c P s Conference Proceedings
in Science and Management

Proceedings of the 2nd International Engineering Data Analytics and Management Conference (EAMCON 2026), 8 to 10 July 2026, Shinawatra University,
Thailand

Published: September 2026 Vol. 1, Issue 1 | Proceeding Paper
DOI: https://doi.org/10.68337/cpsm.v1.i1.2026-004

Automated Tuberculosis Detection from Chest X-Ray Images
Using CNN and Transformer-Based Deep Learning Models

Dontha Madhusudhana Rao'", Dasari Karthik Reddy', Muppala Dhanvith Varma', Chennupati Bharath Chandra', Marthala
Santhosh Reddy', and Saroj Kumar Biswas’

! Department of Computer Science and Engineering, Amrita Vishwa Vidyapeetham, Guntur, India

ZDepartment of Computer Science and Engineering, National Institute of Technology Silchar, Silchar, India

*Corresponding author: d_madhusudhanarao@av.amrita.edu

Abstract. Tuberculosis (TB) is a contagious infectious disease that mainly affects the lungs and is associated with persistent cough, chest
pain, fever, night sweats, and weight loss. Late diagnosis and a shortage of qualified radiologists contribute greatly to the spread of the
disease and to deaths from it, especially in low- and middle-income regions. Effective and accurate diagnosis of TB is therefore necessary
to improve treatment outcomes and to reduce transmission in the community. Recent advances in deep learning have substantially
improved diagnostic accuracy, particularly in clinical evaluation and noninvasive methods, by introducing new techniques for the early
detection of TB. This study compares convolutional neural network (CNN) and transformer models for early TB diagnosis from chest X-
ray (CXR) images in the TB Chest X-ray dataset, framed as a binary classification of TB-positive and normal cases. Seven architectures
were trained with a hold-out 80:20 validation split: four CNNs (VGG16, ResNet-50, EfficientNet-BO, and MobileNet-V2) and three
transformers fitted with an Adaptive Patch Reduction Block (PRB), namely the Vision Transformer (ViT-PRB), the Data-efficient image
Transformer (DeiT-PRB), and the Pyramid Vision Transformer (PVT-PRB). The results indicate that the transformer-based models
performed better than the conventional CNNs, and PVT-PRB, which combines the PRB with global attention, achieved the highest
classification accuracy of 96%.
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I. INTRODUCTION and accurate diagnosis to improve treatment outcomes and
reduce community transmission [7]. Conventional TB diag-
nostic methods include sputum smear microscopy, culture,
molecular tests, and chest X-ray (CXR) imaging. CXR is
commonly used in screening because it is inexpensive and
widely available; however, manual interpretation depends
heavily on expert radiologists and is subject to variability,
fatigue, and workload. Computer-aided diagnosis (CAD)
systems have been proposed to overcome these drawbacks
through automated detection from medical images. Early
CAD methods used handcrafted features, such as texture
and shape, with classical machine learning (ML), but these
were limited in learning the complex TB patterns present in
chest radiographs.

In recent years, deep learning (DL) techniques have
shown strong performance in medical image analysis by
learning discriminative features automatically from raw im-
ages. Convolutional neural networks (CNNs) mainly detect
small, localized abnormalities, whereas transformer-based
systems have been proposed to capture global associations
between different regions of the lung. Transformers, how-
ever, are computationally dense, which limits their feasibil-
ity in resource-constrained clinical settings. This paper
presents a comparative analysis of CNN-based architectures

Tuberculosis (TB) is a highly contagious infectious disease
that predominantly affects the lungs and remains a signifi-
cant public health challenge worldwide, especially in low-
and middle-income nations [1]. It is caused by Mycobac-
terium tuberculosis and presents with symptoms such as
persistent cough, chest pain, fever, night sweats, weight loss,
and fatigue. Millions of new TB cases are reported world-
wide each year, and a significant proportion of cases remain
undiagnosed or are diagnosed at an advanced stage, which
contributes to increased transmission and mortality [2]. Pul-
monary TB causes progressive damage to lung tissue, im-
pairing respiratory function and reducing the efficiency of
oxygen exchange [3]. Structural abnormalities such as lung
infiltrates, cavities, and fibrosis disrupt the normal pul-
monary architecture and are key radiological indicators of
TB [4]. Early-stage TB often presents with mild and non-
specific symptoms that may be mistaken for common respi-
ratory infections [5]. As the disease progresses, extensive
lung damage occurs, leading to chronic respiratory compli-
cations and an increased risk of death [6].

