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Abstract

Tuberculosis (TB) remains a significant global health 

challenge, particularly in resource-constrained settings. 

Early and accurate diagnosis is critical to improving patient 

outcomes and reducing transmission. This project presents 

an automated TB detection system powered by a 

Convolutional Neural Network (CNN) to analyze chest X-

ray images and classify them as TB-positive or TB-negative. 

Leveraging transfer learning with a pre-trained deep 

learning model, the system achieves high accuracy while 

maintaining computational efficiency. 

The application integrates a user-friendly web interface 

developed using Flask, enabling users to upload chest X-ray 

images for analysis. Upon processing, the system provides 

predictions alongside confidence scores. Additionally, the 

results are stored in a relational database using SQLite, 

allowing users to access a comprehensive history of 

predictions for monitoring and evaluation. 

This project demonstrates the potential of deep learning in 

augmenting traditional diagnostic methods by offering an 

accessible, scalable, and reliable tool for TB detection. By 

combining medical imaging, artificial intelligence, and 

database management, the system aims to support healthcare 

providers in early TB diagnosis, particularly in low-resource 

environments where diagnostic tools may be limited. 
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1. Introduction 

Today, the healthcare diagnostic field is more advanced than ever, shifting from symptom diagnosis to a sophisticated 

machine-assisted diagnosis. Historically, medical practitioners relied on symptom reporting from patients and clinical exams, 

with minimal diagnostics oftentimes leading to misdiagnoses and delays in treatment. Techniques for biomedical imaging such 

as chest X-rays and CT scans have opened new avenues in medical diagnosis (Lakhani & Sundaram, 2017). The need for 

diagnosis accuracy and timeliness is still a major challenge, especially in resource-poor settings where relatively few advanced 

diagnostic tools are present. 

Healthcare systems face greater challenges globally, most of which are exacerbated by the increasing complexity of diseases, 

an aging population, and the growing volume of patient data (Smith & Thompson, 2016) [5]. The age is refilling with concern, 

for instance, in diagnosing infectious diseases such as tuberculosis (TB), which disproportionately afflict poorer populations. 

Classic TB diagnostics by sputum microscopy and culture tests are long-drawn, expensive, and fairly unavailable in rural 

areas. Hence, the delay on the route to treatment is very high, severely impacting patient conditions (Lawn & Zumla, 2011) [3]. 

Incorporating artificial intelligence (AI) and machine learning (ML) into healthcare diagnostics is truly revolutionary in that it 

provides effective solutions to these perennial problems. AI algorithms specifically designed to deep learning models perform 

activities never achieved earlier in medical imaging interpretation, pattern detection, and data set-based prediction. 

Convolutional neural networks (CNNs), for example, have shown phenomenal performance in analyzing chest radiography for 

pneumonia, as well as TB (Hwang et al., 2016). With these advances, AI augments human judgment, reduces errors in 

diagnostics, and improves healthcare delivery. 

Artificial intelligence and machine learning are currently converging to create a real revolution in healthcare diagnostics. Some 

of these persistent challenges may be addressed by AI in diagnosing conventional diseases. Such interventions include several 

AI algorithms, particularly deep learning models, which possess exceptional accuracy in interpreting medical images, detecting 
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patterns and making predictions based on very large 

datasets. Convolutional neural networks, for example, work 

tremendously well analyzing chest X-rays for pneumonia 

and TB (Hwang et al., 2016). In these advances, AI 

augments global human judgment to reduce diagnostic error 

and improve healthcare delivery. 

 

2. Methodology 

2.1 Workflow Overview 

The system follows a structured workflow, as shown in Fig 

1, encompassing: 

1. Data Collection 

2. Data Preprocessing 

3. Model Development 

4. Model Testing and Evaluation 

5. Deployment 

6. Prediction and Diagnosis 

7. Feedback and Iterative Improvement 

 

 
 

Fig 1: AI-Driven Tuberculosis Diagnosis: Workflow Overview 

 

2.2 Data Collection 

The system leverages publicly available repositories such as: 

▪ NIH Chest X-ray Dataset: Comprising 112,000 

labeled CXR images across 14 disease categories, 

including TB (Wang et al., 2017) [6]. 

