computationally costly. Moreover, it has trouble 
identifying local patterns essential for achieving the 
best results in image classification tasks. This had an 
impact on the models' performance. The ROC curves 
for the models are in Fig. 5.  

Visualization 
The proposed work intends to provide a system that 

can aid radiologists in the automated screening of  TB 

Table 3 — Experimental outcomes from the ViT models 

Model Acc (%) Sen (%) Spec (%) Prec (%) F-1 Score (%) AUC CI 

ViT-B16 96.00 95.98 96.02 95.63 96.04 0.964 0.04 ± 0.0080
ViT-B32 96.96 96.89 97.01 96.72 96.80 0.972 0.03 ± 0.00702
ViT-L32 94.91 94.61 95.19 85.82 90.00 0.941 0.05 ± 0.00898

Fig. 4 — Confusion matrix for normal and tuberculosis (TB) classification: (a) ViT-B16 model, (b) ViT-B32 model, (c) ViT-L32 model 

Fig. 5 — ROC Curves for TB and non-TB classification 
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using X-ray radiographs. Deep neural networks are 
black boxes from the radiologist's point of view, as 
there is no way to determine which portion of the 
input picture to the model was responsible for the 
judgment or what the model learnt from the input. 
There is no indication when this model fails and 
misclassifies the input image. This study presents 
interpretations from the prediction by creating heat 
maps to display the portion of the input X-ray most 
predictive of the TB manifestation as shown in Fig. 6. 

The attention map approach got employed to 
visualize the predictions and misclassifications made 
by the best model (ViT-32), which gives 
comprehension based on visual diagnosis for 
radiologists to infer. The resulting heat map indicates 

the area of the picture that is most likely to include 
TB markers for categorization purposes. The model's 
self-attention score is used to visualize the input 
image, with red regions contributing the most. 
Performance Comparison 

The results of the ViT-B32 transformer model got 
compared to that of other CNN models like 
EfficientNet-B5, ReNet50, DenseNet-121, and 
MobileNet. The same dataset used in training the ViT 
models got employed to pretrain the CNN models to 
evaluate their performance. The results are in Table 4.  

The confusion Metrix as in Fig. 7 obtained from 
the various CNN models employed for TB detection 
has compared their results to the transformer network. 
It is evident from Table 3 that the ViT-B32 model 

Table 4 — Comparison of pretrained CNN models to the ViT-B32 model for TB classification 

Model Acc (%) Sen (%) Spec (%) Prec (%) F-1 Score (%) AUC 

EfficientNet-B5 94.87 94.52 95.27 94.78 94.65 0.95
ReNet50 94.34 93.69 94.94 94.38 94.03 0.95
DenseNet-121 94.00 93.24 94.69 94.01 93.62 0.94
MobileNet 94.69 94.14 95.19 85.41 89.56 0.95
ViT-B32 96.96 96.89 97.01 96.72 96.80 0.97

Fig. 6 — Visualization of TB prediction made by ViT-B32 model using images and associated heatmaps:  correctly predicted (top), 
misclassified (bottom) 

Fig. 7 — Confusion matrix of some outstanding CNN models pretrained for TB detection: (a) DenseNet-121, (b) efficientNet-B5, 
(c) ReNet50, (d) MobileNet
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outperformed all the pretrained CNN models in all 
aspects of the evaluation criteria. 

The ViT model's performance in TB detection got 
evaluated in this study. As a result, the ViT-B32 
model offered the best quantitative and statistical 
measurements in classifying the images. The capacity 
of the model to receive global input from the early 
layers and the deep self-attention mechanism, which 
enables patch representation analysis for decision-
making, are the main factors contributing to the 
improved performance. For TB detection, the ViT-
B32 model got tested against CNN-based models. The 
ViT-B32 beat CNN-based transfer learning in all 
assessment measures examined for the study, as 
depicted in Table 3. These findings imply that the 
ViT-B32 model outperforms existing designs in TB 
classification challenges. The attention map depicts a 
highly accurate visualization of the predictions, 
making it appropriate for clinical adaptation.  
 
Conclusions 

This research provided a DL-based framework for 
early identification of TB illness. This research 
compares and analyzes different cutting-edge CNN 
and transformer models to see which works better 
using established measures that assess performance 
visually and statistically. The study focused on 
diagnosis of TB based on X-ray radiographs with 
three variants of ViT original model, (ViT-B16, ViT-
B32, and ViT-L32). The results indicate that ViT-B32 
surpasses current deep CNN networks for TB 
detection. The ViT model's attention mechanism 
makes it effective at detecting the most impacted 
regions in the images. The suggested approach 
contributes to DL solutions offered for the early 
detection of the disease. It is also cost-effective, 
making it economical and accessible to patients, 
especially in areas with fewer radiologists. The 
cutting-edge detection performance of this model 
might be employed as a rapid and efficient diagnostic 
tool, reducing TB casualties caused by wrong or 
delayed screening. Future research will investigate the 
application of CNN and transformer models to 
identify TB utilizing chest X-ray modalities.  
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