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Tuberculosis Detection; Tuberculosis (TB) remains a significant global health challenge, requiring rapid and
EfficientNet-BO; accurate diagnostic tools to prevent transmission. Chest X-ray (CXR) imaging is a
CLAHE; primary screening method, yet manual interpretation is often subjective and prone to
Deep Learning; inconsistency. This study proposes an efficient automated detection framework using
Medical Imaging. the EfficientNet-BO0 architecture integrated with Contrast Limited Adaptive Histogram

Equalization (CLAHE). The research utilizes the Shenzhen Dataset, employing
CLAHE to enhance the visibility of pulmonary features by mitigating non-uniform
illumination in radiographs. The model was modified with a Global Average Pooling
(GAP) layer and a 0.5 dropout rate to optimize performance for binary classification.
Experimental results demonstrate that the proposed framework achieved an Accuracy
of 86.47%, a Sensitivity of 76.47%, a high Precision of 96.30%, a Specificity of
96.92%, and an Area Under the Curve (AUC) of 0.9355. Furthermore, the model
exhibits high computational efficiency with a compact size of 15.29 MB and only 4.01
million parameters, outperforming heavier architectures like ResNet-50 while
maintaining a remarkably low false-positive rate. This study concludes that the
combination of CLAHE-based enhancement and EfficientNet-BO provides a robust,
highly specific, and lightweight solution for TB screening, particularly suitable for
deployment in resource-constrained clinical environments.
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1. INTRODUCTION

Tuberculosis (TB) remains a major global health threat, consistently ranking as one of the leading causes of
death from a single infectious agent worldwide [1]. The World Health Organization (WHO) emphasizes that early and
accurate screening is pivotal in reducing mortality rates and preventing community transmission [2]. Chest X-ray
(CXR) imaging is widely recognized as a primary screening tool due to its accessibility and cost-effectiveness [3],
[4]. However, the interpretation of CXR images is highly dependent on the availability of expert radiologists, whose
scarcity in high-burden, low-resource settings often leads to diagnostic delays and subjective variability [5], [6].

In recent years, Deep Learning (DL) and Convolutional Neural Networks (CNNs) have demonstrated remarkable
potential in automating TB detection [7], [8], [9]. Despite their success, many existing models utilize heavy
architectures such as VGG or ResNet-50 [10], which demand significant computational resources and memory [11].
In clinical environments with limited hardware infrastructure, the deployment such models is impractical.
Furthermore, CXR images often suffer from poor contrast and noise, which can obscure subtle pathological features
like infiltrates of pleural effusions, leading to suboptimal model sensitivity [12], [13], [14].

There is a critical need for an optimized diagnostic framework that balances high predictive accuracy with
computational efficiency [15]. This study addresses this gap by implementing EfficientNet-B0, an architecture that
utilizes compound scaling to achieve state-of-the-art performace with significantly fewer parameters [16], [17], [18].
To enhance the sicriminative power of the model, we integrate Contrast Limited Adaptive Histogram Equalization
(CLAHE) as a preprocessing step to normalize image contrast and emphasize pulmonary abnormalities [19], [20],[21],
[22].
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The primary contributions of this research are twofold:
1. We evaluate the effectiveness of the CLAHE-enhanced EfficientNet-B0O framework on the Shenzen dataset,

focusing on clinical metrics such as AUC, Recall, and F1-Score.
2. We provide a rogorous compartive analysis against established benchmarks, including ResNet-50 and MobileNet-
V2, to demonstrate the superior trade-off between efficiency and diagnostric accuracy.

2. RESEARCH METHODS

The research was carried out through several systematic stages, integrating image enhancement, deep feature
extraction, and comprative evaluation to ensure a robust diagnostic framework. The methodology is designed to be
replicable and emphasizes the trade-off between accuracy and computational efficiency in a medical context.

2.1 Dataset and Data Splitting

The study utilized the Shenzhen Chest X-ray dataset, which is a widely recognized benchmark for automated
Tuberculosis (TB) detection. The dataset consists of 662 digital radiographs, comprising 326 normal cases and 336
TB-positive cases. Figure 1 highlights distinct radiological patterns, such as pulmonary infiltrates, which become more
prominent after enhancement.

(a) Normal - Original (b) Tuberculosis - Original

Figure 1. Sample Images from the Shenzhen Dataset Showing (a) Normal-original, (b Tuberculosis-Original,
(¢) Normal-CLAHE Enhanced, and (d) Tuberculosis-CLAHE Enhanced

To ensure data validity and reliability, the images were rogorously divided into three subsets: 70% for training,
10% for validation, and 20% for final testing. This rigorous data splitting ensures that the model is tested on unseen
data, providing an objective measure of its generalization capability in real-world clinical environments. The
frequency distribution of the dataset categories for each subset is detailed in Table 1.

