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ABSTRACT 

Tuberculosis (TB) remains a critical global health challenge, with early detection often hindered by limited 

diagnostic resources and variability in manual Chest X-Ray (CXR) interpretation. This study evaluates the 

diagnostic performance and computational efficiency of four deep learning architectures—VGG16, 

DenseNet121, MobileNetV2, and a custom lightweight CNN—trained for 10 to 100 epochs on a multi-

source dataset comprising 4,200 CXR images. Stratified data splitting and data augmentation were 

employed to address class imbalance and improve generalization. Among the evaluated models, VGG16 

achieved the highest classification performance, with 99.21% accuracy, an F1-score of 0.98, and a ROC-

AUC of 0.99. In contrast, MobileNetV2 provided a favorable trade-off between accuracy (98.73%) and 

inference efficiency, achieving the fastest prediction time of 12 ms per image, supporting its potential use in 

resource-constrained environments. Although the results indicate that transfer learning with optimized 

training protocols can support accurate and efficient AI-assisted TB screening, this study is limited by the 

lack of patient-level data separation, statistical cross-validation, and model explainability. Future work will 

address these limitations by incorporating explainable AI methods, statistically robust validation 

strategies, and evaluation on independent and diverse clinical datasets. 

Keywords-tuberculosis classification; deep learning; chest X-ray; transfer learning; Convolutional Neural 

Networks (CNNs); medical image analysis 

I. INTRODUCTION  

Tuberculosis (TB) remains a major global health concern, 
with 10.8 million cases and 1.25 million deaths reported in 
2023 [1]. Despite diagnostic advances, early detection in low-
income regions is hindered by a scarcity of radiology expertise 

and limited infrastructure [2]. Chest X-ray (CXR) imaging 
remains a cost-effective screening method; however, manual 
interpretation is suffering from inter-observer variability and 
scalability issues, underscoring the need for accurate automated 
solutions [3]. 
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Deep learning, particularly Convolutional Neural Networks 
(CNNs), has significantly increased TB detection from CXRs. 
Self-trained models, such as [4], achieved 96.57% accuracy, 
while pre-trained architectures such as MobileNetV2, VGG16, 
and VGG19 reported accuracies between 98.90% and 99.14% 
[5]. Fine-tuned VGG16 models have reached 98% accuracy 
[6], demonstrating the scalability and efficiency of deep 
learning for TB screening and reducing reliance on radiologists 
[7]. Training protocols also play a critical role in model 
performance. Optimized strategies have yielded improved 
results in diverse domains, including scene text recognition [8] 
and time-series regression [9], whereas improper transfer 
learning can lead to overfitting in small datasets [10]. 
Standardized processes enhance generalizability in human 
activity recognition [11], yet such systematic protocols remain 
underexplored in TB detection. Although dynamic learning rate 
scheduling and augmentation methods—such as rotation and 
brightness adjustment—have shown promise [12, 13], their 
performance varies across architectures [14]. Several recent 
studies have investigated CNN architectures and transfer 
learning for TB detection. In [15], VGG-19, ResNet50, and 
DenseNet121 were compared on multi-source CXR datasets, 
with VGG-19 achieving the highest AUC scores (0.89–0.95). 
In [16], 91% accuracy and F1-scores were reported for 
Xception and ResNet50, while in [17], 99.20% accuracy was 
achieved for TB using a tailored CNN model. Transfer learning 
has proven particularly valuable for limited datasets [18]. In 
[19], DenResCov-19 combined DenseNet121 and ResNet50 
for multi-class CXR classification, achieving 94.7% accuracy. 
Mobile applications have demonstrated how AI diagnostics can 
extend into care coordination, particularly in resource-limited 
regions [20]. Further studies showed that ML-driven TB 
prediction models maintain strong performance even when 
datasets vary in quality [21], and reviews have emphasized the 
role of explainable AI in enhancing clinician trust and adoption 
[22]. Robust dataset construction remains pivotal for building 
generalizable models. In [23], adaptive preprocessing was 
introduced to mitigate domain shifts in TB detection. In [24], 
CNNs were integrated with traditional classifiers using the NIH 
dataset, emphasizing class balancing. In [25], the potential of 
semi-supervised learning for TB screening was demonstrated 
by achieving 95% accuracy with radiologist-guided labels. This 
study aggregates multi-institutional datasets (Belarus, NIAID, 
NLM, RSNA) and applies stratified splitting along with 
targeted augmentation techniques (rotation, flipping, brightness 
adjustment) to address class imbalance. 

