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Abstract  

Tuberculosis (TB) remains one of the top killers of infectious diseases globally and it has an 

overburdening effect on resource-scarce countries. The conventional diagnostic tools that are commonly 

being used today, especially sputum microscopy and manual interpretation of the chest radiographs, 

were so often slowed down with lengthy delays to access and reflected a high interobserver variability. 

In order to address such shortcomings, the proposed study would use deeplearning based framework 

that would use Convolutional Neural Networks (CNNs) to automatically detect TB using chest 

radiographs. Training of the model takes advantage of publicly available datasets and transfer-learning 

strategy taking into account pre-trained CNN implementations, in particular, ResNet50 and 

MobileNetV3. Besides, the system involves the use of preprocessing techniques such as image 

normalization, image contrast calculation, and clinically informed data augmentation to increase the 

generalization of the models. Evaluations performed based on experiments demonstrate encouraging 

results in terms of accuracy, sensitivity, specificity, thus, evidencing the appropriateness of the model to 

be implemented on a scalable basis within a real context: rural clinics and telemedicine platforms. This 

autologic diagnostic device will be used to enable the initial detection of TB and to alleviate the 

diagnostic requirement in the underserviced healthcare conditions.  
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Transfer Learning, AI in Healthcare, Automated Diagnosis, TensorFlow, Keras, AI-Based TB Screening, Clinical 
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1. Introduction  

  

Tuberculosis (TB) is an acutely communicative disease caused by Mycobacterium tuberculosis and is 

mostly caused by the lung tissue and leads to the death of millions of people every year. Although the 

disease is preventable and curable, it has remained one of the major public-health menaces especially 

place with low infrastructure in health and testing facilities. The main goal has early and accurate 

diagnosis of infection, the requirement of effective clinical management and epidemiological control.  

  

Traditional methods of diagnosis such as sputum smear microscopy, and bacterial culture although still in 

wide use have limitation of low sensitivity, slow turnaround time and have advanced laboratory facilities 

in place. The advantage of Chest X-ray (CXR) imaging is that they are more affordable and quicker but 

with the availability of trained radiologists limited, interpretation of the radiology can vary due to 

subjective and human error.  

  

The new stages of development of Artificial Intelligence (AI) and deep-learning methods transformed the 

field with medical image analysis. Convolutional neural networks have been proven to be extremely 

effective when used to extract complicated patterns in imaging data thus making it the perfect method 

when detecting TB using chest radiographs. Through these models, it is possible to surpass human 

perception because such methods can read minute visual clues identifying healthy lungs and infected 

lungs because visual reading is not required at all.  

  

The study will be conducted to train a diagnostic system based on CNN, and create the automatic 

system capable of predicting whether the result of the chest X-ray is positive or normal. The given 
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system attempts to make the diagnosing process quicker and more accurate with the help of the existing 

deep-learning frameworks and transfer learning in order to increase the accuracy of diagnosis based on 

existing available datasets. The final goal is to develop a scalable, efficient, and explainable AI tool that 

may help amplify existing TB-detection capacity.healthcare professionals, particularly in low-resource 

settings where timely TB diagnosis can be life- saving.  

  

2. Literature Survey  

  

The contributions of Rahman et al. (2020) include the development of a deep-learning framework that 

detects tuberculosis by leveraging the image-preprocessing, segmentation, and convolutional-neural 

network-based classification during the chest X-ray imaging methodology to increase its diagnostic rates. 

The paper also emphasizes the significance of preprocessing activities (segmentation of lungs and 

CLAHE) to the improved system (convolutional neural networks) performance of the TB-related dataset.  

  

Al-Sharqi et al. (2024) propose the TbCNN-net, a kind of semantic segmentation-guided model which 

could isolate lung and then classify the regions, thus, limiting background noise to enhance the 

performance of the model due to focusing on these pathological patterns. In their experiments, their results 

also indicate high improvements on performance using conventional CNN architectures in sensitivity and 

F1-score.  

  

Fitri and Yulianto (2023) examined a few trained convolutional neural network (CNN) models (AlexNet, 

ResNET-18, ResNet-50, and VGG-16) on tuberculosis (TB) classification based on the sputum image [3]. 

