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Abstract 
 
Tuberculosis (TB) remains a major global health threat, particularly in low-resource 
settings where timely diagnosis is critical yet often limited by the lack of radiological 
expertise. Chest X-rays (CXRs) are widely used for TB screening, but manual interpretation 
is prone to errors and variability. While deep learning has shown promise in automating 
CXR analysis, most existing models are computationally intensive and lack interpretability, 
limiting their deployment in real-world clinical environments. Three lightweight and 
explainable CNN architectures were evaluated to address this gap: ShuffleNetV2, 
SqueezeNet 1.1, and MobileNetV3. These models were assessed for binary TB 
classification using a locally sourced dataset comprising 3,008 CXR images. Transfer 
learning and Gradient-weighted Class Activation Mapping (Grad-CAM) were applied to 
provide visual explanations. MobileNetV3 and ShuffleNetV2 achieved perfect test 
performance, with 100% accuracy, sensitivity, specificity, precision, and F1-score. Both 
models also recorded AUC scores 1.00, with inference times of 94.66 and 103.63 seconds, 
respectively. SqueezeNet performed moderately, with a lower F1-score of 82.98% and 
several misclassifications. These results demonstrate that lightweight CNNs can deliver 
high diagnostic accuracy and transparency, supporting their use in scalable, AI-assisted 
TB screening systems for underserved healthcare settings. 
 

 

Copyright: © 2025 by the authors. This is an open-access article distributed under the 
terms of the Creative Commons Attribution-NonCommercial 4.0 International License. 
(https://creativecommons.org/licenses/by-nc/4.0/) 

1. Introduction 

Tuberculosis (TB) remains a major global health threat 
and is once again the leading cause of death from a single 
infectious agent worldwide, after being surpassed by 
COVID-19 for three years. In 2023, an estimated 10.8 
million people contracted TB, including 6.0 million men, 
3.6 million women, and 1.3 million children, with 
approximately 1.25 million deaths attributed to the 
disease [1].  

Early and accurate diagnosis of TB is critical to reducing 
transmission and ensuring timely treatment initiation. 
Chest X-rays (CXRs) remain among the most accessible 
and cost-effective tools for pulmonary TB screening, 
particularly in low-resource settings such as rural clinics, 
mobile health units, and correctional facilities [2]. 
However, interpreting CXRs accurately requires 
experienced radiologists, who are often scarce or 
unavailable in these environments [3]. Manual  
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Figure 1. Workflow of the proposed TB classification system using chest X-rays. 
 
interpretation introduces variability due to reader 
fatigue, differences in training, and inconsistent 
diagnostic standards [4]. Subtle radiographic signs of 
early-stage TB, such as faint infiltrates or minor 
cavitations, are frequently missed, increasing the risk of 
undiagnosed cases. In high-burden regions with limited 
personnel and high patient throughput, these limitations 
contribute to diagnostic delays and inappropriate 
treatment. To address this, there is a growing need for 
automated TB classification tools that can operate 
reliably on portable devices, achieve clinically acceptable 
sensitivity and specificity, and integrate smoothly into 
frontline workflows as decision-support systems, rather 
than replacements for radiologists. 

In recent years, deep learning, particularly convolutional 
neural networks (CNNs), has revolutionized medical 
image analysis by offering automated, accurate, and 
scalable solutions for disease classification, lesion 
detection, and segmentation [5–7]. CNNs have shown 
strong performance in various radiological applications, 
including pneumonia detection [8], lung nodule 
classification [9], and TB screening [10]. These models 
learn complex hierarchical representations directly from 
pixel data, enabling them to outperform traditional 
machine learning techniques that rely on hand-crafted 
features [11]. 

Several studies have successfully applied deep CNNs 
such as ResNet [12], DenseNet [13], and VGG [14] to 
detect TB in CXRs with high accuracy. While these models 
achieve promising diagnostic performance, they are 
often computationally intensive and require substantial 
memory and processing power, limiting their practical 
use in real-time or edge-based diagnostic systems [15]. 
Additionally, most existing models lack transparency, 
providing little insight into the rationale behind their 
predictions, which hinders clinical adoption [16]. 

