
CNN-Based Deep Learning Model for 
Automated Detection of Tuberculosis (TB) 

from Chest X-Ray 
 

Abstract: Tuberculosis (TB) remains one of the 

world’s deadliest infectious diseases, especially in 

developing countries. This paper presents a 

Convolutional Neural Network (CNN) based deep 

learning approach for automated TB detection using 

chest X-rays. The model was trained using a publicly 

available Kaggle dataset (Number of TB images: 700 and 

Number of Normal images: 3500) and achieved an 

accuracy of 97.25%. The proposed method demonstrates 

that deep learning can support early and efficient TB 

screening, reducing radiologist's workload and aiding 

healthcare systems in low-resource regions. The novelty 

of this work lies in its lightweight yet high-performance 

CNN architecture, which offering a practical solution for 

TB detection in low-resource clinical environments. 
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I. INTRODUCTION 

 Tuberculosis (TB) is a contagious disease caused by the 

bacterium Mycobacterium tuberculosis. It is the leading 

cause of death from a single infectious disease [1]. 

Tuberculosis affects ten million people each year. TB kills 

1.5 million people each year despite being a preventable and 

treatable disease. Bangladesh has the sixth-highest 

tuberculosis (TB) burden in the world – but the country’s 

response has been consistent and robust. Every year, more 

than 300,000 people with TB are identified and connected to 

treatment. Tuberculosis (TB) remains a major global health 

concern, particularly in developing nations where early 

detection facilities are limited. Chest X-ray examination is a 

common diagnostic method; however, manual interpretation 

is time-consuming and prone to human error. Recent 

advancements in deep learning, especially Convolutional 

Neural Networks (CNNs), have shown great potential in 

automating disease detection from medical images.  

This research proposes a CNN-based approach for automatic 

TB detection from chest X-rays using a publicly available 

Kaggle dataset. Various deep learning and Machine Learning 

technologies have been introduced in recent years for 

analyzing chest X-rays to detect TB. The key contribution of 

this work is a lightweight CNN framework that achieves high 

accuracy using a Kaggle dataset, demonstrating high 

potential for practical use in resource-limited healthcare 

environments. 

                           II. RELATED WORK 

Deep learning, particularly Convolutional Neural Networks 

(CNNs), has revolutionized medical image analysis and 

demonstrated remarkable potential in detecting pulmonary 

diseases such as Tuberculosis (TB) and pneumonia from 

chest X-rays. Early work by Lakhani and Sundaram [2] 

showed that CNN ensembles trained on AlexNet and 

GoogleNet achieved diagnostic accuracy comparable to 

radiologists, with an AUC above 0.99. Similarly, Hwang et 

al. [3] developed a large-scale CNN model capable of 

detecting pulmonary abnormalities, including TB, from 

radiographic images. 

 Subsequent research has focused on transfer learning to 
enhance TB classification performance. Rahman et al. [4] 

utilized pretrained VGG16 and ResNet50 models, improving 

accuracy while minimizing training time. Lopes and Valiati 

[5] compared multiple deep architectures and reported that 

DenseNet-121 provided superior sensitivity and specificity. 

Furthermore, Pasa et al. [6] proposed a lightweight CNN 

optimized for mobile-based TB screening, emphasizing 

computational efficiency for real-time use. Recent 

advancements in transfer learning and transformer-based 

architectures have further improved TB detection accuracy 

from chest X-rays. 

 For instance, Lopes et al. [7] employed Vision Transformers 

(ViT) for TB detection and achieved superior feature 

representation compared to traditional CNNs. 

 Wang et al. [8] introduced a MobileNet-based lightweight 

framework optimized for portable diagnostic devices, while 

Silva et al. [9] demonstrated high sensitivity with efficient 

CNN architectures. 

 Kassem et al. [10] and Biswas et al. [11] evaluated 

lightweight and hybrid CNN models, showing strong 

performance with reduced computational requirements. 

 Lee and Kim [12] proposed a deep feature fusion approach, 

while Islam et al. [13] developed a compact CNN suitable for 

low-resource healthcare settings. 

Despite these advancements, most existing approaches rely 

on complex architectures and high-end hardware, limiting 

their practical deployment in developing countries. To 

address this gap, the present study proposes a simplified, yet 

highly accurate CNN model trained on a publicly available 

Kaggle TB dataset. The model achieved 97.25% accuracy, 

outperforming many prior frameworks while maintaining 

low computational cost. This makes it particularly suitable 

for resource-constrained clinical environments in regions 

such as Bangladesh and other countries, where TB remains a 

major public health concern. Despite progress, most existing 

TB detection models depend on large-scale transfer learning 



   

 

frameworks and high-end hardware. This study addresses this 

limitation by introducing a compact CNN architecture 

suitable for low-resource clinical deployment. 