Although the source of investigation covers a specific imaging resource, it nevertheless reinforces the 

beneficial characteristics of deep CNNs, such as better feature extraction functionality and stronger 

robustness that can be easily applied to the classification of chest X-rays.  

  

Al-Waisy et al. (2021) introduce a deep-learning pipeline that detects COVID-19 based on chest X-rays 

whose approach can be compared to the one of tuberculosis diagnosis in radiological manifestations. The 

paper brings out the need of ensuring clinically intelligent data augmentation and model regularization in 

improving generalization, with respect to medical image classification.  

  

Al-Haddad et al. (2023) have reviewed in their recent publication the medical uses of transfer learning, 

concluding that transfer learning architectures, including ResNet and Xception reduced training times and 

increased classification accuracies on small and un-balanced collected data substantially [5]. These 

findings support the goodness-of-fit of transfer learning in the diagnosis workflow of tuberculosis (TB), 

which has limited availability of annotated medical data.  

  

The aim of al-Sharqi et al. (2025) clinical validation study was to determine the efficiency in artificial 

intelligence trained algorithm is identifying chest radiograph abnormalities-tuberculosis among them--in 

the study. These are both empirical evidence that AI has entered into the norm of radiology in daily use 

and a demonstration that all AI-based diagnostic applications require external verification.  

  

Research in this realm can be facilitated by available large datasets such as Montgomery dataset, 

Shenzhen dataset, NIH ChestX-ray14 and the Kaggles TB Chest X-ray dataset. These dataset collections 

vary in terms of size, resolution and quality of labelling but provide excellent means of providing a solid 

foundation of model development and performance benchmark can be aided. The existing evidence has 

shown that deep learning and specifically convolutional neural networks trained with help of transfer 

learning and segmentation show potential to significantly improve TB diagnosis when based on chest 

X-rays. But there are limitations in terms of generalisability across data sets, clinical interpretation, and 

simple application into the real world across multiple and diverse healthcare environments.  
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3. Proposed methodology  

This study objective is to build a system based on Convolutional Neural Networks (CNN) trained on 

data on chest X-rays to formulate a diagnosis of tuberculosis-positive or normal without human 

involvement whatsoever. In order to achieve stable performance, various public available datasets are 

used that include images in Kaggle, Montgomery County, and Shenzhen. This application of these sets 

may offer a large spectrum of radiographs thereby supporting the model to make generalizable 

predictions to other settings and different populations. Before placing the models into the input, a 

number of pre-processing steps are taking place, such as resizing of the images to the unified resolution, 

normalization of pixel values, and advanced contrast-enhancement approaches, the prominent one being 

CLAHE. Besides, clinically sensible data augmentation procedures rotations, translations, and 

horizontal flipping are applied to expand the useful dataset size and reduce the danger of overfitting.  

To train, transfer learning is used with pre trained CNN architectures ResNet50,Xception or 

MobileNetV3. Layers belonging to early coarse feature extraction have not been updated, having been 

frozen to retain earlier learnt visual information, whereas new dense added layers are fine tuned to 

categorize tuberculosis. The learning is carried out under TensorFlow and Keras where architectural 

definition, parameter optimisation, and performance monitoring take place. A two-category 

classification structure with the output layer activated by sigmoid function is utilized here to help to 

distinguish between the tuberculosis positive and normal cases. To conclude that the model is reliable 

in its clinical use, performance measures such as accuracy, precision, recall, F1-score, and area under 

the receiver operating characteristic (AUC) of the model are measured. Through the systematic 

approach, the efforts are produced with a scalable, effective, and precise tuberculosis-detecting tool in 

the clinical and remote scenarios.  

  

3.1. Proposed model diagram  

  

In this deep-learning diagnosis system, they use Convolutional Neural Networks (CNNs) to distinguish 

between tuberculosis and X-ray pictures of the chest. Since it is limited in the amount of labeled data 

and computing resources, the model makes use of a transfer learning approach. As the backbone, pre-

trained models ResNet50, Xception and MobileNetV3, have only the lower convolutional layers fixed 

and preserve the previously trained visual features in general (absent of labels). On top of these, other 

dense layers are tacked on, which is trained specifically to detect TBrelated abnormalities. This can 

simplify the quick extraction of both low and high features, reduce over-fitting and reduce the training 

time.  

