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ABSTRACT 

 

Pulmonary tuberculosis (PTB) remains a major global health concern, particularly in high-

burden countries such as Malaysia. Chest X-ray (CXR) is the most accessible screening 

modality, but its interpretation is subjective and prone to inter-observer variability. This study 

aimed to develop and evaluate a deep learning–based algorithm using YOLOv8 for automated 

PTB detection on CXR and to assess the impact of data augmentation on diagnostic 

performance. A retrospective cross-sectional study of 1,000 anonymized CXR images from 

Hospital Serdang was conducted, with CXRs categorized into three classes: highly suspicious 

PTB, low suspicion PTB, and no active lung lesion. Data were divided into training (70%), 

testing (20%), and validation (10%) sets, and pre-processing included DICOM-to-JPEG 

conversion, anonymization, and augmentation techniques such as flipping, rotation, cropping, 

brightness, and grayscale adjustments. Model performance was evaluated using accuracy, 

precision, recall, F1-score, ROC and Precision–Recall (PR) curves, and Grad-CAM 

visualization for explainability. Without augmentation, YOLOv8 achieved 74% accuracy 

(precision 0.78, recall 0.74), while with augmentation, accuracy improved to 85%, recall for 

highly suspicious PTB increased from 0.75 to 0.87, and macro F1-score rose from 0.76 to 0.85. 

http://xisdxjxsu.asia/


Journal of Xi’an Shiyou University, Natural Science Edition                                                               ISSN: 1673-064X 

 

http://xisdxjxsu.asia                                    VOLUME 21 ISSUE 11 NOVEMBER 2025                                       169-185   

ROC analysis demonstrated macro-average AUC improvement from 0.71 to 0.85, and PR 

curves showed micro-average AP rising from 0.55 to 0.74. Grad-CAM highlighted 

radiologically relevant areas such as upper-lobe consolidation and cavitary lesions, supporting 

clinical interpretability. Overall, the YOLOv8 model achieved diagnostic performance 

comparable to commercial CAD systems such as CAD4TB and Lunit INSIGHT, with data 

augmentation significantly enhancing sensitivity and generalization. This locally trained AI 

model demonstrates strong potential for scalable PTB screening, particularly in resource-

limited settings. 

 

Keywords: Artificial Intelligence; Deep Learning; YOLOv8; Pulmonary Tuberculosis; Chest 

X-Ray 

 

1.0 INTRODUCTION 

 

Tuberculosis (TB) remains one of the leading infectious diseases worldwide, caused by 

Mycobacterium tuberculosis (Mtb). Despite being curable and preventable, TB continues to 

represent a major global health burden, with an estimated 10.8 million new cases and 1.3 

million deaths reported in 2023 [1]. Since 2021, TB incidence rates have increased after several 

years of decline, delaying progress toward the World Health Organization (WHO) End TB 

targets [1].  

 

In Malaysia, TB remains an upper-moderate-burden disease. The incidence rate reached 113 

cases per 100 000 population in 2022, the highest recorded in four decades, despite sustained 

national control efforts [2]. Although TB is treatable, delays in diagnosis and treatment 

initiation continue to hinder effective control of transmission and morbidity [2].  

 

Chest X-ray (CXR) remains the most widely used imaging modality for the initial screening of 

pulmonary tuberculosis (PTB) due to its affordability, rapidity, and accessibility, especially in 

community-based and primary care settings. However, CXR interpretation is subjective and 

heavily dependent on radiologist expertise, with reported inter-observer variability ranging 

between 20% and 40% [3–5]. This variability, combined with a shortage of radiologists in 

resource-limited settings, contributes to inconsistent interpretations and delays in diagnosis [4].  

 

Radiographic findings in PTB are heterogeneous and depend on the stage of the disease. Active 
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or reactivation TB frequently presents as upper-lobe consolidation, cavitation, or a “tree-in-

bud” pattern, whereas healed or inactive TB often demonstrates fibrotic scarring, pleural 

thickening, or calcified granulomas [6]. These overlapping features make human interpretation 

difficult, especially when findings are subtle or confounded by other pulmonary pathologies.  