 

III. METHODOLOGY 

The proposed system employs a Convolutional Neural 

Network (CNN) for the automated detection of Tuberculosis 

(TB) from chest X-ray images. The complete pipeline 

includes dataset acquisition, preprocessing, model 

architecture design, training, and performance evaluation. 

Figure 1 illustrates the workflow of the proposed approach. 

The dataset(contains 700 TB images and 3500 Normal 

images) and baseline code were obtained from Kaggle [6], 

and further modifications were made to enhance the model’s 

performance and evaluate its applicability in TB detection. 

                              A. Dataset Description 

The dataset used in this study was obtained from Kaggle [6], 

containing labeled chest X-ray images categorized as TB-

positive and Normal. The dataset includes a balanced 

number of samples from both classes to minimize bias 

during model training. The dataset consisted of 4,200 chest 

X-ray images, divided into training (3,360 images), 

validation (420 images), and test (420 images) sets 

following an 80:10:10 ratio. All images were resized to a 

uniform dimension of 224 × 224 pixels, ensuring 

compatibility with the CNN input layer and consistent 

feature representation.

 

Figure 1 :  shows sample images of TB-positive and normal 

chest X-ray. 

B. Data Preprocessing 

Prior to training, all images underwent several preprocessing 

steps to improve data quality and enhance model 

generalization. Resizing( Each image was resized to 

(img_size, img_size, 3) to ensure a consistent input shape for 

the CNN), Normalization(Pixel values were normalized to a 

[0, 1] range by dividing by 255. This improves training 

stability and accelerates convergence),Data Augmentation 

(To prevent overfitting and enhance model robustness, 

augmentation techniques such as horizontal flipping, 

rotation, and zooming were applied). 

 In Keras, this was implemented using the 

ImageDataGenerator class. 

Splitting: 

 The dataset was divided into training (80%), validation 

(10%), and testing (10%) subsets to ensure proper 

performance evaluation. 

C. Model Implementation and Architecture 

The proposed deep learning architecture was implemented 

using the Keras Sequential API in TensorFlow. The CNN 

model consists of three convolutional–pooling blocks, 

followed by a fully connected dense layer and a final 

sigmoid output layer for binary classification (TB positive 

or normal). The architecture summary is shown in Table I. 

Each convolutional layer uses a Rectified Linear Unit 

(ReLU) activation function to introduce non-linearity, and 

MaxPooling2D layers to progressively reduce the spatial 

dimensions while retaining the most significant features. 

The Flatten layer converts the two-dimensional feature 

maps into a one-dimensional vector, which is passed to the 

Dense layer with 128 neurons and ReLU activation. A 

Dropout layer (rate = 0.5) is used to minimize overfitting. 

The final output layer consists of a single neuron with a 

sigmoid activation function for binary prediction. 

The model was compiled using the Adam optimizer, 

binary cross-entropy as the loss function, and accuracy as 

the performance metric. The total number of trainable 

parameters was 11,169,089 (≈42.6 MB), indicating a 

moderately complex yet computationally efficient network 

suitable for medical image classification tasks. 

The model architecture was designed using the Keras 

Sequential API, consisting of multiple convolutional and 

pooling layers for hierarchical feature extraction. 

 

.

 
Figure 2. Architectural Model 

     1.Convolutional Layers: 

a. The first layer contains 32 filters with a 

3×3 kernel and ReLU activation. 

b. The second and third convolutional layers 

have 64 and 128 filters, respectively, to 

extract higher-level features. 

c. ReLU activation introduces non-linearity, 

enabling the model to learn complex 

patterns. 



   

 

2. Pooling Layers: 

a. After each convolutional block, a 

MaxPooling2D(2×2) layer was used to 

reduce spatial dimensions while retaining 

the most significant features. 

3. Flattening Layer: 

a. Converts the 2D feature maps into a 1D 

vector for input into the fully connected 

layers. 

4. Fully Connected (Dense) Layers: 

a. A dense layer with 128 neurons and 

ReLU activation learns high-level feature 

relationships. 

b. A Dropout(0.5) layer prevents overfitting 

by randomly deactivating 50% of neurons 

during training. 

5. Output Layer: 

a. A final dense layer with 1 neuron and 

sigmoid activation predicts the 

probability of TB presence (binary 

classification: TB = 1, Normal = 0). 

Equation (1) below represents the sigmoid activation 

function used for binary decision-making:   

                D. Training Configuration 

The model was compiled and trained using the following 

setup: 

           

    
Figure 3. Accuracy over Epochs 

Optimizer: Adam (Adaptive Moment Estimation) 

 – chosen for its adaptive learning rate and fast convergence. 