Although deep learning has significantly advanced TB 
classification from CXRs, most high-performing models 
rely on large, computationally intensive architectures 
unsuitable for mobile or resource-constrained settings 
[17]. At the same time, while more feasible for 
deployment, lightweight models often suffer from 
reduced diagnostic accuracy and limited interpretability 
[18]. Moreover, few existing approaches incorporate 
visual explanation techniques, such as class activation 
maps, to aid clinicians in understanding model 
predictions [16]. This combination of low efficiency, lack 
of transparency, and uncertain diagnostic performance 
in lightweight solutions underscores a critical gap: the 
need for TB classification models that are both 
interpretable and optimized for deployment in low-
resource environments. 

This study aims to develop and evaluate lightweight and 
interpretable CNN models for automated TB 
classification from CXR images to address existing 
limitations. The performance of three efficient deep 
learning architectures is investigated: SqueezeNet, 
ShuffleNetV2, and MobileNetV3. A dataset comprising 
TB-positive and normal CXRs is used for training and 
evaluation. Gradient-weighted Class Activation Mapping 
(Grad-CAM) is incorporated to visualize and interpret 
model predictions, which enhances clinical trust and 
supports decision-making. The objective is to provide a 
fast, accurate, and explainable AI solution suitable for 
deployment in real-world, resource-constrained 
healthcare settings. 

2. Materials and Methods 

The proposed TB classification framework is illustrated in 
Figure 1, outlining the overall workflow. It begins with a 
curated normal and TB-positive CXR image dataset, 
followed by systematic data preprocessing and  
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Figure 2. Sample chest X-ray images from the dataset. (a) Normal cases with clear lung fields. (b) Tuberculosis-positive cases show 
abnormalities such as infiltrates, opacities, or cavitary lesions. 

 

augmentation. Three lightweight CNN architectures, 
ShuffleNetV2, SqueezeNet 1.1, and MobileNetV3, are 
utilized to perform automated TB classification. These 
models undergo training and evaluation using 
performance metrics tailored for medical image analysis. 
Finally, Grad-CAM visualizes model attention regions, 
enhancing interpretability and clinical trust. 

2.1. Dataset Description 

The dataset used in this study, contributed by Kiran and 
Jabeen via Mendeley Data [19], comprises 3,008 
posterior-anterior view CXR images collected from a local 
hospital in Pakistan. It includes 2,494 images of 
confirmed TB cases and 514 normal (healthy) CXR 
images, annotated based on clinical diagnosis and 
radiological findings. Representative examples of normal 
and TB-positive CXR images are shown in Figure 2. 

2.2. Data Preprocessing and Augmentation 

All CXR images were resized to 224×224 pixels to match 
the input dimensions required by the selected deep 
learning models, which are commonly pre-trained on 
ImageNet at this resolution [20]. This standard size 
balances computational efficiency with sufficient spatial 
detail for feature extraction. The dataset was randomly 
split into 70% for training, 20% for validation, and 10% for 
testing, with a fixed random seed to ensure 
reproducibility [21].  

A comprehensive data augmentation pipeline was 
applied exclusively to the training set to enhance model 
generalization and reduce overfitting. These 
augmentations simulate real-world variations in CXR 
imaging, including changes in orientation, lighting, 
position, and artifacts or occlusions [22]. The validation 
and test sets were processed using only resizing and 

normalization to preserve the integrity of model 
evaluation. Table 1 summarizes the augmentation 
techniques applied during training. 

All images were normalized using the standard ImageNet 
mean and standard deviation [23]. Data were loaded 
using PyTorch’s DataLoader, with a batch size 32. Training 
data were shuffled on each epoch, while validation and 
test sets were fixed. This preprocessing strategy ensures 
that the models are trained on a diverse and realistic 
distribution of X-ray appearances, improving their 
robustness and generalization performance across 
unseen cases. 

2.3. Model Architectures 

Three state-of-the-art lightweight CNN architectures 
were selected to balance diagnostic accuracy, 
computational efficiency, and model interpretability: 
ShuffleNetV2, SqueezeNet 1.1, and MobileNetV3. These 
models are specifically designed for deployment in 
resource-constrained environments, offering reduced 
model size and faster inference times without significant 
compromises in classification performance. Each 
architecture was chosen to represent a different design 
strategy for efficient deep learning: ShuffleNetV2 for its 
high throughput and low memory cost, SqueezeNet for 
its extreme parameter reduction, and MobileNetV3 for its 
advanced optimization techniques tailored to mobile 
platforms. This diversity allows for a comprehensive 
comparison of performance, efficiency, and explainability 
in the context of TB classification. 