Deep learning model performance is significantly 
influenced by training strategies. In [26], the benefits of L2 
regularization were highlighted for small medical datasets, 
while in [27], a comprehensive survey was provided on 
regularization strategies critical to generalization. In [28, 29], 
population-based training was used with regularization, 
demonstrating the value of adaptive optimization methods. 
This study employed a structured training protocol, with Adam 
optimization, learning rate scheduling, L2 regularization (� = 
0.01–0.001), and dropout (0.3–0.5) across 10–100 epochs to 
balance training efficiency and performance. Recent 
evaluations suggest that VGG-based models remain highly 
competitive for TB detection across multiple datasets. In [16], 

90.0% accuracy and 91.0% AUC-ROC were reported for 
VGG16, outperforming deeper models such as ResNet152, and 
in [30], this was validated with a hyperparameter-tuned 
VGG19 achieving 98% accuracy. However, many studies 
overlook computational trade-offs, particularly in low-resource 
settings. MobileNetV2, known for its lightweight design, 
remains understudied for TB detection despite its success in 
other medical imaging applications. 

This study evaluates VGG16, DenseNet121, MobileNetV2, 
and a custom lightweight CNN across 10–100 training epochs 
using a multi-source dataset of 4,200 CXRs. Stratified splitting 
and adaptive augmentation are applied to enhance 
generalization and benchmark accuracy, ROC-AUC, F1-score, 
and inference speed. The contributions of this study are as 
follows: 

 Detailed quantitative analysis of performance-efficiency 
trade-offs across training durations (10–100 epochs) 

 Benchmarking of lightweight architectures (MobileNetV2, 
custom CNN) against established models (VGG16, 
DenseNet121) 

 Integration of multi-source CXR datasets with stratified 
splitting and adaptive augmentation 

 Systematic evaluation of regularization strategies ( �  = 
0.01–0.001) across different training phases. 

These contributions bridge the gap between high-
performing deep learning models and their real-world 
deployment in resource-constrained clinical environments. A 
quantitative comparison with representative and recent TB 
detection models from the literature contextualizes the 
performance of the proposed approaches. 

II. METHODOLOGY 

This study assesses the performance of CNNs in detecting 
TB in CXR images. It compares a custom CNN architecture 
with three transfer learning models (VGG16, DenseNet121, 
and MobileNetV2) across training durations of 10, 20, 50, and 
100 epochs to identify optimal trade-offs between efficiency 
and diagnostic accuracy. This study differs from previous 
VGG16- or MobileNet-based TB studies by evaluating 
adaptive augmentation strategies and systematically analyzing 
the effect of different training durations on model performance. 

 

 

Fig. 1.  Workflow for TB Detection Using CNNs and Transfer Learning. 
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A. Dataset and Preprocessing 

1) Dataset 

This study used the TB Chest X-ray Database, a publicly 
available composite dataset for tuberculosis detection. The 
dataset contains 4,200 chest X-ray images, including 700 TB-
positive and 3,500 normal cases [31]. The dataset can be 
accessed in [32]. The dataset internally aggregates CXR images 
from multiple established public sources, including the NLM 
Montgomery and Shenzhen datasets, the Belarus Tuberculosis 
dataset, the NIAID TB Portal, and TB-related images from the 
RSNA Pneumonia Detection Challenge. 

 

(a) 

 

(b) 

 

Fig. 2.  Sample chest X-ray images: (a) normal, (b) tuberculosis. 

2) Data Preparation 

Images were resized to 128×128 pixels for the custom CNN 
and 224×224 pixels for the transfer learning models. Pixel 
values were normalized to the [0, 1] range. Adaptive 
augmentation was applied only to the training set to address 
class imbalance, including rotation (±30°), horizontal flip, and 
brightness adjustment (±20%). This also helped simulate 
domain variation across datasets. The dataset was stratified into 
training (2,940; 70%), validation (630; 15%), and test (630; 
15%) sets, preserving the ratios of TB-positive and normal 
samples. The validation set included a higher share of images 
from the Montgomery and Belarus datasets to simulate 
deployment scenarios with unseen equipment and patient 
demographics. 

