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Abstract.Monkeypox, a re-emerging zoonotic disease, has raised global
concerns due to its increasing transmission. Accurate and early detection is
crucial for effective outbreak management and disease control.Various Al-
driven diagnostic techniques have been developed, focusing on deep learning-
based image classification and object detection models. Several studies
highlight the effectiveness of convolutional neural networks (CNNs), transfer
learning, and YOLO-based architectures in identifying monkeypox lesions with
high precision. Additionally, biosensor-based detection methods are gaining
attention as cost-effective and rapid alternatives to PCR testing. The integration
of Al with mobile and web-based diagnostic platforms has further improved
accessibility in resource-limited settings. Despite these advancements,
challenges such as dataset limitations, model generalizability, and clinical
validation remain. Addressing these gaps through enhanced dataset diversity,
multimodal diagnostic approaches, and real-time deployment strategies can
significantly improve the reliability and scalability of Al-powered Monkeypox
detection systems.
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1 Introduction

Monkeypox is a viral infection that has drawn global attention due to its rising
outbreaks. Initially discovered in monkeys, the virus primarily spreads through
human-to-human contact, leading to symptoms such as fever, swollen lymph nodes,
and distinctive skin rashes. Because it closely resembles other poxviruses like
smallpox and chickenpox, early and precise diagnosis is crucial to control its spread
and ensure timely treatment. However, conventional diagnostic methods rely on
laboratory tests, which can be time-consuming and require significant resources. This
highlights the need for automated solutions that can provide faster and more efficient
detection.

Recent advancements in artificial intelligence (AI) and deep learning have
transformed medical diagnostics, offering highly accurate and efficient disease
classification methods. One of the most powerful Al models, YOLO (You Only Look
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Once), is

widely used for real-time object detection and has proven effective in medical
imaging applications. The latest iteration, YOLOVS, introduces enhanced feature
extraction and localization capabilities, improving its accuracy in identifying patterns
in medical images. By utilizing deep learning techniques, researchers aim to develop
automated tools that assist healthcare professionals in diagnosing monkeypox with
greater speed and precision.

Despite the potential of Al in monkeypox detection, several challenges must be
addressed to ensure its accuracy, reliability, and practical implementation. A key issue
is the limited availability of diverse and well-balanced datasets, which restricts the
ability of deep learning models to generalize effectively. Expanding datasets with
varied images is essential to help Al systems accurately differentiate monkeypox from
similar skin conditions like chickenpox and measles. Additionally, advanced feature
extraction techniques can improve lesion identification and classification, reducing the
risk of misdiagnosis. Furthermore, optimizing Al models to maintain a balance
between speed and accuracy is crucial for real-time diagnostic applications where
efficiency is paramount.

Developing Al-powered detection systems that are user-friendly, accessible, and
seamlessly integrated into clinical workflows is essential. The combination of deep
learning and medical image processing can significantly enhance diagnostic precision
by improving lesion detection and classification. Advancing these technologies will
help overcome challenges in automated monkeypox diagnosis, particularly in
resource-constrained healthcare environments, ultimately contributing to more
effective disease management and control.

2 Background

Monkeypox is a zoonotic infection caused by the Monkeypox virus (MPXV),
belonging to the Orthopoxvirus genus, which is closely related to the Variola virus
responsible for smallpox. First discovered in laboratory monkeys in 1958, the virus is
primarily carried by rodents and small mammals. The first human case was
documented in 1970 in the Democratic Republic of the Congo, with outbreaks mainly
occurring in Central and West Africa. However, in recent years, the virus has spread
beyond these regions, leading to global outbreaks and increasing public health
concerns. Symptoms of monkeypox include fever, swollen lymph nodes, and
distinctive skin lesions that evolve in stages. Because of its similarities to other
poxviruses, such as smallpox and chickenpox, early and accurate diagnosis is essential
for effective treatment and outbreak management. While polymerase chain reaction
(PCR) testing remains the gold standard for diagnosis, its reliance on specialized
laboratories limits accessibility, particularly in low-resource areas. This challenge has
driven the demand for Al-based diagnostic solutions capable of quickly and
accurately detecting monkeypox using medical imaging and deep learning.