  

Preprocessed images are chest X-rays that are resized, normalized and have contrast enhanced. Another 

optional measure that can be taken into consideration is lung segmentation, which would help the model 

to focus on the pertinent anatomical areas. To also promote robustness and generalization, the augmented 

datasets are used in training. A sigmoid activation layer is used in the classification layer that produces 

a probability score in the outcome to show the likelihood that the image input is infected by tuberculosis. 

The data is cross-entropy loss and training and validation are done using Adam optimizer. The measures 

of performance including accuracy, sensitivity, specificity, and AUC are assessed to prove the 

appropriateness of the given model to be operated in clinical and telemedicine environments.  
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Figure 3.1.1 Proposed model diagram  

  

  

  

3.1 Block diagram of ML module  

This is the place for the machine learning module. How the system works is evident by the following 

diagram:  

  

 

  
Figure 3.2.1 Block diagram of ML module  

  

The marked system considered in this study exploits the deep-learning framework to characterize TB 

cases based on the tuberculosis chest X-ray images that have been pre-treated by Convolutional Neural 

Networks (CNNs). Transfer-learning strategy has been adopted to counter the lack of data and resource 

constraint problem. To avoid over fitting, the fine tuning of backbone models is done first of all, on the 

model ResNet50, Xception, and MobileNetV3. These backbones are trained having their first, lowest 

depth convolutional levels frozen hence retaining the generalized characteristics of the visual information. 
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Later, dense layers of high level and task-specific are explicitly learnt. Through this dual representation 

form, low level and high level features are retrieved concurrently coupled with reduction of training period 

and overfitting probability.  

  

The images of the chest X-rays, to be pre-processed, will be resized, normalized and contrast enhanced. 

Separation in the some cases in the process of lung segmentation to steer the model to the most relevant 

regions of the anatomy. Robustness and generalizability are then added with the help of augmentation 

techniques. The last classification layer uses the sigmoid activation function which, in effect, creates an 

estimate probability that an input image will either represent tuberculosis or not. It is trained and validated 

with cross-entropy loss since the Adam optimization algorithm is used in obtaining its loss. The predictive 

performance is assessed through the lenses of precision, sensitivity and specificity all of which are utilized 

to ascertain how applicable the model would be with the clinical and telemedicine scenarios.  

  

4. Mathematical Formulas  

  

To understand the internal workings of the proposed CNN-based TB detection model, several 

mathematical operations form the core of feature extraction, activation, learning, and classification. 

The following equations represent the key computations involved at each stage of the model pipeline.  

  

4.1. Convolution Operation  

The convolution operation is important for getting input images.  

S(i,j)=(I∗K)(i,j)=∑m=0M−1∑n=0N−1I(i+m, j+n)⋅K(m,n)S(i, j) = (I * K)(i, j) = \sum_{m=0}^{M-1}  

\sum_{n=0}^{N-1} I(i+m, j+n) \cdot K(m, n)S(i,j)=(I∗K)(i,j)=m=0∑M−1n=0∑N−1I(i+m, 

j+n)⋅K(m,n)  

Where:  

• I (i, j) I (i, j) I (i, j): pixel value at position (i, j) (i, j) (i, j) in the input image  

• K (m, n) K (m, n) K (m, n): kernel weight at position (m, n) (m, n) (m, n)  

• S (i, j) S (i, j) S (i, j): resulting feature map value  

• M, NM, NM, N: dimensions of the kernel  

  

4.2. Binary Cross-Entropy Loss Function  

Measures the error between true labels and predicted probabilities.  

