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Abstract

Mpox is a viral zoonotic disease that presents with skin lesions similar to other conditions
like chickenpox, measles, and hand-foot-mouth disease, making accurate diagnosis
challenging. Early and precise detection of mpox is critical for effective treatment and
outbreak control, particularly in resource-limited settings where traditional diagnostic
methods are often unavailable. While deep learning models have been applied
successfully in medical imaging, their use in mpox detection remains underexplored. To
address this gap, we developed a deep learning-based approach using the ResNet50v2
model to classify mpox lesions alongside five other skin conditions. We also incorporated
Grad-CAM (Gradient-weighted Class Activation Mapping) to enhance model
interpretability. The results show that the ResNet50v2 model achieved an accuracy of
99.33%, precision of 99.34%, sensitivity of 99.33%, and an F1-score of 99.32% on a dataset
of 1,594 images. Grad-CAM visualizations confirmed that the model focused on relevant
lesion areas for its predictions. While the model performed exceptionally well overall, it
struggled with misclassifications between visually similar diseases, such as chickenpox
and mpox. These results demonstrate that Al-based diagnostic tools can provide reliable,
interpretable support for clinicians, particularly in settings with limited access to
specialized diagnostics. However, future work should focus on expanding datasets and
improving the model's capacity to distinguish between similar conditions.
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1. Introduction

Mpox, or monkeypox,

is a viral

zoonotic disease

previous years where the disease was predominantly
confined to Central and West African regions [3]. This
increase in cases, particularly in non-endemic countries,

increasingly recognized as a significant public health
concern due to its growing incidence worldwide [1, 2].
According to the World Health Organization (WHO),
between January 1, 2022, and January 1, 2023, more than
85,000 confirmed cases of mpox were reported across
110 countries, marking a dramatic surge compared to

DOI: 10.60084/hjas.v2i2.216

has underscored the urgent need for enhanced
surveillance, diagnostics, and containment strategies [4].

Mpox is characterized by symptoms that include fever,
swollen lymph nodes, and, most notably, distinct skin
lesions [5]. These lesions are often similar in appearance
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to those caused by other diseases, such as chickenpox,
measles, and hand-foot-mouth disease, making accurate
diagnosis challenging [6, 7]. With the potential for rapid
transmission and severe complications, especially in
vulnerable populations, the early and precise
identification of mpox is critical for effective treatment
and outbreak control.

Traditional diagnostic methods for mpox, such as
polymerase chain reaction (PCR), are considered the gold
standard for confirming the presence of the virus [8, 9].
However, these methods are often time-consuming and
expensive and require specialized laboratory equipment
and expertise that may not be readily available in
resource-limited settings [10]. In underdeveloped
regions, the delays and costs associated with traditional
diagnostics can hinder timely diagnosis and treatment,
exacerbating the spread of the disease. This not only
affects individual health outcomes but also places a
significant economic burden on healthcare systems,
contributing to increased healthcare costs and resource
strain [11]. Consequently, the impact on public health is
magnified, highlighting the need for more accessible and
cost-effective diagnostic solutions.

Artificial intelligence (Al) has shown great promise in
addressing some of the challenges associated with
traditional diagnostic methods [12-15]. In particular, Al-
driven image analysis has emerged as a powerful tool for
rapidly and accurately detecting various diseases,
including those that present with skin lesions [16, 17]. Al
systems can analyze medical images to identify patterns
and features that may not be immediately apparent to
the human eye, thereby improving diagnostic accuracy
and speed [18]. This technology offers a valuable
complement to existing diagnostic methods, particularly
in settings where access to specialized laboratory testing
is limited.

Various studies have demonstrated the effectiveness of
Al in medical diagnostics, particularly in the field of
dermatology. Convolutional neural networks (CNNs) have
been widely used to classify skin conditions based on
image data, such as dermatitis atopic [19, 20], psoriasis
[21, 22], and fungal infections [23, 24], with high accuracy,
often matching or surpassing the diagnostic abilities of
dermatologists. Among these, ResNet (Residual Network)
models have been particularly successful due to their
ability to learn complex features from images and their
robustness in handling large datasets [25]. These studies
underscore Al's potential to transform how diseases like
mpox are diagnosed, offering a scalable and accessible
solution for healthcare providers.