Advancements in artificial intelligence have significantly improved medical image
analysis, with object detection algorithms playing a crucial role in identifying disease-
related patterns in skin lesions. One of the most efficient object detection models is
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YOLO (You Only Look Once), which is designed for real-time image processing and
rapid detection. Unlike traditional detection methods that involve multiple processing
steps, YOLO treats detection as a single regression task, predicting object locations
and class probabilities in one go. The original YOLO model divided an image into a
grid, where each cell generated bounding boxes and confidence scores. Over
successive versions, YOLO has undergone major improvements in accuracy,
efficiency, and feature extraction, making it an effective tool for medical applications.
This approach has transformed disease detection by enabling precise identification of
lesions in X-rays, MRIs, and skin disease images, offering a promising solution for
early monkeypox diagnosis.

The latest version of the YOLO series, YOLOVS, brings significant improvements in
accuracy, feature extraction, and computational efficiency. Unlike its predecessors,
YOLOVS integrates a Cross-Stage Partial Fusion (C2f) Block, inspired by CSPNet, to
optimize feature reuse while minimizing redundancy. This innovation makes the
model more lightweight while enhancing its overall performance. The backbone
architecture incorporates Spatial Pyramid Pooling-Fast (SPPF), which improves the
detection of small and irregularly shaped lesions by extracting multi-scale contextual
features. Additionally, the neck network refines these extracted features through
bottleneck layers, ensuring efficient multi-scale fusion for better object recognition.
One of the most notable upgrades in YOLOVS is its anchor-free detection mechanism,
which reduces computational complexity while improving localization accuracy. The
model also supports depth and width scaling, enabling seamless deployment across
different hardware, from powerful GPUs to resource-constrained mobile devices.

With these advanced features, YOLOvVS is highly suited for medical imaging
applications, particularly in detecting monkeypox lesions where precise localization
and classification are essential. Its real-time processing capabilities allow Al-driven
diagnostic tools to deliver faster, more scalable, and highly reliable solutions for
monkeypox detection. By integrating YOLOVS into automated screening systems,
healthcare professionals can enhance early diagnosis, improve public health
responses, and support effective outbreak control efforts.
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2.1 Related Work

Dilber Uzun Ozsahin, Mubarak Taiwo Mustapha, Berna Uzun, Basil Duwa, and Ilker
Ozsahin [1] conducted research to develop an Al-based approach for identifying
monkeypox and chickenpox lesions more accurately. Since both diseases exhibit
similar skin symptoms, distinguishing them manually can lead to misdiagnosis and
potential outbreaks. To address this, the authors proposed a custom Convolutional
Neural Network (CNN) model, trained on enhanced and augmented images of skin
lesions. Their study revealed that task-specific CNN models perform better than
widely used pre-trained models like AlexNet, VGG16, and ResNet50. The proposed
model showed promising results in automating the diagnosis process, particularly in
healthcare settings with limited resources. However, the study also faced challenges,
such as insufficient annotated datasets and limited clinical knowledge about
monkeypox, as it is less studied compared to other infectious diseases. Despite these
limitations, the research highlights the potential of Al in medical diagnosis and
suggests expanding the model to include skin cancer detection and NLP-based
medical report analysis to enhance diagnostic accuracy further.

The study by Altun et al. [2] explores a deep learning-based approach for detecting
monkeypox through skin lesion images using Convolutional Neural Networks (CNNs)
and transfer learning. To build an effective model, the authors collected and
augmented a dataset, classifying images as either positive or negative for monkeypox.
They experimented with multiple pre-trained CNN architectures, including
MobileNetV3-s, EfficientNetV2, ResNet50, VGG19, DenseNetl121, and Xception,
and optimized them by fine-tuning hyperparameters and activation functions. Their
findings demonstrate that deep learning models can efficiently classify monkeypox
lesions, with MobileNetV3-s achieving the best results. Additionally, they converted
their model into a TFLite format, enabling real-time diagnosis on mobile devices.
While the research presents a promising tool for rapid and accessible monkeypox
detection, the authors acknowledge dataset limitations as a drawback, highlighting the
need for a larger and more diverse dataset to improve generalization. In comparison,
previous studies by Ali et al. (2022), Sitaula and Sahahi (2022), and Ahsan et al.
(2020) used different CNN models like VGG16 and Xception, achieving relatively
lower classification performance. Similarly, Sahin et al. (2022) explored a mobile-
based approach with MobileNetV2, and Hossain et al. (2022) used ResNet50 for
Lyme disease detection. By customizing transfer learning models and optimizing
hyperparameters, this study surpasses prior research and contributes significantly to
deep learning applications in medical image classification. Future enhancements could
include expanding the dataset, improving model robustness, and integrating the
system into real-world healthcare applications.