2.3.1. ShuffleNetV2 

ShuffleNetV2 is an efficient CNN architecture tailored for 
high-speed and low-memory operations, particularly on 
mobile and embedded devices [24]. It improves upon its  
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Table 1.  Summary of data augmentation techniques applied. 

Transformation Purpose 
Random Resized Crop Introduces spatial variability by cropping and scaling image regions 
Random Horizontal Flip Simulates anatomical symmetry and positional variation 
Random Rotation (±15°) Accounts for patient posture and slight angle differences 
Color Jitter Mimics variations in brightness, contrast, saturation, and hue 
Random Affine Translation Introduces small translations to simulate changes in image acquisition 
Random Erasing Simulates occlusions and artifacts commonly present in medical imaging 
Normalization (ImageNet) Standardizes pixel intensity values for stable training 

 
predecessor by addressing key limitations such as 
memory access cost (MAC) and parallelism. The network 
employs channel splitting, shuffling, and pointwise group 
convolutions to reduce computational complexity while 
maintaining high feature representation capacity. In this 
study, the 1.0× version of ShuffleNetV2 with ImageNet 
pre-trained weights was implemented and subsequently 
fine-tuned on the TB dataset. A global average pooling 
layer was appended to the final convolutional output, 
followed by a fully connected classification head with a 
sigmoid activation function for binary TB classification. 

2.3.2. SqueezeNet 1.1 

SqueezeNet 1.1 is a compact deep learning model that 
significantly reduces the number of parameters (fewer 
than 1.25 million) while maintaining comparable accuracy 
to larger models like AlexNet [25]. The core building block 
of SqueezeNet is the Fire module, which combines a 
“squeeze” layer using 1×1 filters and an “expand” layer 
that applies a mix of 1×1 and 3×3 filters. The 1.1 version 
offers a smaller model size and improved inference 
speed, making it suitable for edge-based TB screening 
applications. The final architecture used in this study 
consists of the standard SqueezeNet 1.1 backbone with a 
modified classification head, including dropout 
regularization and a sigmoid activation to support binary 
classification. 

2.3.3. MobileNetV3 

MobileNetV3, the most advanced among the selected 
models, integrates innovations such as squeeze-and-
excitation (SE) modules, hard-swish activations, and 
efficient depthwise separable convolutions [26]. These 
enhancements enable it to achieve superior trade-offs 
between speed and accuracy. The MobileNetV3-Small 
variant, optimized for low-latency inference on mobile 
devices, was adopted in this study. The model was 
initialized with weights pre-trained on ImageNet and fine-
tuned using the TB dataset. A custom classification layer, 
consisting of global average pooling, a dropout layer 
(p=0.2), and a final dense layer with sigmoid activation, 
was appended to output TB probability scores. 

 

2.4. Training Procedure 

All models were trained using transfer learning, with 
weights initialized from ImageNet-pretrained networks. 
Feature extraction layers were frozen during early epochs 
to retain general visual representations [27]. Fine-tuning 
was subsequently applied to all layers to optimize 
performance on the TB classification task. 

Model training was conducted using the Adam optimizer 
with a learning rate 0.001 and a weight decay of 1×10-6 to 
prevent overfitting. The objective function used was 
categorical cross-entropy, which is suitable for binary 
classification. To adaptively adjust the learning rate, a 
ReduceLROnPlateau scheduler was employed, which 
monitored the validation loss and reduced the learning 
rate by a factor of 0.1 if no improvement was observed 
for three consecutive epochs. A batch size 32 was used 
for all training runs, and models were trained for a 
maximum of 10 epochs. All experiments used PyTorch on 
a GPU-enabled system to accelerate training and 
inference. 

2.5. Evaluation Metrics 

A comprehensive set of evaluation metrics was employed 
to evaluate the performance of the proposed CNN 
models for TB classification. These metrics provide a 
holistic understanding of model effectiveness, especially 
in a medical context where false positives and negatives 
carry significant clinical implications [28]. 