 

Recent advances in artificial intelligence (AI) and deep learning (DL) have shown significant 

potential to improve diagnostic accuracy and consistency in radiological interpretation. Deep 

learning, particularly convolutional neural networks (CNNs), can automatically extract and 

learn hierarchical image features, allowing for reliable pattern recognition comparable to 

human-level expertise [5,7]. Several studies have demonstrated the ability of AI systems to 

detect TB with performance metrics equivalent to trained radiologists [8]. For example, 

Kazemzadeh et al. [8] reported that DL algorithms achieved high diagnostic accuracy in 

detecting PTB, while Nguyen et al. [9] introduced the VinDr-CXR dataset with over 18 000 

annotated chest radiographs, which has become a benchmark for model training and validation 

in thoracic imaging research.  

 

The WHO now recognizes AI-based computer-aided detection (CAD) systems as acceptable 

alternatives to human readers for CXR TB screening in areas where radiologists are scarce 

[10]. Commercial AI systems such as CAD4TB, Lunit INSIGHT CXR, and qXR have shown 

sensitivities of 55–70% and specificities of 83–90% [10,11], confirming their potential role in 

large-scale TB screening programs.  

 

Among deep learning frameworks, the “You Only Look Once” (YOLO) family has become 

one of the most efficient for object detection and real-time image analysis. Unlike two-stage 

detectors such as R-CNN, YOLO performs object localization and classification 

simultaneously, offering high speed and accuracy [10]. The latest version, YOLOv8, 

introduced in 2023, integrates advanced architectural components, including CSPDarknet53 as 

the backbone, Path Aggregation Network (PANet) for feature fusion, and a decoupled head for 

refined predictions [12]. These improvements enable YOLOv8 to achieve superior precision 

and inference speed, making it suitable for radiological image interpretation.  

 

To enhance model generalization and mitigate overfitting, data augmentation methods such as 

horizontal and vertical flipping, image rotation, cropping, brightness and contrast adjustment, 

and grayscale transformation are widely used [13]. These techniques simulate variations in 
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patient positioning and exposure settings commonly encountered in clinical imaging. 

Despite international advances, locally trained and validated AI models for TB detection 

remain limited in Malaysia. Differences in disease prevalence, imaging protocols, and 

population characteristics may influence algorithm performance. Thus, localized model 

development is necessary to ensure diagnostic reliability and clinical relevance.  

 

This study aims to develop and evaluate a deep learning–based model using YOLOv8 to detect 

pulmonary tuberculosis on chest X-rays. The model classifies CXRs into three diagnostic 

categories—highly suspicious PTB, low suspicion PTB, and no active lung lesion—and 

assesses the influence of data augmentation on model performance. The ultimate objective is 

to create an accurate, scalable, and interpretable AI-assisted diagnostic tool that supports the 

WHO End TB Strategy [14]. 

 

2.0 MATERIALS AND METHODS 

 

2.1 Study Design and Setting 

 

This retrospective cross-sectional study was conducted at the Department of Radiology, 

Hospital Serdang, in collaboration with Hospital Pengajar Universiti Putra Malaysia (HPUPM) 

and the PadiMedical Innovative Medical Platform. A total of 1000 anonymized CXR images 

were collected from the Hospital Serdang Picture Archiving and Communication System 

(PACS). The images were categorized into three diagnostic classes: highly suspicious PTB, 

low suspicion PTB, and no active lung lesion. Data collection spanned from 2020 to 2023, and 

model development and validation were performed between February and September 2025.  

