V. RESULTS AND DISCUSSION
This section presents the experimental results of our proposed hybrid deep learning approach for monkeypox detection and provides a comprehensive analysis of its performance. We evaluate the model using standard classification metrics and compare it with existing approaches from the literature.
A. Classification Performance
The performance of our hybrid model was evaluated on the test set containing 617 monkeypox images and 848 nonmonkeypox images. Table II presents the detailed classification report, including precision, recall, F1-score, and support for each class.
TABLE II
CLASSIFICATION REPORT FOR MONKEYPOX DETECTION
	Class
	Precision
	Recall
	F1-Score
	Support

	MonkeyPox
	1.00
	0.98
	0.99
	617

	Non MonkeyPox
	0.97
	1.00
	0.99
	848

	Accuracy
	
	0.98
	
	1465

	Macro Avg
	0.99
	0.98
	0.98
	1465


As shown in Table II, our model achieved an overall accuracy of 98%, with perfect precision (1.00) for the monkeypox class and high precision (0.97) for the non-monkeypox class. The recall values of 0.98 for monkeypox and 1.00 for nonmonkeypox indicate that the model is highly effective at identifying both positive and negative cases. The balanced F1scores of 0.99 for both classes demonstrate the model’s robust performance across both categories.
B. Confusion Matrix Analysis
To provide a more detailed view of the model’s classification performance, Figure 3 presents the confusion matrix for the test set.
The confusion matrix reveals that out of 617 monkeypox images, 595 were correctly classified as monkeypox (true positives), while 22 were incorrectly classified as non-monkeypox (false negatives). For the 848 non-monkeypox images, all were correctly classified (true negatives), resulting in zero false positives.
This distribution of errors is particularly favorable for a medical diagnostic tool, as the absence of false positives (specificity = 1.00) means that the model never incorrectly identifies a non-monkeypox condition as monkeypox, which would potentially lead to unnecessary treatments or interventions. The small number of false negatives (22 out of 617) results in a high sensitivity of 0.96, indicating that the model rarely misses actual monkeypox cases.
[image: ]
Fig. 3. Confusion matrix for monkeypox detection showing the distribution of true positives, true negatives, false positives, and false negatives.
C. Comparative Analysis
To contextualize our results within the broader field of AIbased monkeypox detection, we compared our hybrid model’s performance with state-of-the-art approaches from the literature. Table III presents this comparison based on accuracy, precision, recall, and F1-score.
TABLE III
	Method
	Accuracy
	Precision
	Recall
	F1-Score

	Akin et al. [3] (MobileNetV2)
	98.25%
	0.98
	0.97
	0.97

	Mishra et al. [8] (EfficientNet B7)
	97.40%
	0.97
	0.96
	0.97

	Ahsan et al. [11] (VGG16)
	97.00%
	0.97
	0.96
	0.96

	Almutairi [15] (VGG16)
	97.67%
	0.98
	0.97
	0.97

	Singh et al. [6] (CNN model)
	94.80%
	0.95
	0.94
	0.94

	Sahin et al. [16] (MobileNetV2)
	91.11%
	0.92
	0.90
	0.91

	Our Hybrid Model
	98.00%
	1.00
	0.98
	0.99


COMPARISON WITH STATE-OF-THE-ART APPROACHES
As shown in Table III, our hybrid model achieves comparable accuracy to the best-performing models in the literature while outperforming them in terms of precision, recall, and F1-score. Notably, our model achieves perfect precision for the monkeypox class, which is a significant improvement over existing approaches.
D. Ablation Study
To understand the contribution of each component to the overall performance of our hybrid model, we conducted an ablation study by training and evaluating individual branches (DenseNet121 only and MobileNetV2 only) and comparing their performance with the full hybrid model. Table IV presents the results of this ablation study.
The ablation study results demonstrate that while both individual models perform well, the hybrid approach significantly outperforms either model alone. This confirms our
TABLE IV ABLATION STUDY RESULTS
	Model
	Accuracy
	Precision
	Recall
	F1-Score

	DenseNet121 only
	96.52%
	0.97
	0.95
	0.96

	MobileNetV2 only
	95.84%
	0.96
	0.94
	0.95

	Hybrid Model
	98.00%
	1.00
	0.98
	0.99


hypothesis that combining global features from DenseNet121 with local features from MobileNetV2 enhances the model’s ability to distinguish between monkeypox lesions and other skin conditions.
E. Error Analysis
To gain deeper insights into the model’s limitations, we analyzed the 22 false negative cases where monkeypox images were incorrectly classified as non-monkeypox. Our analysis revealed several common characteristics among these misclassified images:
· Early-stage lesions with subtle features that closely resemble other skin conditions
· Images with poor lighting or focus, reducing the visibility of distinctive monkeypox features
· Lesions in uncommon locations or with atypical presentations
· Images with significant background noise or distractions
These findings highlight areas for future improvement, particularly in enhancing the model’s sensitivity to early-stage or atypical monkeypox presentations and improving robustness to image quality variations.
F. Clinical Implications
The performance metrics of our hybrid model suggest significant potential for clinical application in monkeypox screening and diagnosis. The high accuracy (98%) and perfect specificity (no false positives) make it particularly suitable as a screening tool in high-volume settings, where it can reliably identify cases requiring further clinical evaluation.
The model’s computational efficiency, inherited from the MobileNetV2 architecture, also makes it suitable for deployment in resource-limited settings where specialized diagnostic equipment may be unavailable. With an inference time of approximately 0.15 seconds per image, the model can provide real-time feedback during clinical examinations.
However, it is important to note that while our model demonstrates excellent performance, it should be used as a decision support tool rather than a replacement for clinical judgment. The 22 false negatives in our test set (3.6% of monkeypox cases) underscore the importance of integrating AI-based tools within a broader diagnostic framework that includes clinical assessment and, when necessary, confirmatory laboratory testing.
G. Limitations and Future Work
Despite the promising results, several limitations of our study should be acknowledged:
· Dataset limitations: While the MSLD dataset includes a
diverse range of monkeypox presentations, it may not fully represent the global diversity of skin types, lesion presentations, and imaging conditions.
· Binary classification: The current model performs binary classification (monkeypox vs. non-monkeypox) and does not differentiate between various stages of monkeypox infection or distinguish monkeypox from specific similar conditions like chickenpox or measles.
· Controlled environment: The evaluation was conducted on a curated dataset rather than in a real-world clinical setting, which may present additional challenges such as varying image quality, inconsistent lighting, and diverse patient demographics.
Future work will address these limitations through:
· Expanding the dataset to include more diverse skin types, lesion stages, and imaging conditions
· Developing multi-class models capable of distinguishing monkeypox from specific similar conditions
· Implementing explainable AI techniques to provide interpretable results that can aid clinical decision-making
· Conducting prospective clinical validation studies to assess real-world performance
· Exploring lightweight model architectures for deployment on mobile devices in resource-limited settings
These enhancements will further improve the clinical utility and real-world applicability of AI-based monkeypox detection systems.
· Analysis of error patterns and model limitations, providing insights for future improvements in AI-based monkeypox detection systems
The perfect specificity (no false positives) achieved by our model is particularly significant for clinical applications, as it
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