Monkeypox virus (MPXV) is an emerging zoonotic disease [3] caused by an
orthopoxvirus closely related to smallpox, though it has a lower fatality rate. It is
classified into two main clades: the Central African (Congo Basin) clade, which is
more virulent, and the West African clade, responsible for recent global outbreaks.
The resurgence of MPXV has been linked to the discontinuation of smallpox
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vaccination, which previously provided cross-protection. The virus spreads through
respiratory droplets, direct skin contact, contaminated surfaces, and possibly sexual
transmission, as it has been detected in bodily fluids. Symptoms include fever,
swollen lymph nodes, and a rash that progresses through distinct stages before
healing. MPXV employs immune evasion strategies such as suppressing interferon
signaling and disrupting antigen presentation, making it challenging for the body to
mount an effective response. While vaccines like ACAM2000 and JYNNEOS offer
protection, the latter is preferred due to its improved safety profile. Antiviral
treatments, including tecovirimat, have shown potential in reducing disease severity,
but further clinical studies are required. Key research gaps remain, particularly
regarding MPXV’s genetic evolution, long-term immunity, and vaccine effectiveness.
Fok-Moon Lum, Anthony Torres-Ruesta, Matthew Z. Tay, Raymond T. P. Lin, David
C. Lye, Laurent Rénia, and Lisa F. P. Ng provided a comprehensive review of
MPXV’s epidemiology, immune response, and clinical management, emphasizing the
urgent need for continued surveillance, improved vaccination strategies, and effective
antiviral therapies to prevent future outbreaks.

Ravi et al. introduced [4] a stacked ensemble meta-classifier that integrates multiple
EfficientNet models to enhance the accuracy of COVID-19 diagnosis using medical
imaging. They noted that traditional CNN-based methods often struggle with
overfitting due to limited dataset sizes and poor generalization to new cases. Their
approach involves extracting features from EfficientNet models (BO to B7), fusing
these features using Kernel PCA, and classifying them through an ensemble of
Random Forest, SVM, and Logistic Regression. By leveraging large-scale CT and
chest X-ray (CXR) datasets, this method overcomes the limitations of previous studies
that focused solely on CT or CXR images.The results demonstrate that their model
significantly reduces misclassification rates and performs effectively on real-world
data. However, challenges such as borderline case misclassification, dataset
imbalance, and the absence of a strong theoretical basis for classifier selection remain.
To address these issues, the authors suggest improving feature fusion techniques,
optimizing classifier stacking, and developing better strategies for handling data
imbalance in future research.Other researchers, including Bai et al., have investigated
Al-assisted CT screening, while Jain et al. and Apostolopoulos et al. focused on CNN-
based X-ray classification. However, these studies lacked access to large-scale
datasets and struggled with generalization. Given the effectiveness of CNN-based
models in medical imaging, a similar ensemble learning approach could be explored
for Monkeypox detection, further enhancing diagnostic accuracy in infectious disease
imaging.

Farhana Yasmin et al. [5] proposed PoxNet22, a fine-tuned deep learning model based
on InceptionV3 for monkeypox classification using transfer learning. Their study
focuses on the urgent need for early and accurate detection due to the rapid spread of
monkeypox and limited availability of traditional diagnostic methods. By applying
data preprocessing, augmentation, and hyperparameter tuning, the authors improved
classification performance significantly. They compared multiple pre-trained models
and found InceptionV3 to be the most effective, leading to the development of PoxNet
22. However, Md. Mehedi Hassan, Mahade Hasan, Sadika Zaman, Chetna Kaushal,
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Walid El-Shafai, and Naglaa F. Soliman acknowledged certain limitations, including a
small dataset, the need for clinical validation, and the necessity for larger, more
diverse datasets to enhance generalizability. They propose future research directions
such as real-time application integration, clinical testing, and dataset expansion to
improve the model’s reliability and applicability in medical diagnostics.

YudaraKularathne, Prathapa Janitha, and SithiraAmbepitiya[6] developed a deep
learning model based on YOLOVS to accurately differentiate Mpox from other skin
conditions. Their model was trained on a combination of real and synthetic images,
enabling rapid and reliable screening without requiring an internet connection. This
makes it particularly beneficial for remote healthcare settings where access to
traditional diagnostic tools is limited. By providing instant results, the model supports
disease surveillance, outbreak management, and resource allocation, reducing
dependence on costly lab-based diagnostics.Despite its effectiveness, the study
acknowledges certain limitations, including the potential biases introduced by
synthetic data and the necessity for further validation across diverse populations to
ensure broader applicability. The authors emphasize the open-source nature of their
model, encouraging collaboration with African Al communities to enhance its
performance and reliability.Rather than replacing PCR testing, they propose that Al-
driven screening should act as a complementary tool for early detection and patient
triage. Additionally, they advocate for integrating Al-powered diagnostics into
existing healthcare frameworks and expanding their application to detect other
infectious diseases. The study highlights the importance of global investment in Al-
driven medical solutions to strengthen public health systems and improve disease
detection worldwide.