Explainable Al (XAl) techniques, which improve the
transparency of Al models by explaining their decision-
making processes, have become increasingly important
in recent years [26, 27]. In this study, we use deep
learning along with Grad-CAM (Gradient-weighted Class
Activation Mapping) to enhance the interpretability of the
model's predictions [28]. XAl allows users to understand
which parts of an image contributed most to a decision,
increasing the trustworthiness of the Al system and
providing visual explanations that align with expert
knowledge [29-31]. Our goal is to develop a diagnostic
tool that is both accurate and interpretable, ensuring that
professionals can confidently trust and rely on the
model's predictions.

This study aims to develop a deep learning-based
approach using modified ResNet50v2, EfficientNetB4,
and DenseNet169 models to accurately detect mpox
from skin lesion images. By training these models on a
comprehensive dataset that includes images of mpox
alongside other similar dermatological conditions, we
seek to create a reliable tool capable of distinguishing
mpox from diseases with overlapping presentations. This
research aims to provide a practical, efficient, and
scalable diagnostic aid that can be utilized in various
healthcare settings, especially in areas where traditional
diagnostic resources are limited.

The potential impact of this research is substantial,
particularly in resource-limited settings where access to
advanced diagnostic tools is scarce. By providing a low-
cost, automated solution for mpox detection, we can help
healthcare providers make informed decisions and
implement appropriate public health interventions.
Furthermore, the proposed model could be integrated
into mobile health applications, enabling remote
diagnosis and monitoring, thus extending the reach of
healthcare services to underserved populations.

2. Materials and Methods
2.1. Dataset

The dataset utilized in this study was obtained from a
study by Ali et al. [32, 33], and it contains images of
patients with mpox and five other non-mpox skin
conditions: chickenpox, cowpox, hand-foot-mouth
disease (HFMD), healthy, and measles. The
comprehensive dataset consists of 1,594 images,
allowing for effective training and testing of the deep
learning models in distinguishing between mpox and
other dermatological conditions that present with similar
visual symptoms.

The images were divided into three subsets, with 70%
allocated for training, 20% for validation, and 10% for
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Table 1. Image distribution of six classes into training, validation, and testing sets.

Subset Class Total
Chickenpox Cowpox HFMD Healthy Measles Mpox

Training 75 66 161 114 55 284 755

Validation 55 49 117 78 39 204 542

Testing 34 30 72 42 26 93 297

Total 1594

Figure 1. Sample images from each class: (a) chickenpox, (b) cowpox, (c) HFMD, (d) healthy, (e) measles, (f) mpox.

testing. This split ensures that the models have enough
data for training while providing sufficient samples for
validation and testing to avoid overfitting and ensure
generalization [34]. The distribution of images across
each of the six classes is shown in Table 1, with each class
proportionally represented in all subsets.

Figure 1 displays sample images from each class to
provide the visual characteristics of the various
conditions. These samples reflect the diversity in skin
lesion appearances across the six categories, providing
insight into the model's learning process.

2.2. Deep Learning Models

This study employed three state-of-the-art deep learning
architectures—ResNet50v2, EfficientNetB4, and
DenseNet169—to develop an effective classification
system for detecting mpox skin lesions and distinguishing
them from other dermatological conditions with similar
visual characteristics.

ResNet50v2 is a residual network architecture that
utilizes skip connections to mitigate the vanishing
gradient problem and enable deeper network training
[35, 36]. With 50 layers, it captures both low- and high-
level image features, making it suitable for complex
image classification tasks like skin lesion detection.

ResNet's residual blocks allow the model to learn
hierarchical features more efficiently, which is essential
for distinguishing visually similar diseases such as mpox,
chickenpox, and measles.