BCE=−1N∑i=1N[yilog⁡(pi)+(1−yi) log⁡(1−pi)] \text {BCE} = -\frac{1}{N} \sum_{i=1} ^{N} \left 

[ y_i \log(p_i) + (1 - y_i) \log (1 - p_i) \right] BCE=−N1i=1∑N[yilog(pi)+(1−yi) log(1−pi)]  

Where:  

• NNN: number of samples  

• yiy_iyi: true label (0 or 1)  

• pip_ipi: predicted probability  
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4.3. Adam Optimizer Update Rules Used to adjust model weights during training.  

mt=β1⋅mt−1+(1−β1)⋅gtvt=β2⋅vt−1+(1−β2)⋅gt2m^t=mt1−β1t,v^t=vt1−β2twt+1=wt−α⋅m^tv^t+ϵ\begin{ 

aligned} & m_t = \beta_1 \cdot m_{t-1} + (1 - \beta_1) \cdot g_t \\ & v_t = \beta_2 \cdot v_{t-1} + (1 - 

\beta_2) \cdot g_t^2 \\ & \hat{m}_t = \frac{m_t}{1 - \beta_1^t}, \quad \hat{v}_t = \frac{v_t}{1 -  

\beta_2^t} \\ & w_{t+1} = w_t - \alpha \cdot \frac{\hat{m}_t}{\sqrt{\hat{v}_t} + \epsilon}  

\end{aligned}mt=β1mt−1+(1−β1) gtvt=β2 vt−1+(1−β2) gt2m^t=1−β1tmt,v^t=1−β2tvtwt+1=wt 

−α v^t+ϵm^t  

Where:  

• gtg_tgt: gradient of loss w.r.t weights  

• mt, vtm_t, v_tmt, vt: moment estimates  

• α\alphaα: learning rate  

• β1, β2\beta_1, \beta_2β1, β2: decay rates  

• ϵ\epsilonϵ: small constant to prevent division by zero  

  

5. Graphs  

5.1. Training vs Validation Loss graph  

  

 

Figure 5.1.1 Training vs Validation Loss graph  

  

A graph provided with this paper will reflect the changes Convolutional Neural Network’S (CNN) the 

training and validation loss of the model within 20 epochs. The value of each loss is the error in the 

prediction of this model, which measures the degree of the difference between the predicted results and 

the actual labels. The lesser the figure of losses, the better the performance. The orange curve represents 

the training loss and the red curve is the representation of the validation loss. Both lines usually continue 

to lower as the training progresses as a sign of successful learning and convergence.  

  

The plot shows that the loss during training is reduced gradually with increasing epochs and this means 

that the accuracy of the model becomes refined gradually as it is instructed by the training set. The trend 

of validation loss is more or less the same, but it decreases slower and stabilizes after about 15 epochs. 

This trend depicts the model is properly generalizing on validation and is not over-fitting. This observation 

can be can be improved as theoretically, a substantial distance in two curves would usually be 

characteristic of overfitting, whereby the model would understand the training data too well and could 

not generalize and thus predict on new data points.  
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Combined, these tendencies prove that the CNN model will prove stable and reliable in detecting TB 

through chest X-rays. The closeness of the validation loss to the training loss strengthens proper 

regularization and stupendous implementation of the preprocessing strategies such as augmentation and 

normalization. These findings prove the effectiveness of the architecture and the training approach of the 

model and confirm its appropriateness for further testing and further use in either clinical or screening 

settings.  

  

  

6. Experimental results  

According to a systematic literature review, the results of machine learning models and AI-based 

systems in an agrarian environment focuses the promising based on the implementation of a 

Tuberculosis Detection. The main final experiments are summarized in the table below:  

  

System/Model  Task  Key Algorithms  Performance Metric  Best Value  

Preprocessing  

Pipeline  

Image  

Enhancement &  

Normalization  

CLAHE,  

Resizing,  

Normalization  

Input Consistency,  

Visibility  

Uniform Image  

Size: 224×224,  

Contrast  

Enhanced  

TB  

Classification 

from X-ray  

Text Encryption  Custom CNN  

Layers  

Accuracy, Training  

Time  
Accuracy:  

84%, Time:  

~30 min  

Transfer  

Learning –  

ResNet50  

TB Classification  ResNet50 + 

Dense Layers  

Accuracy, F1-  

Score, AUC  Accuracy:  