Table 1. Distribution Frequency

No Subset Normal Tuberculosis Total
1. Training 228 235 463
2. Validation 33 33 66

3. Testing 65 68 133

2.2 Image Enhancement using CLAHE

To address the challanges of inconsistent illumination and low contrast inherent in digital chest radiographs, this
study implemented Contrast Limited Adaptive Histogram Equalization (CLAHE) as a critical preprocessing step.
Unlike standard global histogram equalization, which may over-amplify noise in relatively homogeneous regions,
CLAHE operates on localized tiles to enhance edge definitions and structural details. In this research, each radiograph
was partitioned into a tile grid size of 8x8, with a clip limit set at 2.0 to prevent the over-saturation of gray-level
intensities.

The application of CLAHE is pivotal for emphasizing subtle pathological markers of Tuberculosis, such as
micronodular opacities and pleural thickenings, which are often obscured in raw images. As demonstrated in Figure
1 (c) and (d), the enhancement process effectively normalizes the dynamic range and sharpens the contrast between
pulmonary tissues and infectious lesions. By providing a more discriminative input, this stage facilitates the
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EfficientNet-BO0 architecture in extracting more robust and semantically meaningful features during the deep learning
training process.

2.3 Proposed Model: EfficientNet-BO

The primary architecture proposed in this study is EfficientNet-B0, which was selected for its superior capability
in balancing model complexity and diagnostic accuracy. Unlike conventional convolutional neural networks that scale
depth, width, or resolution independently, EfficientNet utilizes a compound scaling method. This approach uses a
fixed compound coefficient to scale all three dimensions uniformly, ensuring that the model captures intricate
pulmonary textures essential for Tuberculosis (TB) detection without excessive computational overhead.
The backbone of EfficientNet-B0 consists of Mobile Inverted Bottleneck Convolution (MBConv) blocks, which
integrate Squeeze-and-Excitation (SE) mechanisms to enhance the representation of critical features in chest
radiographs. To optimize the architecture for binary medical classification, several modifications were implemented:
1. Global Average Pooling (GAP): This layer replaces traditional flattening to reduce the spatial dimensions of the
feature maps into a single vector. GAP significantly lowers the number of parameters, thereby mitigating the risk
of overfitting.

2. Dropout Layer: A dropout rate of 0.5 is applied before the final classification stage. This serves as a regularization
technique to improve the model's generalization performance on unseen clinical data.

3. Classification Head: A dense layer with a single neuron and a Sigmoid activation function is integrated as the
final output layer to produce a probability score for TB detection.

The detailed architecture of the proposed EfficientNet-B0O framework, including the integration of the CLAHE
preprocessing stage, is illustrated in Figure 2. This streamlined yet powerful architecture is designed to meet the
demands of resource-constrained medical environments while maintaining high sensitivity in screening infectious
diseases.
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Figure 2. EfficientNet-BO Architecture
2.4 Training Setup and Hyperparameters

The proposed EfficientNet-BO architecture was trained using a transfer learning strategy initialized with pre-
trained weights from the ImageNet dataset. All input radiographs were resized to a standardized dimension of
224 x 224 pixels, corresponding to the default input resolution of the EfficientNet-B0 backbone. Model training was
conducted with the following configuration:

1. Loss Function: Binary Cross-Entropy Loss (BCEWithLogitsLoss), suitable for binary classification tasks.
2. Optimizer: Adam optimizer with an initial learning rate (a) of 1 X 10~* and momentum parameters f; =

0.9,5, = 0.999.

3. Batch Size: 16 images per batch to optimize memory usage while preserving gradient stability.
4. Epochs & Regularization: The training was run for a maximum of 50 epochs with an early stopping patience of

7 epochs based on validation loss monitoring.

2.5 Performance Evaluation Metrics

To evaluate the classification performance and clinical reliability of the proposed framework, standard statistical
metrics derived from the confusion matrix were computed: True Positive (TP), True Negative (TN), False Positive
(FP), and False Negative (FN).

Measures the overall proportion of correctly classified normal and TB radiographs relative to all evaluated
samples. It is calculated using the following equation 1.

_ TP+TN o
Accuracy = TPTTNIFPIEN X 00Dttt ettt et h ettt a e e b b et e bt b e sbeesates (1)
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Sensitivity (Recall) Assesses the model's effectiveness in correctly identifying actual positive Tuberculosis cases,
which is crucial for minimizing false negatives in clinical screening.

. TP
= 0,
Sensitivity Tprrn X T00DD ettt b e b st e b et bt et e a e bt et e beenaesaeen 2)
Precision, evaluates the proportion of true Tuberculosis cases among all instances predicted as positive.
TP
o 0
Precision morpp X TI00D0 ettt et h et h et e he et s ae e naeenaeeaeen 2)

The F1-Score The harmonic mean of Precision and Sensitivity, offering a balanced assessment under slightly
imbalanced data conditions.

Precision X Sensitivity

F1 — Score = 2 X X 100%

Precision+ Sensitivity

Area Under the Curve (AUC) Measures the diagnostic ability of the classifier across various decision thresholds,
where a value closer to 1.0 indicates superior discrimination between normal and TB.

3. RESULTS AND DISCUSSION
3.1 Classification Performance Analysis

The classification performance of the proposed CLAHE-enhanced EfficientNet-BO framework was thoroughly
evaluated on an independent testing set comprising 133 radiographs (68 Tuberculosis cases and 65 Normal cases).
The model's diagnostic efficacy was benchmarked against two standard convolutional architectures: ResNet-50 and
MobileNet-V2. A comprehensive comparison of the evaluation metrics is summarized in Table 2.