EfficientNetB4 is part of the EfficientNet family, which
optimizes accuracy and computational efficiency by
scaling the network’s depth, width, and resolution using
a compound coefficient [37]. EfficientNetB4 is larger than
the base version (BO) and provides enhanced feature
extraction capabilities, making it particularly useful for
medical image analysis where both precision and speed
are crucial [38]. Its efficient scaling makes it well-suited
for identifying complex patterns in skin lesions with
minimal computational overhead, which is especially
important for practical deployment in resource-limited
healthcare settings.

DenseNet169, a dense convolutional network, connects
each layer to every other layer, promoting feature reuse
and efficient gradient flow [39]. This architecture is highly
effective in medical imaging tasks because it propagates
features across layers, enhancing the model's ability to
capture subtle differences between skin conditions [40].
DenseNet169's dense connectivity enables it to maintain
strong performance while using fewer parameters than
traditional networks, making it a powerful tool for
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Table 2. Hyperparameters used for training ResNet50v2, EfficientNetB4, and DenseNet169.

Hyperparameter Value
Batch Size 32
Optimizer Adam
Learning Rate 1e-5
Loss Function Categorical Cross Entropy
Epochs 10
Activation Function RelLU

accurately identifying skin lesions, even when presented
with small dataset sizes.

To adapt the ResNet50v2, EfficientNetB4, and
DenseNet169 architectures for mpox detection, we
applied a consistent strategy across all models. We
selectively froze the earlier layers of each network to
retain the benefits of pre-trained weights while fine-
tuning the deeper layers to focus on the specific features
of skin lesions [41]. Custom layers were added on top of
each model, including a GlobalAveragePooling2D layer
for feature aggregation and a fully connected Dense layer
with six output units and a softmax activation function for
multiclass classification. This approach allowed the
models to capture relevant features while minimizing the
risk of overfitting and ensuring computational efficiency,
making them well-suited for the task of distinguishing
mpox from other dermatological conditions.

2.3. Model Training

To ensure each model's optimal performance, we applied
the same set of hyperparameters during training. These
hyperparameters were selected based on common best
practices for image classification tasks in deep learning,
ensuring consistency across the models for comparative
evaluation. Table 2 summarizes the hyperparameters
used for training all models.

The models were trained using a batch size of 32, which
balances computational efficiency with convergence
stability. We used the Adam optimizer, known for its
adaptive learning rate, to achieve faster convergence
[42]. The learning rate was set to 1e-5 to allow for gradual
learning without significant oscillations in the loss
function. The categorical cross-entropy loss function was
employed since we are dealing with a multi-class
classification problem. Finally, each model was trained
for ten epochs to ensure sufficient learning without
overfitting.

2.4. Explainability with Grad-CAM

In this study, we employed Gradient-weighted Class
Activation Mapping (Grad-CAM) to enhance the
explainability of our deep learning models. While deep
learning models, such as ResNet50v2, EfficientNetB4, and

DenseNet169, have demonstrated remarkable
performance in image classification tasks, they often
function as "black boxes," making it difficult to interpret
how specific decisions are made [43]. In medical
applications, where the consequences of misdiagnosis
can be severe, model interpretability is crucial for
building trust and enabling healthcare professionals to
make informed decisions based on the model's outputs
[44].

Grad-CAM provides a solution to this interpretability
issue by creating visual explanations for the predictions
made by the model [28]. Grad-CAM generates heatmaps
that highlight the regions in an image that contributed
most to the model's decision [45]. By visualizing these
regions, clinicians can gain insight into which features of
the skin lesion the model is focusing on when classifying
a condition as mpox or another dermatological disease.
The Grad-CAM technique works by computing the
gradient of the predicted class concerning the feature
maps of the final convolutional layer of the model. These
gradients are then used to weight the importance of
different features in the feature maps, combined to
generate a heatmap over the input image. The resulting
heatmap highlights the most relevant areas of the image,
showing where the model "paid attention" during its
decision-making process.