TABLE I.  SUMMARY OF PREPROCESSING STEPS 

Step Description 

Resizing Custom CNN: 128×128 px; Transfer Learning: 224×224 px 

Normalization Pixel values scaled to [0, 1] range 

Augmentation 
Applied only to training set: Rotation (±30°),  

Horizontal Flip, Shift (±20%), Brightness (±20%) 

Stratified 

splitting 

Total: 4,200 images; Train: 2,940 (70%),  

Validation: 630 (15%), Test: 630 (15%) 

 

B. Model Architecture 

1) Custom CNN 

A custom CNN was developed to balance computational 
efficiency and diagnostic accuracy in TB detection. It consists 
of two convolutional blocks: the first with 64 filters and the 
second with 128 filters, both using 3×3 kernels. Batch 
normalization was applied after each convolutional layer to 
stabilize training and accelerate convergence, while max 
pooling with a 2×2 filter was used to reduce the spatial 
dimensions and computational requirements. The fully 
connected layers include 128 units with L2 regularization (� = 

0.01) and a dropout rate of 0.5 to mitigate overfitting. Sigmoid 
activation was applied on the final output layer for binary 
classification, as shown in Figure 3. This architecture was 
intentionally kept shallow to enable fast inference, suitable for 
low-resource settings or portable diagnostic devices. 

2) Transfer Learning Models 

Three pre-trained CNNs—VGG16, DenseNet121, and 
MobileNetV2—were selected to provide a representative 
comparison between high-capacity and lightweight 
architectures. VGG16 was chosen for its robust hierarchical 
feature extraction, as it has demonstrated strong performance in 
prior radiological image classification tasks. DenseNet121 was 
included for its dense connectivity pattern, which promotes 
feature reuse, improves gradient flow, and captures fine-
grained image features with fewer parameters than other deep 
architectures. MobileNetV2 was selected for its inverted 
residual design and computational efficiency, which enable 
near real-time inference on embedded or mobile devices 
without substantial performance degradation. Fine-tuning 
strategies were tailored to each model. For VGG16, the final 
four convolutional blocks were unfrozen and followed by a 
global average pooling layer and two fully connected layers 
(512 and 256 units) with dropout rates of 0.5 and 0.3. 
DenseNet121 was fine-tuned by unfreezing the last 50 layers, 
with classification performed via global average pooling and 
L2-regularized dense layers (� = 0.001). MobileNetV2 training 
proceeded in two phases: initially freezing the base layers for 
30 epochs, followed by unfreezing the final 30 layers to 
enhance domain adaptation for tuberculosis detection. 

 

 

Fig. 3.  Model architecture diagrams. 

C. Training Protocol 

1) Hyperparameters 

All models were trained using the Adam optimizer. 
Learning rate reduction on plateau was employed (factor 0.5, 
patience 2 epochs). The batch size was 32. Training durations 
of 10, 20, 50, and 100 epochs were systematically evaluated to 
determine optimal performance and generalization. Dropout 
(0.3–0.5) and L2 regularization (� = 0.01 for custom CNN, � = 
0.001 for DenseNet121) were applied to prevent overfitting. 

2) Hardware and Software 

All experiments were run on an NVIDIA Tesla V100 GPU 
(16 GB VRAM). TensorFlow 2.8 and Keras 2.6 were used for 
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implementation, while scikit-learn 1.0.2 was used for 
performance evaluation. Random seeds were fixed using 
NumPy and TensorFlow to ensure reproducibility. 

D. Evaluation Metrics 

Model performance was assessed using multiple metrics, 
including training accuracy and loss, to track learning behavior 
and identify overfitting or underfitting. Overall accuracy, 
precision, recall, and F1-score were used to evaluate class-wise 
prediction quality, supported by a confusion matrix showing 
correct and incorrect classifications. The ROC curve and ROC-
AUC quantified the models' discrimination ability. 
Additionally, inference time (ms/image) was measured to 
determine each model's suitability for fast diagnostic use in 
high-incidence, resource-limited settings. 

III. RESULTS 

This section presents the evaluation of CNN models for 
classifying CXR images as Normal or Tuberculosis (TB). 
Inference speed was measured to evaluate real-time clinical 
applicability. 

A. Model Performance Across Epochs 

Table II summarizes the classification performance of the 
proposed models at different training epochs (10, 20, and 100). 
The VGG16 model achieved the highest performance across all 
key evaluation metrics. 