• Accuracy measures the overall proportion of correct 
predictions, indicating how often the model 
classifies CXRs correctly. 

• Precision reflects the proportion of true TB cases 
among all instances predicted as TB-positive. High 
precision is important to minimize false alarms. 

• Sensitivity quantifies the model's ability to detect 
actual TB cases correctly. High sensitivity is critical in 
TB screening to avoid missed diagnoses. 

• Specificity evaluates the model’s ability to correctly 
identify normal (non-TB) cases, ensuring that 
healthy individuals are not misclassified. 
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Figure 3. Model loss and accuracy for (a) ShuffleNetV2; (b) SqueezeNet; (c) MobileNetV3. 
 
• F1-Score is the harmonic mean of precision and 

sensitivity. It provides a balanced measure, 
especially useful in datasets with class imbalance. 

In addition to reporting scalar metrics, Receiver 
Operating Characteristic (ROC) curves were visualized for 
each model to provide an intuitive understanding of 
classification behavior across different thresholds [29, 
30]. This visualization supports better clinical 
interpretability and trust in model decisions. 

2.6. Explainability with Grad-CAM 

To enhance model interpretability, Grad-CAM was used 
to visualize the regions of CXRs that influenced each 
model’s predictions [31]. Grad-CAM produces heatmaps 
that highlight important areas in the image by tracing 
gradients back to the final convolutional layers [32]. 

For each model, including ShuffleNetV2, SqueezeNet 1.1, 
and MobileNetV3, Grad-CAM was applied to two 
representative test images: one TB-positive case and one 
normal case. In TB cases, the models focused on regions 
showing typical abnormalities such as infiltrates or 
cavitations. The activation was diffuse or minimal for 
normal cases, consistent with the absence of disease. 

3. Results and Discussion 

The performance of the three lightweight CNN models 
was evaluated over 10 training epochs using training and 
validation accuracy and loss curves. Figure 3 shows that 
ShuffleNetV2 demonstrated rapid convergence and 
stable learning behavior. Its training and validation losses 
decreased consistently, while validation accuracy quickly 
plateaued near 99%, indicating strong generalization and 
minimal overfitting. This suggests that ShuffleNetV2 is 
well-suited for the TB classification, balancing 
performance and efficiency. 

SqueezeNet exhibited more fluctuations in both 
validation loss and accuracy. Although the model 
eventually achieved over 90% validation accuracy, its 
instability across epochs, evident in the jagged curves, 
suggests sensitivity to hyperparameters or limited 
capacity to capture complex features. This may be due to 
its compact architecture, which trades off depth for 
speed. MobileNetV3 achieved high performance with 
accuracy exceeding 98% on both training and validation 
sets. However, Figure 3 shows a noticeable spike in 
validation loss and dip in accuracy around epoch 5, 
indicating a brief overfitting or instability phase. 
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Table 2. Test the performance and inference time of each model. 

Model Time (s) Accuracy 
(%) 

Precision 
(%) 

Sensitivity 
(%) 

Specificity 
(%) 

F1-Score 
(%) 

ShuffleNetV2 103.63 100.00 100.00 100.00 100.00 100.00 
SqueezeNet 101.02 94.70 79.59 86.67 96.11 82.98 
MobileNetV3 94.66 100.00 100.00 100.00 100.00 100.00 

 

  
(a) (b) 

 
(c) 

Figure 4. Confusion matrices for test set predictions using (a) ShuffleNetV2, (b) SqueezeNet, and (c) MobileNetV3. 
 
Nevertheless, the model recovered well, showing strong 
final performance and generalization. 

Table 2 summarizes the test set's quantitative results, 
including accuracy, precision, sensitivity, specificity, F1 
Score, and inference time. ShuffleNetV2 and 
MobileNetV3 achieved perfect scores across all 
evaluation metrics, indicating exceptional performance 
distinguishing TB-positive from normal CXRs. Their 
sensitivity and specificity, reaching 100%, suggest no false 
negatives or false positives in the test samples, which is 
especially critical in clinical settings.  

While still performing reasonably well, SqueezeNet 
lagged behind the other two models. It achieved an 
accuracy of 94.70%, with a notably lower precision of 
79.59% and an F1-score of 82.98%. These values suggest 
the model misclassified several normal cases as TB or 
failed to identify all TB-positive cases, impacting its 
clinical reliability. 