The use of Grad-CAM in our approach not only improves
prediction accuracy but also provides clear visual
explanations that align with the medical understanding
of skin lesions. This is especially important for
distinguishing mpox from other conditions, like
chickenpox, cowpox, and measles, which may present
similar visual symptoms. With Grad-CAM, we can ensure
the model focuses on medically relevant features, such
as the texture or shape of the lesion, rather than
irrelevant background elements.

2.5. Performance Evaluation

In this study, the performance of the deep learning
models was evaluated using a comprehensive set of
metrics: weighted average accuracy, precision, sensitivity,
specificity, and F1-score [19]. These metrics were selected
to assess the models' ability to accurately classify mpox
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Table 3. Performance comparison of deep learning models.

Model Accuracy Precision Sensitivity Specificity F1-score
(%) (%) (%) (%) (%)
ResNet50v2 99.33 99.34 99.33 99.69 99.32
EfficientNetB4 62.63 61.60 62.63 85.51 61.75
DenseNet169 93.94 94.11 93.94 97.81 93.89

while distinguishing it from other dermatological
conditions in a multiclass setting.

Accuracy measures the overall proportion of correct
predictions across all classes [46]. In a multiclass
scenario, it is essential to calculate weighted accuracy to
ensure that larger classes do not disproportionately
influence the results. Precision focuses on the model's
ability to correctly identify positive cases while minimizing
false positives [47], and sensitivity evaluates the model's
effectiveness in capturing all true positive cases, which is
critical for minimizing false negatives [48].

On the other hand, specificity assesses how well the
model identifies true negatives [49], ensuring that non-
mpox cases are correctly classified, thus reducing false
positives. Finally, the F1-score, as the harmonic mean of
precision and sensitivity, provides a balanced measure of
the model's performance, especially when an imbalance
exists between classes [50]. The weighted F1-score
ensures that the evaluation accounts for the varying
representation of each class in the dataset.

The equation for weighted accuracy, precision,
sensitivity, specificity, and F1-score were computed for
the multiclass classification task represented in
Equations 1-5, respectively:

4 _ =1 TP; 1
Couracy =sw (TP, + FP, + FN;) (
n o TP
Precision = ——_ _TPi+FP @
n
i=1 Wi
n oW TPL‘
=1 TP + FN;
Sensitivity = — : &)
i=1Wi
TN;
Y Wil
=1Wi TN T FP,
Specificity = — . )
i=1Wi
2-TP,
o i
F1-Score=21_1 L' 2-TP+FP,+FN; (5)
2?:1 Wi

where TP;, FP;, TN;,and FN;, represent the true positives,
false positives, true negatives, and false negatives for
class i, respectively, and w; represents the weight for
each class based on its proportion in the dataset.

2.6. Software and Tools

To implement the mpox skin lesion detection system, we
used Python 3.10.9 along with several essential libraries.
TensorFlow 2.10.1 was employed for deep learning
model development, allowing efficient training and fine-
tuning of ResNet50v2, EfficientNetB4, and DenseNet169.
For data manipulation, Pandas 2.2.2 and NumPy 1.23.5
were used to handle datasets and perform numerical
operations. Visualization of results, such as accuracy and
loss, was done with Matplotlib 3.6.3, while Scikit-learn
1.5.2 was utilized for performance evaluation and metrics
calculation. These tools ensured a smooth, efficient, and
reproducible workflow.

3. Results and Discussion

The results of the deep learning models trained to classify
mpox skin lesions and other similar dermatological
conditions are presented and discussed here. These
models were evaluated based on five key metrics:
accuracy, precision, sensitivity, specificity, and F1-score,
which collectively provide a comprehensive view of their
performance in distinguishing between multiple skin
conditions. The performance results for each model are
summarized in Table 3.