 

2.2 Study Population 

 

Eligible participants included adult patients aged 18 years and older who had undergone frontal 

chest radiography in either posteroanterior (PA) or anteroposterior (AP) projection. Cases with 

microbiologically confirmed PTB were labeled as positive, while normal CXRs served as 

controls. Patients below 18 years of age or those with images showing significant artefacts, 

motion blur, or over/under-exposure were excluded from the dataset. 
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2.3 Sample Size and Classification 

 

The minimum sample size was estimated using the sensitivity and specificity method described 

by Bujang and Adnan [15], assuming a TB prevalence of 30% and target sensitivity and 

specificity of 90%. The required minimum number of images was 770; this study exceeded 

that number with 1000 CXRs, including approximately 231 PTB-positive and 769 non-PTB 

cases. Each radiograph was classified based on radiological findings: images showing upper-

lobe consolidation, cavitation, or 'tree-in-bud' nodularity were labeled as highly suspicious 

PTB; those with fibrotic scarring or calcified granulomas were labeled as low suspicion PTB; 

and normal or unrelated findings were labeled as no active lung lesion.  

 

2.4 Image Pre-processing and Dataset Preparation 

 

All images were exported from PACS in DICOM format, anonymized to remove patient 

identifiers, and converted to JPEG format for model compatibility. Three radiologists 

independently reviewed and labeled each image, and only images with unanimous consensus 

were included. The dataset was randomly divided into training (70%), testing (20%), and 

validation (10%) subsets to ensure balanced model training and unbiased evaluation. 

  

To improve model robustness, data augmentation was applied to the training dataset, including 

rotation up to ±15°, horizontal and vertical flipping, random cropping, brightness modification 

of ±20%, and grayscale conversion [13]. These transformations simulated realistic variations 

in patient positioning and exposure.  

 

2.5 YOLOv8 Model Development 

  

Model training was performed using the YOLOv8 framework, a single-stage detector that 

integrates feature extraction, fusion, and prediction in one network. The architecture includes 

CSPDarknet53 as the backbone for feature extraction, PANet as the neck for multi-scale fusion, 

and a detection head for object localization and classification [10,12]. Training was conducted 

using Jupyter Notebook with a Python-based deep learning environment. The model was 

trained on the augmented dataset with standardized hyperparameters, including batch size, 

learning rate, and epochs optimized for convergence. Training performance was monitored 
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using loss curves, accuracy metrics, and validation scores generated automatically at each 

epoch.  

 

2.6 Explainable AI: Grad-CAM Visualization 

 

To ensure interpretability of the model’s decision-making process, Gradient-weighted Class 

Activation Mapping (Grad-CAM) was implemented. Grad-CAM generates heatmaps that 

highlight the regions within the CXR that most strongly influenced the model’s prediction [16]. 

This technique helps clinicians verify that the algorithm’s attention aligns with pathologically 

relevant lung regions, such as areas of consolidation or cavitation.  

 

2.7 Model Evaluation 

 

The trained model was evaluated using the confusion matrix to derive accuracy, precision, 

recall (sensitivity), and F1-score. These metrics were computed using the following formulas: 

 

 
 

Receiver Operating Characteristic (ROC) and Precision–Recall (PR) curves were plotted to 

assess the discrimination and predictive capability of the model. Because this study focused on 

overall image classification rather than lesion segmentation, localization metrics such as 

Intersection over Union (IoU) and mean Average Precision (mAP) were not utilized. 

 

2.8 Ethical Considerations 

  

Ethical approval was obtained from the National Medical Research Register (NMRR) and the 

Ethics Committee of Universiti Putra Malaysia. All images were anonymized prior to analysis 

to ensure data confidentiality and compliance with ethical standards for human research. 

 

3.0 RESULTS AND DISCUSSION 

 

A total of 1,000 chest radiographs were analyzed and divided into training, testing, and 

validation subsets in a 70:20:10 ratio, providing 700 images for training, 201 for testing, and 

99 for validation. Each image was categorized into one of three diagnostic classes—highly 
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suspicious pulmonary tuberculosis (PTB), low suspicion PTB, or no active lung lesion—based 

on radiologist interpretation and microbiological confirmation. Standard pre-processing 

converted DICOM files into JPEG format, anonymized patient data, and normalized image 

dimensions. Data augmentation was subsequently applied to improve model generalization, 

using horizontal and vertical flipping, limited rotation (±15°), static cropping, brightness 

adjustment (–20 to +20 %), and partial grayscale transformation (Table 1). Representative 

augmented examples are shown in Figure 1. 