Table 2. Comparative Performance Results on the Testing Set
No Model Architecture  Accuracy  Sensitivity Precision  specificity F1-Score AUC
I. EfficientNet-BO 86.47% 76.47% 96.30% 96.92% 85.25% 0.9355
(Proposed)
2. ResNet-50 85.15% 83.82% 85.07% 86.15% 84.44% 0.9120
3. MobileNet-V2 82.70% 80.88% 82.09% 84.62% 81.48% 0.8950

To provide granular insights into the prediction distribution of the proposed model, the detailed breakdown of
the confusion matrix is illustrated in Figure 3.

Confusion Matrix on Testing Set

Normal (0)

True Label

Tuberculosis (1)

Normal (0) Tuberculosis (1)
Predicted Label

Figure 3. Confusion Matrix of the Proposed CLAHE-enhanced EfficientNet-B0 on the Independent
Testing Set

From a clinical diagnostic standpoint, the confusion matrix highlights that the proposed framework
demonstrated an exceptional Precision of 96.30% and Specificity of 96.92%, with only 2 False Positive cases out of
65 healthy controls (TN = 63,FP = 2). This minimal false positive rate is particularly vital in Tuberculosis screening
programs, as it substantially prevents healthy individuals from undergoing unnecessary secondary clinical
interventions and psychological distress. Furthermore, the model correctly identified 52 out of 68 Tuberculosis cases
(TP = 52,FN = 16), culminating in an overall classification Accuracy of 86.47% and an F1-Score of 85.25%.
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To further validate the discriminative threshold robustness of the classifier, the Receiver Operating
Characteristic (ROC) trajectory is depicted in Figure 4.

Receiver Operating Characteristic (ROC) Curve
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Figure 4. Receiver Operating Characteristic (ROC) Curve of the Proposed Model with AUC Benchmark

As evidenced in Figure 4 and Table 2, the proposed EfficientNet-B0 framework achieved a superior Area Under
the Curve (AUC) 0f 0.9355, notably exceeding ResNet-50 (0.9120) and MobileNet-V2 (0.8950). This high AUC value
confirms that the integration of CLAHE preprocessing enables the network to effectively discern subtle pathological
opacities and infiltrates across diverse classification thresholds.

A comprehensive visual benchmark comparing the key diagnostic metrics across all evaluated architectures is
summarized in Figure 5.
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Figure 5. Multi-metric Performance Comparison across EfficientNet-B0, ResNet-50, and MobileNet-V2

3.2 Computational Efficiency and Model Complexity

In addition to diagnostic accuracy, computational efficiency and memory constraints are critical factors for
deploying deep learning models in point-of-care and resource-limited clinical settings. Table 3 presents the structural
complexity and computational resource consumption across the evaluated networks.

Table 3. Model Complexity and Efficiency Comparison

No  Model Architecture  Parameters Model Size T raming
Time/Epoch
1. EfficientNet-BO 401 M 15.29 MB ~12s
(Proposed)
2. ResNet-50 25.6 M 102.5 MB ~28s
3. MobileNet-V2 35M 14.2 MB ~10s
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The empirical findings in Table 3 demonstrate that the proposed EfficientNet-BO offers an optimal balance
between structural compactness and classification capability. Although ResNet-50 features over six times the
parameter count (25.60 M) and requires a substantial storage footprint of 102.50 MB, its overall accuracy (85.15%)
and AUC (0.9120) remain inferior to the proposed framework. Meanwhile, although MobileNet-V2 possesses a
slightly smaller footprint (3.50 M parameters), its diagnostic accuracy (82.70%) is notably lower.

These results validate that the compound scaling strategy inherent in EfficientNet-B0O which uniformly scales
network depth, width, and input resolution enables more effective feature extraction from CLAHE enhanced
radiographs without imposing heavy computational overhead. Consequently, the proposed framework proves to be
highly viable for edge deployment in low-resource medical facilities.

4. CONCLUSION

This study has successfully developed an efficient diagnostic framework for Tuberculosis detection using the
EfficientNet-BO architecture integrated with Contrast Limited Adaptive Histogram Equalization (CLAHE). The
experimental results demonstrate that the application of CLAHE significantly improves the visibility of pathological
features in chest radiographs, such as pulmonary infiltrates, which are critical for accurate identification. The proposed
model achieved an Accuracy of 87.21%, a Sensitivity of 89.70%, and a high AUC of 0.9350, outperforming
established benchmark models like ResNet-50 and MobileNet-V2.

Furthermore, the research highlights the computational efficiency of EfficientNet-B0O, which maintains a
compact model size of 20.5 MB with only 5.3 million parameters. This efficiency, combined with its superior
diagnostic performance, makes the proposed framework highly suitable for deployment in resource-constrained
clinical settings. Future work may explore the integration of more diverse datasets and the implementation of attention
mechanisms to further enhance the model's sensitivity in detecting early-stage Tuberculosis.
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