Md. Manjurul Ahsan et al. [7] conducted a study exploring the use of deep learning
and transfer learning techniques for Monkeypox diagnosis. They evaluated six deep
learning ~ models—VGG16, InceptionResNetV2,  ResNet50,  ResNetl01,
MobileNetV2, VGG19, and Vision Transformer (ViT). Among these, the modified
versions of VGG19 and MobileNetV2 demonstrated the best performance. To
enhance interpretability, the researchers utilized Local Interpretable Model-Agnostic
Explanations (LIME), which helped identify key features associated with Monkeypox
infection.Their findings highlight the potential of Al-based diagnosis in facilitating
early detection, particularly in areas with limited medical resources. However, they
pointed out that previous studies did not effectively address generalization and
regularization techniques, which could lead to overfitting. Another key concern was
the lack of clinical validation for current deep learning models.To overcome these
challenges, the authors proposed an improved deep CNN-based approach
incorporating transfer learning and explainable Al methods. Future research should
focus on expanding datasets and validating models in real-world clinical environments
to ensure higher reliability and applicability in medical practice

Abdelhamid et al. [8] introduced a machine learning-based approach for classifying
Monkeypox images using transfer learning and the Al-Biruni Earth Radius
Optimization Algorithm. Their method utilized GoogleNet for feature extraction and
employed a hybrid optimization strategy by combining three meta-heuristic
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algorithms—the Al-Biruni Earth Radius Algorithm, Sine Cosine Algorithm, and
Particle Swarm Optimization. This approach aimed to optimize feature selection and
fine-tune neural network parameters, ultimately enhancing classification accuracy.The
study found that these optimization techniques outperformed traditional methods,
leading to improved classification performance. However, a key limitation was the
reliance on a limited publicly available dataset, which might not capture the full
diversity of Monkeypox lesion variations seen in real-world cases. To address this,
the authors recommend expanding the dataset and exploring more advanced deep
learning architectures to improve generalization and clinical applicability in future
research.

Amir Sorayaie Azar et al. [9] developed a deep learning-based method for
Monkeypox detection using skin images. They designed and evaluated seven deep
neural network (DNN) models, with DenseNet201 emerging as the most effective.
Their dataset included images of Monkeypox, Chickenpox, Measles, and normal skin
conditions, and they implemented both two-class (Monkeypox vs. others) and four-
class classification tasks. DenseNet201 achieved the highest performance, particularly
in terms of F1-score, demonstrating its strong ability to distinguish Monkeypox from
other skin conditions. To enhance model interpretability and build clinician trust, they
incorporated Local Interpretable Model-Agnostic Explanations (LIME) and Gradient-
weighted Class Activation Mapping (Grad-CAM). However, a major limitation of the
study was the use of a non-clinically approved dataset, which lacked additional
diagnostic features such as laboratory test results. Moving forward, the authors
emphasize the need for validation using diverse clinical datasets and propose
integrating their model into decision-support systems for improved real-world
applicability.

Alireza Farzipour, Roya Elmi, and Hamid Nasiri developed [10] a machine learning-
based model for Monkeypox detection using XGBoost and SHAP (Shapley Additive
Explanations). Their approach effectively classifies cases based on symptoms while
providing insights into the significance of each symptom in the decision-making
process. The study demonstrated that XGBoost delivers high accuracy, while SHAP
enhances model interpretability, making it easier for healthcare professionals to
understand predictions. However, a key limitation is the reliance on symptom-based
data, which may lack the precision of laboratory tests. To address this, the authors
suggested refining the model by integrating explainable Al techniques to support
clinical decision-making. Future advancements could involve incorporating larger and
more diverse datasets, including image-based diagnostics and real-time monitoring, to
improve the model’s reliability and practical application in medical settings.

Chiranjibi Sitaula and Tej Bahadur Shahi explored [11] Monkeypox virus detection
by fine-tuning 13 pre-trained deep learning models within a unified architecture. They
assessed model performance using Precision, Recall, Fl-score, and Accuracy,
identifying Xception and DenseNet-169 as the top-performing models. To further
enhance accuracy, they employed an ensemble approach, outperforming existing
state-of-the-art models used for COVID-19 detection. Despite its effectiveness, their
study faced challenges such as a limited dataset and the need for lightweight models
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suitable for deployment in resource-constrained environments. To improve model
interpretability, they integrated Grad-CAM and LIME techniques, illustrating how the
model highlights critical regions in images for classification.