 

Table 1. Augmentation techniques applied during training 

 

 

Figure 1. Examples of data augmentation applied to CXR, including flipping, rotation, 

brightness adjustment, and static cropping 

Technique Applied Parameters 

Flip  Horizontal, Vertical 

90° Rotate Clockwise, Counter-Clockwise, Upside-down 

Rotation Between -15° and +15° 

Grayscale Apply to 24% of images 

Brightness Between -20% and +20% 

Static Crop 24-82% horizontal region, 0-76% vertical region 
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3.1 Model Performance 

 

The YOLOv8 classifier was evaluated under two conditions: training without augmentation 

and with augmentation. Without augmentation, the model achieved 74 % accuracy, correctly 

classifying 149 of 201 test cases (Figure 2A). Confusion matrix analysis revealed several 

misclassifications between highly suspicious and low-suspicion PTB categories, reflecting 

overlap in parenchymal findings such as fibrosis and residual opacities. With augmentation, 

the model correctly classified 170 of 201 cases, yielding an 85 % accuracy (Figure 2B). This 

improvement demonstrates the impact of augmented variability on the model’s learning 

robustness. 

 

Figure 2. Confusion matrix of the YOLOv8 model trained without augmentation and 

with augmentation 

 

Performance metrics are summarized in Table 2. Macro-precision, recall, and F1-score 

improved from 0.78, 0.74, and 0.76 to 0.84, 0.85, and 0.85, respectively. For highly suspicious 

PTB, recall increased from 0.75 to 0.87 and precision from 0.78 to 0.86, confirming that 

augmentation enhanced sensitivity while maintaining specificity. Similar gains were observed 

for low-suspicion PTB and no-active-lesion groups, indicating balanced generalization across 

classes. 
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Table 2. Comparison of class-wise performance metrics between non-augmented and 

augmented models 

Metric Without Augmentation With Augmentation 

Accuracy 74% 85% 

Macro Precision 0.78 0.84 

Macro Recall 0.74 0.85 

Macro F1-score 0.76 0.85 

Precision (Highly suspicious PTB) 0.78 0.86 

Recall (Highly suspicious PTB) 0.75 0.87 

F1-score (Highly suspicious PTB) 0.76 0.87 

Precision (Low suspicion PTB) 0.77 0.82 

Recall (Low suspicion PTB) 0.73 0.82 

F1-score (Low suspicion PTB) 0.75 0.82 

Precision (No active lung lesion) 0.78 0.85 

Recall (No active lung lesion) 0.75 0.85 

F1-score (No active lung lesion) 0.76 0.85 

 

Receiver Operating Characteristic (ROC) analysis demonstrated improvement of the macro-

average area under the curve (AUC) from 0.71 to 0.85 after augmentation (Figure 3). 

Precision–Recall (PR) curves showed an increase in micro-average average precision (AP) 

from 0.55 to 0.74 (Figure 4), suggesting fewer false negatives. Calibration curves (Figure 5) 

also aligned more closely with the ideal diagonal, indicating that augmented training improved 

probability reliability and clinical interpretability. 

 

 

Figure 3. ROC curves of YOLOv8 model without augmentation and with augmentation 
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Figure 4. Precision–Recall curves of YOLOv8 model without augmentation and with 

augmentation 

 

 

Figure 5. Calibration curves of YOLOv8 classification without augmentation and with 

augmentation 

 

3.2 Model Explainability 

 

To address the interpretability of deep learning predictions, Gradient-weighted Class 

Activation Mapping (Grad-CAM) was applied to visualize salient regions influencing model 

decisions (Figure 6). For radiographs classified as highly suspicious PTB, activation heatmaps 

exhibited strong red–yellow intensities over upper-lobe consolidations and cavitary lesions, 

validating that YOLOv8 focused on disease-relevant structures. Low-suspicion PTB cases 
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demonstrated moderate activations over fibrotic or perihilar regions, while normal CXRs 

exhibited minimal activation across lung fields. Misclassified examples revealed spurious 

activations over ribs or cardiac borders, underscoring areas where technical artifacts may 

confound detection. Overall, Grad-CAM enhanced transparency and clinician confidence by 

confirming physiologically plausible reasoning within the network. 