Regarding inference time, MobileNetV3 was the fastest, 
completing test set evaluation in 94.66 seconds, followed 
closely by SqueezeNet (101.02 s) and ShuffleNetV2 
(103.63 s). The small difference in execution times further 
supports the viability of all three models for real-time or 

edge-based deployment, although MobileNetV3 offers a 
slight computational advantage. 

To understand model behavior further, confusion 
matrices were generated for each CNN using the test set, 
as shown in Figure 4. ShuffleNetV2 and MobileNetV3 
achieved perfect classification, correctly identifying all 
normal and TB-positive cases without misclassifying. This 
outcome reinforces the earlier quantitative metrics, 
confirming these models' high sensitivity and specificity. 

In contrast, SqueezeNet misclassified 16 cases; six 
normal cases were incorrectly predicted as TB (false 
positives), and 10 TB cases were incorrectly labeled as 
normal (false negatives). This pattern suggests that 
SqueezeNet may struggle to distinguish subtle 
radiographic features that separate early-stage TB from 
normal findings, or vice versa. False negatives, in 
particular, may result from the model failing to capture 
less prominent signs of TB, such as faint infiltrates or 
minimal cavitations. Meanwhile, the false positives could 
indicate that the model is overly sensitive to nonspecific 
lung opacities or artifacts that resemble TB-like patterns. 
These misclassifications contribute to the lower precision  
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Figure 5. ROC curves for ShuffleNetV2, SqueezeNet, and MobileNetV3, with corresponding AUC values. 
 
and F1-score observed in Table 2. Although SqueezeNet 
remains lightweight and reasonably accurate, its higher 
rate of false positives and negatives limits its suitability 
for clinical deployment, where diagnostic errors can delay 
treatment or lead to unnecessary interventions. 

ROC analysis assessed each model's discriminative 
capability across various threshold settings. As shown in 
Figure 5, both ShuffleNetV2 and MobileNetV3 achieved 
an AUC of 1.00, indicating perfect separation between TB-
positive and normal cases. This confirms their earlier 
performance metrics and reflects excellent model 
confidence and reliability. 

While still performing well, SqueezeNet achieved a 
slightly lower AUC of 0.98. This aligns with its reduced 
precision and sensitivity, suggesting occasional 
misclassification near the decision boundary. Despite 
this, the AUC remains high, indicating a strong capability 
to distinguish between the two classes. 

Grad-CAM visualizations were generated for a 
representative normal case and a TB-positive case to 
assess model interpretability, as illustrated in Figure 6. All 
three models, ShuffleNetV2, SqueezeNet, and 
MobileNetV3, correctly predicted both cases, but the 
confidence and attention maps varied. 

For the normal case, MobileNetV3 and ShuffleNetV2 
showed high confidence (100% and 99.00%, respectively). 
They focused activation on lung regions that appeared 
radiologically normal, indicating that the models did not 
rely on irrelevant features. SqueezeNet also predicted the 
case as normal but with significantly lower confidence 
(69.13%), and its activation map showed less 
concentrated attention, possibly explaining its less stable 
performance overall. 

In the TB-positive case, all three models again provided 
correct predictions with high confidence, and their Grad-
CAM maps highlighted pathological regions typically 
associated with TB, such as localized opacities. 
ShuffleNetV2 and MobileNetV3 produced sharper, more 
focused activation in the affected lung zones, while 
SqueezeNet’s map was more diffuse, though still aligned 
with abnormal areas. 

These visualizations confirm that the best-performing 
models achieved high accuracy and made predictions 
based on medically relevant image regions. This 
strengthens their case for use in clinical decision support, 
particularly in low-resource settings where explainability 
is crucial. 

Based on the results, ShuffleNetV2 and MobileNetV3 
outperformed SqueezeNet across all key evaluation 
metrics. Both models achieved 100% accuracy, precision, 
sensitivity, specificity, and F1-score on the test set. Their 
ROC curves showed perfect AUC values (1.00), and their 
confusion matrices indicated no misclassifications, 
highlighting their strong performance in distinguishing 
TB-positive from normal cases.  