The burden of TB continues to grow worldwide because
of population growth, urbanization, and poor access to qual-
ity healthcare, which highlights the urgent need for early

Cite as: D. M. Rao, D. K. Reddy, M. D. Varma, C. B. Chandra, M. S. Reddy, and S. K. Biswas, “Automated tuberculosis detection from chest X-ray images using CNN and transformer- 14
based deep learning models,” Conf. Proc. Sci. Manag., vol. 1, no. 1, pp. 14-18, 2026. https://doi.org/10.68337/cpsm.v1.i1.2026-004.
Copyright © 2026 The Authors. Published by SHORAM Editorial Services, India, under the Creative Commons Attribution 4.0 License (CC BY 4.0).


mailto:d_madhusudhanarao@av.amrita.edu

Conf. Proc. Sci. Manag., vol. 1, no. 1, 2026

Tuberculosis Detection from Chest X-Rays with CNNs and Transformers

(VGG16, ResNet-50, EfficientNet-BO, and MobileNet-V2)
and transformer-based architectures (ViT-PRB, DeiT-PRB,
and PVT-PRB) enhanced with a proposed Adaptive Patch
Reduction Block (PRB). The models were evaluated on the
TB Chest X-ray Dataset with a hold-out 80:20 validation
split to examine both diagnostic performance and computa-
tional efficiency.

II. RELATED WORK

Many studies have introduced DL-based approaches for the
automated detection of TB from CXR images, and the topic
has attracted considerable interest in the research commu-
nity [8]. A systematic review by Yayan and colleagues [9]
highlighted the role of DL models in automatic TB detec-
tion from CXRs. Hansun and colleagues [10] and Ait
Nasser and Akhloufi [11] similarly highlighted the effec-
tiveness of DL over traditional ML in medical image
analysis. Among CNN-based approaches, Mirugwe and col-
leagues [12] compared several CNN architectures and
found that VGG19 with data augmentation performed best
for TB detection. Sharma and colleagues [13] used DL not
only to detect TB but also to visualize infected regions in
CXR images. Alshmrani and colleagues [14] developed a
hybrid architecture based on VGG19 for multiclass classifi-
cation of TB, COVID-19, and pneumonia. Similarly, Malik
and colleagues [15] presented CDC-Net, a CNN for multi-
class classification that distinguishes COVID-19, pneumoth-
orax, pneumonia, lung cancer, and TB. Kazemzadeh and
colleagues [16] showed that DL-based detection of active
pulmonary TB achieved performance comparable to that of
radiologists, and Chattoraj and colleagues [17] confirmed
the effectiveness of DL on both digital and analog chest ra-
diographs.

Researchers have also incorporated attention and hybrid
mechanisms to address the limitations of standard architec-
tures. Huy and Lin [18] enhanced DenseNet with a convo-
lutional block attention module (CBAM) to extract spatial
and contextual features from CXR images more accurately.
On the transformer side, Lu and colleagues [19] proposed
CTBViT, a Vision Transformer with an efficient block and a
randomized classifier that reduces computational expense
and overfitting in TB classification. Ahmed and col-
leagues [20] combined DL features with handcrafted fea-
tures and showed that hybrid feature extraction can improve
TB classification performance.

III. METHODOLOGY

This section describes the dataset, the preprocessing steps,
the evaluated DL architectures, the training configuration,
and the proposed Adaptive Patch Reduction mechanism.
The overall workflow of the proposed TB detection pipeline
is shown in Fig. 1.

A. Dataset Description

The experiments were conducted on the TB Chest X-ray
Dataset, which is widely used in TB diagnosis research. The
composition of the dataset is summarized in Table 1.

The dataset combines 4,200 images from Tawsifur Rah-
man and colleagues (3,500 normal and 700 TB-positive)
with 2,417 TB-positive images from Yasser Hessein. As
Table 1 shows, the final dataset contains 6,617 images,
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Fig. 1. Overall workflow of the proposed TB detection pipeline, including
dataset preprocessing, baseline model evaluation, the Adaptive Patch Re-
duction Block (PRB), and final decision synthesis.

3,500 normal and 3,117 TB-positive, for binary classifica-
tion. Sample CXR images of normal and TB-positive cases
are shown in Fig. 2.

TaBLE 1. OVERVIEW OF THE TB DATASET

Dataset Total TB-positive Normal Notes
TB Chest X-ray 6,617 3,117 3,500 Chest X-ray
Dataset images

1

Fig. 2. Sample chest X-ray images: normal (left) and TB-positive (right).