The performance of ResNet50v2 stands out, achieving
the highest scores across all evaluation metrics. With an
accuracy of 99.33%, precision of 99.34%, sensitivity of
99.33%, specificity of 99.69%, and an F1-score of 99.32%,
ResNet50v2 demonstrates exceptional performance in
identifying mpox and distinguishing it from other similar
skin conditions. This high performance can be attributed
to the model's ability to effectively learn and utilize both
low- and high-level features through its deep residual
connections, which help prevent degradation while
training deeper layers.

DenseNet169 also performed notably well, with an
accuracy of 93.94%, precision of 94.11%, and F1-score of
93.89%. Its dense connectivity architecture, which
enables feature reuse and efficient gradient flow, allowed
it to capture significant patterns in the dataset, resulting
in a solid performance. However, DenseNet169, while
robust, falls short compared to ResNet50v2, particularly
in accuracy and specificity. The lower specificity (97.81%)
of DenseNet169 suggests that it may have slightly more
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Figure 2. Visualization of the modified ResNet50v2 training and validation: (A) accuracy; (B) loss.
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Figure 3. Confusion matrix of the testing set prediction from
modified ResNet50 model.

difficulty differentiating non-mpox cases, which could
lead to more false positives.

On the other hand, EfficientNetB4 performed
significantly worse than the other two models, with an
accuracy of 62.63%, precision of 61.60%, and an F1-score
of 61.75%. Although EfficientNetB4 is designed to
optimize performance while balancing computational
efficiency, in this case, it was less capable of capturing the
intricate features necessary for accurate classification.
The relatively high specificity of 85.51% indicates that it
was better at identifying true negatives than classifying
positive cases, as reflected by its lower sensitivity
(62.63%).

ResNet50v2 showed outstanding performance in the
classification task, as demonstrated by the results in
Table 3. To further illustrate the model's training
performance, Figure 2 provides a visualization of the
training and validation accuracy and loss curves for

ResNet50v2. The model's accuracy improves steadily
over the training epochs, with both training and
validation accuracy nearing 100%. This indicates that the
model is learning effectively, with minimal signs of
overfitting. The corresponding loss curves also
demonstrate a steady decline in training and validation,
confirming that the model converges well. These
visualizations affirm the robustness and reliability of the
ResNet50v2 model in distinguishing mpox lesions from
other conditions.

The classification performance of the modified ResNet50
model can be further analyzed using the confusion
matrix shown in Figure 3. This matrix explains how well
the model distinguishes between the six skin conditions
in the testing set. As observed, the ResNet50 model
demonstrates excellent classification accuracy, with
nearly perfect results for most classes. For example, the
model correctly classified all cowpox, HFMD, healthy, and
measles cases without misclassifications. The mpox class
was also well-identified, with 93 correct predictions and
only two instances of chickenpox being misclassified as
mpox. This misclassification could be due to the visual
similarity between the lesions caused by these two
diseases. Both conditions exhibit skin rashes and lesions
that can appear similar, especially in early stages or mild
cases, which might lead the model to misidentify
chickenpox as mpox. Despite this misclassification, it is
important to note that there were no instances of mpox
being misclassified as any other condition, indicating that
the model is highly sensitive to identifying true mpox
cases. This is crucial for clinical applications, as the
model's primary goal is to ensure that mpox cases are
correctly identified to prevent mismanagement and
control outbreaks.

In the next step of our analysis, we used Grad-CAM to
visualize the classification results of the ResNet50v2
model on a sample of images from the test set. This
technique helps to understand which regions of the skin
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Original

Actual: Chickenpox Actual: HFMD Actual: Healthy Actual: Measles Actual: Mpox

Predicted: Chickenpox Predicted: Cowpox Predicted: HFMD Predicted: Healthy Predicted: Measles Predicted: Mpox
Confidence Score: Confidence Score: Confidence Score: Confidence Score: Confidence Score: Confidence Score:
92.80% 96.24% 88.01% 86.26% 85.36% 93.88%

Actual: Cowpox

Figure 4. Grad-CAM visualization of model predictions. The top row shows the original images, and the bottom row shows the
corresponding Grad-CAM heatmaps with confidence scores for each prediction. (a) chickenpox, (b) cowpox, (c) HFMD, (d) healthy, (e)
measles, (f) mpox.

lesion images the model focused on while making its
predictions. Figure 4 compares the original skin lesion
images (top row) and their corresponding Grad-CAM
heatmaps (bottom row), highlighting the areas that
contributed most to the model’s classification.