▪ India TB Dataset: Focused on TB detection with 

metadata from diverse geographical regions. 

▪ Qatar-Bangladesh Dataset: Includes 3,500 TB-

positive and 3,500 normal CXR images, created in 

collaboration with medical institutions (Rahman et al., 

2022). 

 

2.3 Data Preprocessing 

Data preprocessing ensures that images are suitable for 

model training. Steps include: 

▪ Image Resizing: Standardizing image dimensions to 

256×256 pixels. 

▪ Normalization: Pixel values were scaled to the range 

[0, 1] for faster convergence during training. 

▪ Augmentation: Applying rotation, horizontal flipping, 

zooming, and cropping to artificially increase the size 

of the training dataset and reduce overfitting. 

 

2.4 Model Development 

The backbone of the system uses a Convolutional Neural 

Network (CNN), which is well-suited for image 

classification tasks. The architecture comprises: 

▪ Input Layer: Accepts 256 x 256 x 3 images. 

▪ Convolutional Layers: Extract spatial features such as 

edges and patterns. 

▪ Pooling Layers: Reduce dimensionality while retaining 

essential features. 

▪ Dropout Layers: Prevent overfitting by randomly 

disabling neurons during training. 

▪ Fully Connected Layers: Aggregate features and learn 

decision boundaries. 

▪ Output Layer: A single neuron with a sigmoid 

activation function to output probabilities for TB-

positive or TB-negative classifications. 

 

2.5 Model Testing and Evaluation 

The model is validated using metrics like accuracy, 

precision, recall, and F1 score. A confusion matrix provides 

insights into misclassification rates. Evaluation datasets are 

split into training, validation, and testing subsets (80:10:10 

ratio). 

 

2.6 Deployment 

The final model is deployed through a web-based interface 

integrated with cloud computing platforms. End-users, such 

as healthcare providers, upload CXRs for real-time 

diagnosis. 

The primary templates include: 

1. Image Upload: Allows users to upload X-ray images. 

2. Results Page: Displays predictions along with 

additional information. 

3. Search Functionality: Enables retrieval of user records 

from the database 

The interface of the system is shown in Figures 2, 3 and 4. 

 

 
 

Fig 2: Screenshot of Welcome Page 

 

The welcome page of the AI-Enhanced Tuberculosis 

Detection System greets users and provides an overview of 

the platform. It highlights the main features and benefits, 

offering quick and reliable analysis of chest X-ray images to 

aid in early diagnosis and treatment of tuberculosis. The 

page includes easy navigation to key functionalities such as 

uploading X-rays, viewing results, registering, and 

contacting support. 

 

 
 

Fig 3a: Screenshot of Upload Page before attachment of chest X-

ray image 
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The upload page allows users to submit chest X-ray images 

for analysis. It features a simple and intuitive interface 

where users can choose a file and click "Analyze" to initiate 

the diagnostic process. The page ensures secure file 

handling and provides immediate feedback on the uploaded 

file. 

 

 
 

Fig 3b: Screenshot of Upload Page after attachment of chest X-ray 

image 

 

 
 

Fig 4: Screenshot of Result Page 

 

The result page displays the outcome of the X-ray analysis. 

It shows whether tuberculosis has been detected and 

demands that related details such as the user's name, ID 

number, NRC number, and date of testing be submitted. A 

submission button allows users to confirm and register their 

results, linking to the confirmation page for final 

submission. The registration page collects user information 

necessary for the analysis process. Users are required to 

enter their name, NRC number, ID number, and date of 

testing. This information is then securely stored and linked 

to their analysis results. 

 

 
 

Fig 5: Screenshot of Message on Confirmation Page 

 

The confirmation page acknowledges the successful 

registration of user information. It confirms that the user's 

details have been securely stored and registered, providing a 

summary of the submitted information. The page includes 

navigation options to return to the welcome page or explore 

other features of the site. 