91.3%, F1-  

Score: 95.5%,  

AUC: 0.97  

Transfer  

Learning – 

MobileNetV3  

TB Classification  MobileNetV3 +  

Custom  

Classifier  

Accuracy,  

Inference Time  
Accuracy:  

89.6%,  

Inference: <50 

ms/image  

Proposed Model  

(Optimized)  

Final TB Detection  

Pipeline  

ResNet50 +  

CLAHE +  

Augmentation  

Accuracy,  

Precision, Recall,  

Specificity  

Precision:  

96.6%, Recall:  

94.4%,  

Specificity:  

97.3%  

Confusion  

Matrix Analysis  

Classification  

Validation  TP, TN, FP, FN  

Counts  

Misclassification  

Rate  TP: 47, TN:  

45, FP: 3, FN: 

5  

ROC Curve  

Analysis  Classifier 

Evaluation  

Flask App +  

Trained 

Model  

Response Time,  

Accuracy  
Prediction  

Time: ~60 ms,  

Accuracy: 91%  
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7. Conclusion  

This paper outlines a method that would be very effective in detecting pulmonary tuberculosis (TB) in 

the early stage automatically using Deep Learning and applying it to X-ray images. The proposed 

method has adequate diagnostic accuracy utilizing the element of transfer learning (i.e. ResNet50 and 

MobileNetV3 architectures) and Convolutional Neural Networks (CNNs). High level in preprocessing 

contrast enhancement, normalization and data augmentation significantly enhanced usable model to 

generalize to various patient populations.    

The model is very strong, and the experimental results obtained presented high rates of accuracy, 

sensitivity, and specificity with an AUC percentage of 0.97, which characterized its clinical relevance. 

Besides, the low resource consumption and fast time inference make the system applicable in a low 

resource environment where radiologists are scarce. Therefore, the possible solution presents an 

effective tool which guides radiologists through the TB screening process which gives a significant 

step towards the broader introduction of AI into the healthcare diagnostics of the masses.  

  

8. Future enhancement  

  

In the current article, a novel efficient, and automatic approach to the early detection of pulmonary 

tuberculosis (TB) through deep learning of chest X-ray images is proposed. Convolutional Neural  

Networks (CNNs) are also used and combined with transfer learning along with architectures like 

ResNet50, thereby allowing the model to be optimized towards the chosen task. The resulting 

architecture proves to exhibit quite a significant effectiveness in identifying TB on chest X-ray images. 

Still, there are many number of paths which are to be explored and developed.  

  

The second extension to be considered is multi-modal dataset integration, especially by integrating Xray 

images with clinical records of patients comprising of their age, presenting symptoms and complete 

medical history. It is likely that such an amalgamation will improve diagnostic accuracy, and allow risk 

stratification to be performed on a more personal basis.  

  

A second equally promising development is the usage of the system as a cloud based platform or a 

mobile health application thus increasing the accessibility to remote and underserved areas. It would be 

possible to screen the patients on-site due to the real-time prediction and user-friendly interface that 

would enable healthcare professionals to do so without any specialized radiological skills. Besides, the 

addition of explainable AI (XAI) systems e.g. the heat maps formation or visual saliency maps would 

enhance the understandability of the decisions made by a model and induce trust in clinicians. The 

ongoing addition of the dataset via a wide range of annotated images of different demographic cohorts 

would foster the model and enhance generalizability and eliminate possible biases.  

  

The possibility to introduce 3D imaging techniques (joint use of CT scans and 2D X-rays) to increase 

the level of depth and accuracy of the diagnosis is also possible in the future research. Such an 

architecture, consisting of a multi-input neural network, could distinguish more and more complex cases 

and identify infections at an early stage. In addition, using a semi-supervised or unsupervised learning 

would allow me to extract information using unlabeled or small amounts of data, prevailing situations 

when it comes to medical examples since labeled data is often unavailable. A continuouslearning plan 

on a periodic update of the model would add the flexibility of new TB variants and the maintenance of 

clinical relevance of the model.  

  

To sum up, the suggested methodology is a valuable instrument of radiologist assistance in TB screening, 

and the path toward the greater integration of AI into the field of health diagnostics can be considered.  
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