TABLE II.  MODEL PERFORMANCE METRICS ACROSS 
TRAINING EPOCHS 

Model 
Accuracy 

(%) 

Precision 

(N) 

Precision 

(TB) 

Recall 

(N) 

Recall 

(TB) 

F1-

score 

(TB) 

VGG16 99.21 1.00 0.98 1.00 0.98 0.98 

DenseNet121 97.94 0.97 0.99 1.00 0.86 0.92 

MobileNetV2 98.73 0.99 1.00 1.00 0.95 0.98 

Custom CNN 

(10 Epochs) 
98.57 0.99 0.96 0.99 0.96 0.96 

Custom CNN 

(20 Epochs) 
96.67 0.97 0.95 0.99 0.85 0.89 

Custom CNN 

(100 Epochs) 
97.46 0.98 0.94 0.99 0.90 0.92 

 

B. ROC Curve Analysis 

The ROC curve for the VGG16 model illustrates its ability 
to distinguish between normal and TB cases (Figure 4). 
VGG16 achieved an ROC-AUC score of 0.99, exhibiting 
excellent discriminatory capability with both high sensitivity 
and specificity. This strong result reinforces its suitability for 
medical diagnostic applications where accurate separation 
between classes is critical. 

C. Confusion Matrices 

Figure 5 presents the confusion matrices for each model to 
analyze the classification outcomes, showing True Positives 
(TP), True Negatives (TN), False Positives (FP), and False 
Negatives (FN): 

 VGG16: TP = 103, TN = 523, FP = 2, FN = 2 

 DenseNet121: TP = 90, TN = 524, FP = 1, FN = 15 

 MobileNetV2: TP = 100, TN = 525, FP = 0, FN = 5 

 Custom CNN (10 Epochs): TP = 100, TN = 521, FP = 4, 
FN = 5 

 Custom CNN (20 Epochs): TP = 89, TN = 520, FP = 5,  
FN = 16 

 Custom CNN (100 Epochs): TP = 95, TN = 519, FP = 6, 
FN = 10 

 

 

Fig. 4.  ROC curve for VGG19. 

D. Accuracy and Loss Trends 

The training and validation accuracy/loss curves are 
summarized in Figures 6–9. 

 VGG16: VGG16 achieved 99% training accuracy with a 
training loss of 0.025 within 8 epochs. Validation accuracy 
stabilized at 98% with a validation loss of 0.05, indicating 
strong generalization and minimal overfitting (Figure 6). 

 MobileNetV2: This model reached 98% validation 
accuracy and 0.05 validation loss in just 8 epochs, 
highlighting its efficiency as a lightweight architecture 
(Figure 7). 

 DenseNet1: Training accuracy improved steadily from 65% 
to 95%, while training loss decreased from 0.7 to 0.10, 
demonstrating gradual but effective convergence (Figure 8). 

 Custom CNN: In its standard setup, the model achieved 
98% training accuracy and a loss of 0.05, but its validation 
accuracy plateaued at 88%, suggesting underfitting. The 
100-epoch configuration achieved 100% training accuracy 
and a loss of 0.00, indicating clear overfitting. 

 Inference speed was measured as the average time per test 
image on an NVIDIA RTX 3060 GPU (16 GB RAM) to 
assess real-time deployment potential in low-resource 
settings. Table III shows the inference speed of the models 

TABLE III.  INFERENCE SPEED IN MS PER IMAGE. 

Model Inference speed (ms/image) 

VGG16 ~18 

DenseNet121 ~23 

MobileNetV2 ~12 

Custom CNN (10 Epochs) ~9 

Custom CNN (20 Epochs) ~9.2 

Custom CNN (100 Epochs) ~9.5 
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(a) (b) (c) 

   
(d) (e) (f) 

Fig. 5.  Confusion matrices for each model: (a) 20 Epochs CNN, (b)10 Epochs CNN, (c)100 Epochs CNN, (d) DenseNet121, (e) MobileNetV2, (f) VGG16. 

 

Fig. 6.  VGG16 training/validation trends. 

 

Fig. 7.  MobileNetV2 training/validation trends. 

 

Fig. 8.  DenseNet121 training/validation trends. 

 

 

(a) 

 

(b) 

 

(c) 

 

Fig. 9.  Training and validation performance of Custom-CNN for: (a) 10 

epochs, (b) 20 epochs, and (c) 100-epochs. 