 

2.7 Feedback and Iterative Improvement 

Continuous monitoring of real-world performance allows 

iterative refinement, improving accuracy and addressing 

edge cases in future updates. 

 

3. Results and Performance Metrics 

3.1 Accuracy Metrics 

The model achieved an accuracy of 94.7%, precision of 

92.5% recall of 95.2%, and F1 Score of 93.8% on the test 

dataset. These metrics demonstrate the model's efficacy in 

identifying TB cases and reducing diagnostic errors (Wang 

et al., 2017) [6]. 

 
Table 4.2: Model Performance Metrics 

 

 
 

3.2 Confusion Matrix 

The number of patients correctly identified as TB-positive, 

and the number of patients correctly identified as TB-

negative by the system was higher than those incorrectly 

identified as TB-positive and incorrectly identified as TB-

negative respectively. 

 

3.3 Limitations 

Despite its achievements, the system has limitations: 

▪ Resource Dependence: High computational needs 

restrict usage in low-resource settings. 

▪ Limited Interpretability: CNN models function as 

black boxes, complicating the understanding of 

individual predictions. 

 

4. Discussions 

The proposed AI-aided TB detection system demonstrates 

significant potential in transforming healthcare diagnostics, 

particularly in resource-limited settings.  

Here are some key points for discussion: 

a) Scalability and Efficiency 

One of the most critical advantages of the system is that it 

can be scaled to different types of health facilities such as 

urban hospitals, remote clinics, and many others. It can also 

increase efficiency by enabling quick and automated 

processing as well as analysis of chest X-rays: the procedure 

involved in TB diagnosis can significantly be shortened, 

leading to early initiation of treatment and improved patient 

health outcomes (Lawn and Zumla, 2011) [3]. However, it 

should be noted that large volumes of data should not 

compromise system performance, which will eventually be 

necessary for processing data on TB detection at scale (Xu 

et al., 2021) [14]. 
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b) Application to Other Diseases 

While currently focusing on the tuberculosis disease, the 

underlying AI and deep learning technologies are actually 

capable of being applied to other diseases. They can thus be 

similarly developed by analogous principles and workflows 

to pneumonia or other acute respiratory diseases as well as 

lung cancer (Hwang et al., 2016). For that reason, the 

system is made into a truly versatile diagnostic instrument 

within the wider medical diagnostics context (Lakhani and 

Sundaram, 2017). 
 

c) Explainability and Interpretability 

On top of that, one of the most challenging aspects with 

regard to AI models particularly deep learning like CNNs, is 

that they are black boxes. This ambiguity of treating the 

models as black boxes can also act as a disincentive for 

acceptance or trust in the particular practice area like health 

(Chakraborty and Mali, 2020) [9]. Further work has to 

continue trying to make these models more interpretable. 

For instance, attention mechanisms which highlight areas in 

the image on which the model pays attention might shed 

some insights on the how rationale of the decision is drawn, 

hence bringing it closer to the clinician to understanding and 

trusting recommendations from the AI. 

 

d) Resource Constraints 

The extensive computational capacities of deep learning 

models can act as a barrier especially in low-resource 

settings (Rahman et al., 2022). Developing lightweight 

models to run them on less powerful hardware without 

compromising accuracy would be one of the most 

significant research areas in the future.Furthermore, cloud 

computing systems along with edge computing would allow 

one to tide over the resource constraint by passing on certain 

operations which consume extensive resources to a better-

equipped infrastructure (Rahman et al., 2022). 

 

e) Data Privacy and Security 

The use of patient data in artificial intelligence models has 

grave implications for privacy and security of data.The data 

should, therefore, be anonymized and stored securely. 

Stronger frameworks for data governance and compliance 

with regulations such as the GDPR (2016) [12] and HIPAA 

(1996) [13] will ensure that these privacy and security 

requirements will be met and maximize the trust of patients 

and healthcare providers (Rahman et al., 2022). 