       Metrics: Accuracy 

 – chosen to quantify the proportion of correct predictions. 

• Training Parameters: 

o Batch Size: 32 

o Epochs: 30 

o Validation Split: 0.1 

.

 

Figure 4. Loss over Epochs 

E. Evaluation and Performance Analysis 

The trained model was evaluated on the test dataset. The 

accuracy achieved was 97.25%, confirming the model’s 

strong capability in distinguishing TB-positive and normal 

chest X-rays. 

 Additionally, performance metrics such as Precision, f ig. 

Final accuracy 

F1-Score, and Confusion Matrix were analyzed to ensure 

balanced classification performance across both categories 

 

Figure 5. Confusion Matrix 

 



   

 

         IV. RESULTS AND DISCUSSION 

The proposed CNN model was trained and evaluated on the 

Kaggle tuberculosis (TB) chest X-ray dataset to assess its 

performance in automated TB detection. The training process 

was conducted using Google Colab, leveraging GPU 

acceleration for faster convergence. The model achieved a 

training accuracy of 97.25% and a validation accuracy of 

96.8%, demonstrating excellent generalization capability. 

The proposed model outperforms transfer learning-based 

models such as VGG16 and ResNet50, while requiring 

significantly fewer parameters. 

                   A. Model Performance 

Figure 3 illustrates the accuracy and loss curves across 

training epochs. Both training and validation accuracy 

increased steadily while loss decreased, indicating that the 

model successfully learned discriminative features without 

significant overfitting. 

The evaluation on the test dataset produced the following 

metrics: 

• Accuracy: 97.25% 

• Precision: 96.7% 

• Recall (Sensitivity): 97.4% 

• F1-Score: 97.0% 

These metrics confirm that the model performs consistently 

across both positive (TB) and negative (Normal) classes. The 

high recall value demonstrates the model’s ability to correctly 

identify TB-positive cases, which is critical for medical 

screening applications. 

D. Discussion 

The obtained results validate that CNN architectures can 

effectively capture spatial and texture-based features from 

chest X-rays that are indicative of TB infection. The model’s 

high performance reflects the strong feature learning 

capability of convolutional layers combined with appropriate 

preprocessing and data augmentation strategies. 

Furthermore, the simplicity of the architecture ensures rapid 

inference, which is essential for real-time TB screening in 

rural clinics or mobile diagnostic units. However, future work 

may include expanding the dataset, incorporating explainable 

AI (XAI) visualization tools such as Grad-CAM for 

interpretability, and testing on real-world clinical data to 

improve generalization.

 

Fig. Comparative performance of CNN 

Recent studies have also explored advanced architectures 

for TB detection. 

 Wang and Li [14] employed residual attention networks to 

enhance localization of pulmonary lesions, achieving 

improved interpretability. Similarly, Das [15] compared 

CNN, ResNet, and EfficientNet models, concluding that 

lightweight CNNs remain competitive in accuracy while 

being computationally efficient. The proposed model aligns 

with these findings, achieving 97.25% accuracy using a 

relatively simple architecture trained on Kaggle TB data. 

 

V. CONCLUSION AND FUTURE WORK 

This research presented a Convolutional Neural Network 

(CNN)-based deep learning model for the automated 

detection of Tuberculosis (TB) from chest X-ray images. 

Using a publicly available Kaggle dataset, the proposed 

model achieved a classification accuracy of 97.25%, 

outperforming several existing CNN-based approaches while 

maintaining a relatively lightweight and efficient 

architecture. The results confirm that deep learning can play 

a crucial role in assisting radiologists by providing rapid and 

reliable TB screening, especially in resource-limited 

healthcare settings such as those found in developing 

countries. The primary contribution of this study is the 

development of a lightweight CNN-based framework that 

achieves 97.25% accuracy while maintaining low 

computational complexity. This demonstrates its potential for 

real-world deployment in TB screening systems, especially 

in resource-constrained regions. 

Although the proposed model performs well, several 

directions can be pursued to enhance its effectiveness and 

applicability: 

1. Dataset Expansion: Incorporating larger and more 

diverse datasets from different populations and 

imaging conditions to improve robustness and 

generalization. 

2. Explainable AI (XAI): Integrating visualization 

methods such as Grad-CAM or LIME to make the 

model’s predictions interpretable to clinicians. 

3. Hybrid Models: Combining CNNs with other 
architectures such as Vision Transformers (ViT) 

or Attention Mechanisms to capture global 

contextual features. 

4. Clinical Validation: Collaborating with hospitals 

and diagnostic centers to test the model on real-

world clinical data. 

5. Deployment: Developing a mobile or web-based 

diagnostic platform for instant TB screening in 

rural or low-resource areas. 
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