B. Preprocessing

The CXR images were rescaled to 224 x 224 pixels and nor-
malized to the [0, 1] range to meet the input requirements of
the CNN and transformer models. Data augmentation, in-
cluding horizontal flipping, rotation of £10°, zooming, and
brightness adjustment, was used to improve model general-
ization. The dataset was split into 80% for training and 20%
for validation so that all models were assessed fairly and
consistently.
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C. Evaluated Models

The evaluated models provide a comparison of CNN-based
and transformer-based systems for TB detection, and their
key characteristics are summarized in Table 2. Lightweight
CNN backbones remain important for real-time imaging ap-
plications under the computational constraints of medical
deployments [21]. MobileNet and similar variants use
depthwise separable convolutions, which offer an accept-
able trade-off between accuracy and efficiency for mass TB
screening. ViT architectures instead represent images as a
sequence of visual tokens processed through self-attention
layers, which models global context efficiently and has
proved effective across a variety of computer vision tasks.

TaBLE 2. OVERVIEW OF THE EVALUATED MODELS

Model Type Key feature

VGG16 CNN Deep baseline

ResNet-50 CNN Residual connections
EfficientNet-BO CNN Compound scaling

MobileNet-V2 CNN Depthwise separable convolution
ViT-PRB Transformer  Global self-attention with PRB
PVT-PRB Transformer Hierarchical attention with PRB
DeiT-PRB Transformer Data-efficient transformer with PRB

VGGL16, pretrained on ImageNet, was fine-tuned for bi-
nary TB classification by replacing its final fully connected
layer. Images were downsampled to 224 x 224 pixels, and
the stacked convolutional layers were trained with the
Adam optimizer and a binary classification loss, so that
VGGI16 served as a deep baseline. ResNet-50 was used to
improve training stability through residual skip connec-
tions; the final classification layer was fine-tuned from pre-
trained weights, which allowed efficient gradient flow and
richer feature learning under Adam optimization with data
augmentation. EfficientNet-BO was selected for its parame-
ter-efficient scaling of depth, width, and resolution; its di-
agnostic performance was moderate despite its compact
size, which illustrates the trade-off between efficiency and
representational capacity. MobileNet-V2 was implemented
as a lightweight CNN optimized for fast inference and low
memory use. Despite its compact design, it generalized
well, which makes it suitable for resource-constrained and
edge-based TB screening.

The Pyramid Vision Transformer with PRB (PVT-PRB)
captures hierarchical spatial representations with trans-
former blocks that include adaptive patch reduction. Images
are converted into patch embeddings that are merged across
pyramid stages, and the PRB module removes redundant to-
kens to improve efficiency while preserving contextual fea-
tures. The Data-efficient image Transformer with PRB
(DeiT-PRB) was fine-tuned from pretrained transformer
weights with adaptive token pruning, combining data-
efficient learning with reduced attention complexity for ef-
fective training on limited datasets. The Vision Transformer
with PRB (ViT-PRB) processes CXR images as fixed-size
patches and uses global self-attention to capture long-range
dependencies, with the PRB removing less informative to-
kens. The pretrained ViT model was fine-tuned with a mod-
ified classification head and achieved good performance
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with efficient computation. Together, these models cover
both local-feature CNNs and global-attention transformers.

D. Training Configuration
The configuration and hyperparameters used to train the
models are listed in Table 3.

TaBLE 3. CONFIGURATION AND HYPERPARAMETERS USED FOR MODEL
TRAINING

Feature Configuration

Input image size 224 x 224 x 1 (grayscale)

Task type Binary classification (TB vs. normal)
Dataset split 80% training, 20% validation

Batch size 16

Number of epochs 10to 15

Optimizer Adam

1 x 107 (CNN), 5 x 107> (transformer)

Cross-entropy loss

Learning rate

Loss function

E. Proposed Adaptive Patch Reduction Block (PRB)

To reduce the computational cost of dense patch processing
in transformers, the PRB is introduced as an efficiency-
oriented module that selectively removes uninformative
patches before the attention computation. The procedure
is given in Algorithm 1, and the internal workflow (patch
embedding, importance scoring, thresholding, and token
pruning) is shown in Fig. 3.