 

f) Continuous Improvement and Adaptation 

It keeps itself abreast of the fast-developing changing 

environment of clinical guidelines and medical knowledge. 

In that it keeps on updating itself, feedback and 

improvement will always keep it relevant and applicable 

(Murdoch and Detsky, 2013) [16]. Such timely updates and 

refreshing with new data will keep it accurate and 

applicable. 
 

g) Ethical Considerations 

The ethical considerations of AI in healthcare arise, where 

the validation of these systems is free from any bias, which 

may create a different health scenario. This bias may 

emanate from the training data or from fairness checks in 

the model development process. The AI's role is, therefore, 

an assist to human judgment, ensuring that clinicians always 

remain central in the decision-making process (Smith and  

Thompson, 2016) [5]. 

In conclusion, while the AI-aided TB detection system 

shows great promise, addressing these challenges and 

considerations is crucial for its successful implementation 

and acceptance in the healthcare community. Future work 

should focus on enhancing model interpretability, reducing 

resource dependence, ensuring data privacy, and 

continuously improving the system based on real-world 

feedback. By doing so, AI can truly revolutionize healthcare 

diagnostics and improve patient outcomes on a global scale. 

 

5. Future Directions for AI in Healthcare Diagnostics 

The future of AI in healthcare diagnostics is promising, with 

several key trends and advancements expected to reshape 

the field: 

a) Real-Time Data and Wearable Technologies: 

▪ AI will increasingly use data from wearable 

devices and remote monitoring systems. 

▪ Continuous data collection from devices like 

smartwatches and fitness trackers will enable early 

detection of health issues (Steinhubl et al., 2015; 

Chen et al., 2017) [19, 25]. 

▪ Integration with IoT devices will enhance patient 

monitoring, reduce hospital readmissions, and 

lower healthcare costs (Topol, 2019) [18]. 

b) Personalized Medicine: 

▪ AI will advance personalized medicine by 

analysing genetic, proteomic, and metabolomic 

data. 

▪ This will lead to more accurate diagnoses and 

individualized treatment plans (Krittanawong et al., 

2019; Rajkomar et al., 2019) [20, 23]. 

▪ AI can predict disease risk and treatment responses, 

improving patient outcomes. 

c) Enhanced Medical Imaging: 

▪ AI tools for medical imaging will continue to 

improve, aiding in the detection and analysis of 

conditions like cancer (Esteva et al., 2017; Liu et 

al., 2019) [26, 28]. 

▪ Future developments include 3D image 

reconstruction and better pattern detection, leading 

to earlier diagnoses (Ting et al., 2019) [21]. 

d) Natural Language Processing (NLP) in Clinical 

Documentation: 

▪ NLP will automate clinical documentation, 

transcribe patient-clinician conversations, and 

extract data from electronic health records (EHRs) 

(Shickel et al., 2018; Wu et al., 2021) [22, 29]. 

▪ This will streamline administrative tasks and help 

identify diagnostic trends and inconsistencies in 

patient records. 

e) Predictive Diagnostics and Risk Assessment: 

▪ AI will enable predictive diagnostics, identifying 

high-risk patients before symptoms appear 

(Obermeyer and Emanuel, 2016; Lasko et al., 

2013) [30, 24]. 

▪ Predictive models will help manage chronic 

conditions and prevent adverse events like heart 

attacks and strokes (Beam and Kohane, 2018) [27]. 

These advancements will make AI-driven diagnostics more 

refined, personalized, and widespread, addressing long-

standing challenges and introducing new opportunities in 
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healthcare. 

 

6. Conclusion 

This is a robust AI-aided TB detection system, which can be 

transformed into a fully automated TB diagnosis from 

regular chest x-rays. Its accuracy in detection is high enough 

to be considered for use in healthcare applications. Future 

work will include interpretability issues, computer resource 

independence and an extension to other infectious diseases. 
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