MobileNetV2 and the custom CNN offer the fastest 
inference, making them attractive for real-time screening 
scenarios in high-patient-volume or low-resource 
environments. Although VGG16 and DenseNet121 are slower, 
their superior accuracy justifies their use in settings where 
maximum diagnostic precision is prioritized over speed. 
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IV. DISCUSSION 

This study investigates the effectiveness of deep learning 
and transfer learning approaches for automated TB detection 
from CXR images. The experimental results demonstrate that 
pretrained CNNs, particularly VGG16 and MobileNetV2, 
achieve highly competitive performance in terms of accuracy, 
generalization, and robustness when combined with appropriate 
preprocessing, data augmentation, and regularization strategies. 
These findings provide insights into architectural selection, 
training behavior, and practical deployment considerations for 
TB screening applications. 

A. Performance of Deep Learning Architectures 

The VGG16 model attained state-of-the-art performance, 
achieving a test accuracy of 99.21%, outperforming existing 
models such as RF-HOGADM [33] (97.0%) and ResNet50 
[16] (91.0%), as summarized in Table IV. This performance is 
attributed to VGG16's deep hierarchical architecture, which 
facilitates the extraction of complex and abstract features from 
chest X-ray images. Furthermore, rigorous regularization 
techniques—including dropout and data augmentation—
effectively mitigated overfitting and enhanced model 
generalization. The model's classification metrics underscore 
its clinical reliability, achieving a precision of 1.00 for normal 
cases and 0.98 for TB-positive cases. These results indicate an 
extremely low false positive rate, a crucial requirement in 
clinical contexts where overdiagnosis can lead to unnecessary 
interventions. 

MobileNetV2 also demonstrated strong performance, 
achieving a test accuracy of 98.73% despite its lightweight 
design. This suggests its suitability for deployment in 
computationally constrained environments, where efficiency 
and diagnostic accuracy must be balanced. 

B. Comparison with Prior Works 

The comparative analysis focuses primarily on studies that 
employed the same or comparable TB CXR datasets. When 
different datasets were used, the reported results are discussed 
to provide contextual rather than strictly numerical 
comparisons. Compared to previous approaches, the proposed 
models demonstrated superior or comparable performance in 
key evaluation metrics. For example, the hybrid CNN-SVM 
model [34] achieved an accuracy of 96.5%, while our VGG16 
implementation outperformed it by 2.71%. Likewise, transfer 
learning-based models such as InceptionV3, DenseNet201, and 
VGG16 reported accuracies of 95.72%, 95.07%, and 90.0%, 
respectively [16, 31], all of which were surpassed by our 
VGG16 model's 99.21% (see Table IV). The RF-HOGADM 
method [33], while achieving a competitive accuracy of 97.0%, 
lacks the end-to-end learning capability of deep CNNs. In 
contrast, the proposed transfer learning-based models—
particularly VGG16 and MobileNetV2—utilize automated 
feature extraction and hierarchical representation learning, 
offering enhanced robustness and scalability across 
heterogeneous datasets. These comparative results confirm the 
effectiveness of deep learning and transfer learning, especially 
when paired with domain-specific preprocessing and robust 
regularization strategies. 

C. Training Efficiency and Generalization 

VGG16 and MobileNetV2 achieved similar high validation 
performance (≈98% accuracy) despite their architectural 
differences, indicating that strong generalization is not limited 
to lightweight models. VGG16 benefited from effective 
regularization, while MobileNetV2 achieved comparable 
performance with significantly lower computational cost. 
DenseNet121 exhibited slower convergence due to its depth, 
and the custom CNN showed overfitting at extended training 
duration. Overall, VGG16 and MobileNetV2 provide the best 
balance between accuracy and efficiency, making them suitable 
for deployment in both high-resource and low-resource clinical 
settings. 

D. Model Limitations and Clinical Implications 

The custom CNN exhibited performance variability, 
achieving 98.57% accuracy at 10 epochs but declining to 
97.46% at 100 epochs due to overfitting. Despite perfect 
training accuracy (100%), its lower test performance highlights 
the limited generalization of shallow, non-pretrained models 
for complex medical imaging tasks. The absence of residual 
connections and limited regularization further constrained 
robustness, which is consistent with prior findings reporting 
only 89% accuracy for shallow CNNs [36]. In contrast, all 
evaluated models demonstrated high recall values (0.98–1.00) 
for both normal and TB-positive classes, with VGG16 
achieving an ROC-AUC of 0.99 and a low false negative rate 
of 0.38%, which is critical for minimizing missed TB cases. 
MobileNetV2, with only 3.4 million parameters and 98.73% 
accuracy, offers an efficient solution for deployment in low-
resource settings. These results support the integration of deep 
learning-based diagnostic tools into national TB control 
programs, particularly in regions with limited radiology 
expertise. 