ALGorITHM 1. ADAPTIVE PaTcH REDUCTION BLOCK (PRB)

Require: patch set P = {p1, p2,...,pn}

Ensure: filtered patch set Pitered

1: for each patch p; € P do

Extract embedding vector ¢;

Compute importance score a; with a lightweight scoring head
end for

Compute mean yu,, and standard deviation o, of the scores
Compute dynamic threshold 7 = u, — Ao,
Identify low-importance patches R = {p; | a; < T}

Prune redundant patches: Pfjereq = P\ R

R A A ol 4

Forward Pfjered to the transformer encoder

@

return Priered

IV. REsuLTs AND DiscussioN

Table 4 compares the performance of the models used for
TB detection; its F1 scores are computed from the listed
precision and recall as F; =2PR/(P+R). PVI-PRB
achieved the highest accuracy of all the models, 96%, with
an area under the curve (AUC) of 0.991, which demon-
strates the effectiveness of hierarchical attention combined
with the proposed PRB. ViT-PRB and DeiT-PRB also
achieved strong results, with accuracies of 94% and 93%,
respectively. Among the CNN-based models, MobileNet-V2
performed best, with an accuracy of 93% and an AUC of
0.983, while EfficientNet-B0 had the lowest accuracy, 76%.

The results indicate that the transformer-based models
consistently outperformed the CNN-based models for TB
classification. Unlike CNNs, which focus mainly on local
image features, transformer-based models use self-attention
to capture relationships between different regions of a CXR.
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Fig. 3. The Adaptive Patch Reduction Block (PRB), showing patch embeddings, importance scoring, thresholding, and token pruning.

TaBLE 4. PERFORMANCE COMPARISON OF THE EVALUATED MODELS

Model Precision Recall F1 Acc.(%) AUC Spec. (%)
VGG16 0.88 0.82 0.85 88 0.955 94.00
ResNet-50 0.92 0.69 0.79 82 0.931 95.08
EfficientNet-BO 0.89 0.59 0.71 76 0.854  93.67
MobileNet-V2 0.93 0.85 0.89 93 0.983 99.86
ViT-PRB 0.95 095 0.95 94 0.984  93.70
DeiT-PRB 0.96 090 0.93 93 0.988 96.80
PVT-PRB 0.98 0.93 0.95 96 0.991 98.10

This helps the model understand the overall image context
and identify TB-related abnormalities more reliably, which
results in better performance. The proposed PRB improves
transformer efficiency by eliminating less informative image
patches before the attention computation, which reduces re-
dundant token processing while preserving diagnostically
relevant information. The superior performance of PVT-
PRB suggests that adaptive patch reduction contributes to
both effective feature representation and improved classifi-
cation accuracy.

Table 5 compares the proposed model with recently pub-
lished TB detection approaches. The proposed PVT-PRB
achieved a classification accuracy of 96%, higher than the
existing methods, which reported accuracies between 92%
and 94.89%. The AUC of 0.991 further demonstrates strong
discriminative capability and highlights the effectiveness of
combining hierarchical transformer attention with the pro-
posed PRB mechanism.

Although the PRB-enhanced transformer models
achieved superior performance, no ablation study isolating
the contribution of the individual PRB components was
conducted in this work. Future research will evaluate trans-
former architectures with and without the PRB to better
quantify the effect of adaptive token reduction on classifica-
tion performance and computational efficiency.

V. CoNCLUSION

This study compared CNN-based and transformer-based
models for TB detection from CXR images using the TB
Chest X-ray Dataset. The transformer-based models outper-
formed the CNN-based models: PVT-PRB performed best,
with 96% accuracy, and ViI-PRB and DeiT-PRB also
showed strong results.
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TABLE 5. PERFORMANCE CoMPARISON OF PrREVIOUS TUBERCULOSIS DE-
TECTION STUDIES AND THE PrROPOSED MODEL (P, PRECISION; R, RECALL)

P R F1  Acec. Spec.

Ref. Study (%) (%) (%) (%) AUC (%)
[22] Goswami 2023 94.10 94.10 94.10 94.00 0.934 91.49
[10] Hansun 2023 9470 93.66 94.70 93.71 0.934 96.69
[23] Chen 2024 86.00 86.00 86.00 92.00 0.930 65.00
[12] Mirugwe 2025 97.90 98.60 98.30 94.89 0.983 97.00
[13] Sharma 2024 94.00 95.00 94.50 94.50 0.950 93.00
[24] Hansun 2025 94.00 93.00 94.00 93.00 0.950 92.00
PVT-PRB (ours) 98.00 93.00 95.00 96.00 0.991 98.10

PVT-PRB performed well because the PRB improves fea-
ture representation without significantly increasing infer-
ence complexity. The results show the benefit of PRB-
assisted transformer designs for the early diagnosis of TB
from CXR images.
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