However, these perfect metrics should be interpreted 
with caution. Although the results are promising, they 
may not fully capture the variability and complexity of 
real-world clinical settings. Image quality, patient 
diversity, and atypical presentations can affect model 
reliability. Further evaluation on larger and more 
heterogeneous external datasets is necessary to validate 
these findings and assess generalizability. 

In comparison, SqueezeNet performed reasonably well 
but with lower effectiveness. It achieved an accuracy of 
94.70 percent, a precision of 79.59 percent, and an F1-
score of 82.98 percent. Its confusion matrix revealed 16  
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Figure 6. Grad-CAM visualizations showing model predictions, confidence scores, and highlighted regions for a normal and a TB-positive 
chest X-ray. 

 
misclassifications, and its AUC was slightly lower at 0.98, 
indicating reduced clinical reliability. 

MobileNetV3 had the shortest inference time (94.66 
seconds), making it the most computationally efficient 
option. ShuffleNetV2 was slightly slower but similarly 
accurate and stable during training. SqueezeNet, while 
efficient, showed instability in its training curves and 
attention maps and reduced confidence in predictions. 

Grad-CAM results further supported the quantitative 
findings. ShuffleNetV2 and MobileNetV3 produced 
focused and clinically meaningful activation maps with 
high prediction confidence. In contrast, SqueezeNet’s 
explanations were less localized and its confidence 
varied, indicating potential limitations in feature learning. 

These findings indicate that ShuffleNetV2 and 
MobileNetV3 are highly effective for TB classification in 
CXRs, combining strong accuracy, speed, and 
interpretability. MobileNetV3 may be particularly well 
suited for real-time or mobile deployment scenarios due 
to its faster inference and stable performance. 
Meanwhile, ShuffleNetV2 remains a robust alternative, 
especially in settings where training consistency and 

resilience are key. SqueezeNet, despite its compact 
architecture, may benefit from further refinement to 
achieve diagnostic performance comparable to the other 
models. 

While the proposed models demonstrated strong 
performance in TB classification, several limitations 
should be acknowledged. First, the dataset used in this 
study was sourced from a single hospital in Pakistan, 
which may limit the generalizability of the models to 
other populations, imaging equipment, or clinical 
settings. Diverse, multi-center datasets are essential to 
ensure broader applicability and robustness across real-
world deployments. Second, although the models 
achieved near-perfect accuracy on the test set, the 
dataset was imbalanced, with a higher proportion of TB-
positive cases. This imbalance may have influenced 
learning dynamics and should be addressed in future 
work through strategies such as data resampling or cost-
sensitive training. 

Another limitation is the binary classification framework. 
While useful for TB screening, real-world diagnosis often 
involves distinguishing TB from other lung diseases such 
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as pneumonia, lung cancer, or chronic obstructive 
pulmonary disease. Extending the models to multi-class 
classification would improve their clinical utility. Grad-
CAM offers only coarse localization and is limited in 
interpreting deeper feature interactions or explaining 
misclassifications in complex cases. Future work could 
explore more advanced explainability techniques, such 
as layer-wise relevance propagation or attention-based 
models, to provide richer insights into model decisions. 

Finally, while the current models are suitable for offline 
analysis or use in edge devices, real-time clinical 
deployment would benefit from integration into user-
friendly mobile or web-based platforms. Future 
directions include deploying these models in field 
settings, conducting prospective validation, and 
incorporating clinician feedback to improve performance 
and usability iteratively. 

4. Conclusions 

This study demonstrated the effectiveness of lightweight 
and explainable CNN models, ShuffleNetV2, SqueezeNet 
1.1, and MobileNetV3, for automated TB classification 
using CXR images. Among them, ShuffleNetV2 and 
MobileNetV3 achieved perfect classification performance 
with high efficiency and clinically meaningful visual 
explanations via Grad-CAM, making them suitable for 
deployment in resource-constrained healthcare settings. 
MobileNetV3, in particular, offered the best trade-off 
between speed and accuracy, while ShuffleNetV2 
provided strong training stability. In contrast, 
SqueezeNet showed reduced reliability and confidence in 
predictions. The findings support integrating efficient 
deep learning models into TB screening workflows, 
especially where expert radiological support is limited. 
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