M. Nuthal Srinivasan, Mohamed Yacin Sikkandar, Maryam Alhashim, and M.
Chinnadurai introduced [12] the Enhanced Spatial-Awareness Capsule Network
(ESACN) for Monkeypox detection using medical imaging. Unlike conventional
CNNs and machine learning models, ESACN effectively captures spatial
relationships, allowing it to differentiate complex patterns found in Monkeypox,
Chickenpox, and Measles. The model demonstrated high accuracy in distinguishing
visually similar skin conditions, making it a valuable tool for improving diagnostic
precision. However, the study recognizes challenges such as the need for larger
datasets and clinical validation in real-world scenarios. The authors suggest that
ESACN could serve as a reliable deep learning-based approach to enhance early
detection and classification of skin diseases.

Ahmed A. Khorshed, Tianxiang Jiang, and Jie Chen designed [13] a label-free
electrochemical biosensor for detecting the A29 protein, a key antigen of the
Monkeypox virus. The biosensor utilizes a monoclonal antibody immobilized on a
gold electrode as a recognition element and employs differential pulse voltammetry
with a ferri/ferrocyanide redox probe to track antigen-antibody interactions. Their
study demonstrated that the sensor effectively detects the A29 protein in saliva
samples without interference from biological components, making it a promising tool
for rapid and accurate Monkeypox detection at the point of care. The researchers
addressed current challenges in diagnostic methods, such as the high cost, complexity,
and accessibility issues associated with PCR-based tests, serological assays, and
nanopore sensing. While their biosensor offers advantages like high sensitivity,
affordability, and ease of use, they emphasized the need for further improvements to
enhance its portability and practicality for large-scale screening applications.

Abdul Hadi M. Alaidi et al.introduced [14] an Al-driven Monkeypox detection model
deployed on the Raspberry Pi 5 Al Kit, offering a real-time, cost-effective alternative
to traditional PCR-based diagnostics, which are often expensive and time-consuming.
Their approach utilizes a CNN-based model trained on a dataset of 5000 verified
images, enabling accurate differentiation of Monkeypox lesions from other skin
conditions. Unlike previous studies by Zumla et al. and Yolcu et al., which required
significant computational power or cloud-based processing, this model operates
efficiently offline, making it ideal for low-resource settings. Similarly, while Ahsan et
al. proposed a mobile Al solution, their method depended on cloud resources. By
eliminating these dependencies, the proposed system enhances accessibility and early
disease detection. However, challenges remain, such as potential bias due to dataset
limitations and hardware constraints of the Raspberry Pi for handling complex Al
models. Future improvements include expanding the dataset, incorporating more
advanced architectures, and conducting large-scale testing in endemic regions to
enhance reliability and clinical applicability.

Senem Goneng and Ozge Pasin [15] conducted a study to distinguish Monkeypox
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skin lesions from other visually similar viral infections, such as Chickenpox and
Measles, using image processing techniques. They utilized Haralick texture
parameters along with the Fuzzy C-Means algorithm for classification, successfully
identifying differences between lesions. However, due to the high visual similarity
among these diseases, the study faced challenges with potential misclassifications.
The authors also recognized limitations related to dataset size and variations in skin
tones, which impacted accuracy. To improve diagnostic precision, they suggested
combining deep learning approaches with feature-based methods, aiming to develop a
more robust and generalizable model for Monkeypox detection through skin image
analysis.

3 ConclusionandFutureWork

The integration of deep learning, machine learning, and biosensors presents
significant potential for Monkeypox detection. Custom CNN models and transfer
learning  techniques enhance diagnostic accuracy, while mobile-based
implementations improve accessibility. Biosensors provide an affordable and rapid
alternative to PCR tests, facilitating early detection. However, challenges such as
limited datasets and model generalization persist, highlighting the need for clinical
validation to ensure real-world applicability and regulatory approval. Ongoing
research and advancements are essential to refine these technologies for reliable and
widespread use in healthcare

Future research should focus on expanding and diversifying datasets to enhance
model generalization. Combining deep learning with biosensors or symptom-based
analysis can further improve diagnostic accuracy. Developing lightweight and
efficient models is essential for real-time deployment on mobile and edge devices.
Collaboration with healthcare professionals for clinical validation will help achieve
regulatory approval. These advancements will strengthen the reliability and
widespread adoption of Al-powered Monkeypox detection systems.
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