As seen in the figure, the Grad-CAM visualizations
confirm that the model's attention is concentrated on the
relevant regions of the lesions, particularly in correctly
classified cases like cowpox, HFMD, and mpox. For
example, in the mpox image, the heatmap emphasizes
the central lesion, aligning with medical expectations for
such a diagnosis. The confidence scores for each
prediction are also included, indicating the model’s
certainty in its classifications, with confidence values
ranging from 85.36% to 96.24%, further reinforcing the
model’s reliability in these predictions.

The findings of this study have important implications for
the development of Al-based diagnostic tools,
particularly in the context of mpox and other visually
similar skin conditions. By demonstrating the
effectiveness of the ResNet50v2 model, this study
highlights the potential for deep learning models to serve
as reliable, fast, and accessible diagnostic aids in clinical
settings. The high accuracy, precision, and sensitivity
achieved by ResNet50v2 indicate that Al can effectively
support healthcare providers in distinguishing between
diseases that present with overlapping symptoms, such
as skin lesions, common in viral infections like mpox,
chickenpox, and measles.

Grad-CAM also adds a layer of interpretability, which is
crucial in medical applications. The ability to visually
verify the regions of an image that the model used for its
decision-making process helps clinicians understand and
trust the Al's predictions. This transparency can enhance
the model's integration into clinical workflows, providing
healthcare professionals with predictive accuracy and
explanations that align with medical understanding.

Despite the promising results, there are several
limitations to this study. First, the dataset was relatively
small, with 1,594 images distributed across six disease
classes. Although the model performed well on this
dataset, a larger, more diverse dataset with more
variations in skin types, age groups, and disease stages
would be necessary to fully assess the model's
generalizability. Additionally, while strong, the model’s
performance was not flawless—some misclassifications
occurred, particularly between chickenpox and mpox.
This suggests that the model may struggle to distinguish
between conditions with very similar visual features.
Another limitation is the focus on image data alone. In
real-world clinical settings, skin condition diagnoses often
incorporate additional patient information, such as
medical history, symptom progression, and laboratory
results. Incorporating these contextual data into the
model could improve its diagnostic accuracy and reduce
the risk of misclassification.

Future research should address this study's limitations by
expanding the dataset to include more diverse and
comprehensive examples of skin lesions from various
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populations and settings. This will help to improve the
model's generalizability and robustness in real-world
applications. Additionally, exploring the combination of
image-based deep learning models with other forms of
patient data, such as clinical history or laboratory results,
could lead to more holistic and accurate diagnostic tools.
Moreover, further work could enhance the model’s ability
to differentiate between similar conditions, such as
Chickenpox and mpox. Techniques such as transfer
learning or multi-task learning, which allow models to
share knowledge between tasks, could be explored to
improve the model's capacity to handle these challenging
cases. Finally, integrating the model into mobile health
applications could be a valuable direction for future
research, as this would enable remote diagnostics in
resource-limited settings where access to specialized
healthcare providers may be limited.

4. Conclusions

This study demonstrates the effectiveness of the
ResNet50v2 model in accurately detecting mpox and
differentiating it from other dermatological conditions,
achieving an impressive accuracy of 99.33%, precision of
99.34%, and Fil-score of 99.32%. The model’s
performance, supported by Grad-CAM visualizations,
focuses on medically relevant features, providing high
diagnostic accuracy and interpretability. Despite its
strong results, challenges remain in distinguishing
between visually similar conditions, such as chickenpox
and mpox, highlighting the need for further dataset
expansion and model refinement. These findings
underscore the potential of deep learning in supporting
clinical diagnosis, particularly in resource-limited
settings, and pave the way for future improvements in Al-
driven healthcare tools.
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