 

 

Figure 6. Grad-CAM visualization highlighting pulmonary lesions detected by the 

YOLOv8 model 
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3.3 Comparative Evaluation and Interpretation 

 

The improved performance of YOLOv8 with augmentation compares favorably with existing 

computer-aided detection (CAD) systems. CAD4TB, evaluated in large-scale screening 

programs, has demonstrated sensitivities of 83–90 % and specificities of 55–70 % [17], while 

qXR and Lunit INSIGHT CXR report sensitivities above 89 % [18]. The augmented YOLOv8 

model achieved a recall (sensitivity) of 0.87 and overall accuracy of 0.85—values within the 

diagnostic range of these WHO-endorsed systems. According to the World Health 

Organization Target Product Profile (TPP) for TB triage tests, ≥90 % sensitivity and ≥70 % 

specificity are acceptable thresholds [19]; the present model closely approaches this benchmark 

despite being trained on a smaller, locally sourced dataset. 

 

Compared with similar academic efforts, these findings align with Kazemzadeh et al. (2023), 

who demonstrated radiologist-level deep-learning performance for PTB detection [8], and 

Nguyen et al. (2022), who emphasized the role of diverse annotated datasets [9]. The observed 

+11 % accuracy gain with augmentation corroborates prior studies that highlight dataset 

expansion as key to reducing overfitting [20, 21]. Augmentation therefore provides a cost-

effective means to approximate the imaging variability otherwise obtainable only from multi-

institutional datasets—an important advantage for low-resource environments. 

 

3.4 Clinical and Public-Health Implications 

 

From a clinical standpoint, improved recall is critical because undetected PTB cases drive 

continued transmission. An 87 % recall for highly suspicious PTB suggests that YOLOv8 could 

serve as an effective triage tool, flagging radiographs for expert review and thereby reducing 

radiologist workload in high-volume or resource-limited settings. Explainable heatmaps 

further increase trustworthiness, meeting WHO recommendations that AI tools be transparent, 

verifiable, and ethically deployable [16]. Integration into hospital PACS or mobile screening 

systems may enable large-scale, automated TB detection, complementing ongoing national 

End TB initiatives [1, 14]. 
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3.5 Limitations and Future Work 

 

Despite encouraging results, the study’s single-center design and modest sample size (1,000 

CXR) limit generalizability. Although augmentation mitigated data scarcity, multi-center 

validation is required to test robustness across different imaging protocols and populations. 

Moreover, this work focused on image-level classification rather than lesion localization. 

Future versions could incorporate bounding-box detection and multi-modal inputs combining 

CXR with clinical or laboratory data to enhance diagnostic precision. 

 

4.0 CONCLUSION 

 

This study demonstrated that a YOLOv8-based deep learning model can accurately detect 

pulmonary tuberculosis (PTB) on chest radiographs. Using a balanced dataset of 1,000 images, 

the model achieved 85% accuracy and 0.87 recall for highly suspicious PTB cases after data 

augmentation, compared with 74% accuracy and 0.75 recall without augmentation. These 

improvements confirm that data augmentation enhances model sensitivity and generalization. 

Receiver Operating Characteristic and Precision–Recall analyses showed better discrimination 

after augmentation, with the AUC rising from 0.71 to 0.85 and average precision from 0.55 to 

0.74, comparable to established CAD systems such as CAD4TB, qXR, and Lunit INSIGHT. 

The integration of Grad-CAM provided visual explainability, highlighting disease-relevant 

regions and improving clinical interpretability. 

 

Although limited by a single-center dataset and modest sample size, the results indicate that 

YOLOv8 can serve as a scalable and explainable AI tool for PTB screening. With larger multi-

center validation and clinical deployment, this model could support early TB detection and 

contribute to national and global End TB initiatives. 
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