E. Inference Speed, Limitations, and Future Work 

Although accuracy remains the primary metric for medical 
image classification, inference speed is a crucial factor for real-
world deployment, particularly in high-volume patient 
environments or with resource constraints. The results in Table 
III show that MobileNetV2 and the custom CNN achieved the 
fastest inference times, which makes them suitable for rapid 
screening applications. In contrast, VGG16 and DenseNet121, 
while slower, delivered the highest diagnostic accuracy, 
making them more appropriate for settings where precision 
outweighs processing speed.  

Despite the strong performance of the proposed models, 
several limitations remain. Patient-level data separation could 
not be strictly enforced due to the absence of reliable patient 
identifiers introduce a potential risk of data leakage. 
Additionally, no external validation dataset or k-fold cross-
validation was employed, which may limit the generalizability 
and statistical robustness of the results. Finally, model 
interpretability was not addressed in this study; future work 
will incorporate explainability techniques such as Grad-CAM 
to enhance clinical trust and adoption. 
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TABLE IV.  COMPARATIVE PERFORMANCE OF VARIOUS MODELS 

Model Dataset Approach Accuracy (%) Precision Recall F1-Score 

ConvNet [16] Multi-source Supervised CNN 87.0 88.0 87.0 87.0 

VGG16 [16] Multi-source Transfer learning 90.0 91.0 91.0 91.0 

CNN + SVM [34] Dataset XYZ Hybrid 96.5 97.4 95.9 -- 

CNN [35] Dataset ABC Supervised 81.3 80.0 81.0 80.0 

RF-HOGADM [33] Dataset DEF Feature-based ML 97.0 97.0 97.0 97.0 

CNN [36] Multi-source Transfer learning 89.0 85.0 91.0 89.0 

InceptionV3 [31] Multi-source Transfer learning 95.72 95.92 -- 95.73 

VGG19 [31] Multi-source Transfer learning 95.80 95.92 -- 95.80 

DenseNet201 [31] Multi-source Transfer learning 95.07 95.27 -- 95.07 

MobileNet [31] Multi-source Transfer learning 94.33 94.65 -- 94.32 

CNN [36] multi-source TSSG-CNN 98.75 97.44 -- 98.70 

CNN [37] multi-source Supervised CNN 97.55 -- -- -- 

CNN + ViT (CoAtNet) [38] Multi-source Hybrid 86.39 89.24 82.70 85.85 

VGG16 (Proposed) Multi-source Transfer learning 99.2 98.0 98.0 98.0 

MobileNetV2 (Proposed) Multi-source Transfer learning 98.7 100.0 95.0 98.0 

CNN (Proposed) Multi-source Lightweight CNN 98.6 96.0 96.0 96.0 

 

V. CONCLUSION 

This study demonstrates the effectiveness of deep learning 
models, particularly VGG16 and MobileNetV2, for high-
accuracy TB detection from chest X-ray images. VGG16 
achieved state-of-the-art performance with 99.21% accuracy, 
an F1-score of 0.98, and a ROC-AUC of 0.99, surpassing 
existing methods by 2.21–17.91%. MobileNetV2, with 98.73% 
accuracy and an inference speed of ~12 ms/image, offers an 
optimal balance between diagnostic precision and 
computational efficiency, making it highly suitable for 
deployment in resource-constrained or high-throughput clinical 
settings. The custom CNN achieved the fastest processing (~9–
9.5 ms/image) but exhibited overfitting during extended 
training. The integration of multi-source datasets, stratified data 
splitting, and adaptive augmentation strategies enhanced model 
generalizability across diverse imaging sources. These results 
highlight the importance of combining architectural depth, 
efficient inference, and robust training protocols to bridge the 
gap between research and practical deployment. Future work 
should explore hybrid architectures that unify accuracy and 
speed, integrate explainable AI techniques to strengthen 
clinical trust, and conduct large-scale, multi-center validation 
to ensure equitable and reliable AI-driven TB diagnostics. 
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