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A B S T R A C T   

The Monkeypox outbreak has emerged as a pressing global health challenge, evidenced by rising cases across 
nations. Individuals afflicted exhibit diverse dermatological symptoms that risk further transmission via 
contamination. Our study assessed the efficacy of three modified transfer learning models (M-VGG16, M- 
ResNet50, M-ResNet101) alongside vision transformers (ViT) across four investigations. We achieved high ac
curacy in discriminating Monkeypox cases, with M-VGG16 achieving 88%, 76%, and 77% accuracy in Studies 
One, Two and Four and M-ResNet50 achieving 89% in Study Three. To comprehend triggers for Monkeypox 
onset, we utilized Local Interpretable Model-Agnostic Explanations (LIME) to explain predictions visually. LIME 
alignments underscored our models’ high accuracy, correlating with segmented identification of infected re
gions. Further, we implemented Federated Learning on decentralized data to evaluate generalization capabilities. 
Blending established deep learning with emerging decentralized learning and explanation techniques is vital in 
improving predictive accuracy and elucidating Monkeypox intricacies amid the persisting global outbreak. Our 
study emphasizes the continued relevance of pioneering techniques while introducing new approaches to address 
this major health challenge.   

1. Introduction 

Monkeypox is a zoonotic viral disease caused by the Monkeypox 
virus. This virus infects primates, such as monkeys and rodents, but can 
also be transferred to people by frequent contact with infected animals 
or human-to-human transmission [1]. The initial identification of the 
Monkeypox virus occurred in 1958 when it was first discovered in a 
monkey at a laboratory in Copenhagen, Denmark. This finding was a 
significant milestone in the understanding and study of this virus, which 
has since become a subject of ongoing research and monitoring due to its 
potential impact on human health [2]. The first documented human 
infection with the Monkeypox virus was reported in 1970 in the Dem
ocratic Republic of the Congo during an ongoing campaign to eliminate 
smallpox [3]. 

The Monkeypox virus spreads through contact with infected people, 
animals, or materials. It transmits via physical contact, animal bites, 
respiratory droplets, or mucosal secretions. Symptoms include fever, 
headaches, muscle and back pain, swollen lymph nodes, chills, fatigue, 
and a rash that starts on the face and spreads. Monkeypox’s high 
contagion rate and limited treatments make it a major public health 
concern [4]. 

In 1990, there were just 50 documented cases in West and Central 
Africa [5]. By 2020, this number had increased to 5000. Historically, it 
was believed that Monkeypox exclusively occurred in Africa, but in 
2022, viral cases were recorded in various non-African nations, 
including the United States and Europe [6]. As of January 31, 2023, the 
Centers for Disease Control and Prevention (CDC) reported that 85,469 
individuals had been diagnosed with Monkeypox in 94 nations [7]. 
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Currently, there is no proper treatment for Monkeypox; however, 
symptoms can be managed. To reduce the risk of contracting the disease, 
one should avoid contact with infected animals and maintain good hy
giene practices to prevent transmission. Vaccination is considered the 
most effective way to combat Monkeypox. While vaccines for the virus 
have been approved by the Food and Drug Administration (FDA), they 
have yet to be administered to humans in the United States. In other 
nations, vaccines developed for smallpox are utilized to treat Mon
keypox [8]. Monkeypox diagnosis starts with evaluating skin lesions and 
exposure history [9]. Confirmation involves testing lesions using Poly
merase Chain Reaction (PCR) and Enzyme-linked Immunosorbent Assay 
(ELISA) to detect the virus. Conducted in Biosafety Level 3 laboratories 
by trained staff, these tests confirm Monkeypox and maintain safety 
[10]. 

The application of Machine Learning (ML) in medical imaging and 
disease diagnosis is a significant advancement in the field of Artificial 
Intelligence (AI). ML’s rapid and precise decision-making capabilities 
have made it a valuable tool in diagnostic imaging. A notable example is 
the computer-aided diagnosis (CAD) system developed by Miranda and 
Felipe for breast cancer diagnosis, utilizing fuzzy logic to handle un
certainty and imprecision. This system analyzes imaging features like 
contour, density, and form to determine diagnoses, mimicking a radi
ologist’s reasoning with reduced computational time, enhancing both 
accuracy and efficiency in medical imaging [11]. Additionally, Ardakani 
et al.’s research highlights the efficacy of Deep Learning (DL) in iden
tifying COVID-19. By evaluating ten different DL models using data from 
108 COVID-19 patients and 86 non-COVID-19 patients, they achieved a 
remarkable 99% accuracy rate [12]. These examples underscore how 
ML and DL are revolutionizing medical diagnostics, offering more ac
curate, efficient, and reliable methods for disease detection and analysis 
[13]. 

In recent years, various studies have been conducted using DL 
models to classify human Monkeypox using image analysis techniques. 
Most of the research considered different pre-trained models for better 
and more effective performance. For instance, Sahin et al. evaluated 
various pre-trained models, including ResNet18, GoogleNet, Effi
cientNetB0, NasnetMobile, ShuffleNet, and MobileNetv2, using the 
Monkeypox skin lesion dataset (MSLD). The study found that Mobile
Netv2 had the highest accuracy of 91.11% in binary classification [14]. 
Similarly, in a study by Sitaula and Shahi, different pre-trained DL 
models were compared. The study found that an ensemble approach 
performed best, achieving a precision of 0.85, recall of 0.85, F1-score of 
0.85, and accuracy of 87.13% [15]. 

Akin et al. suggested a Convolutional Neural Network (CNN)-based 
auxiliary decision aid system for hospitals. The author considered 572 
images to develop the model and achieved an accuracy of 83.89% using 
Xception- CBAM-Dense for binary classification. The study also 
employed MobileNetV2, which had an F1-score of 0.98 and an accuracy 
of 98.25%, as well as sensitivity, and specificity of 1.0. Finally, the 
model’s predictions have been interpreted using the Gradient-Weighted 
Class Activation Mapping (GradCAM) visualization tools [16]. 

Irmak, Aydin, and Yağanoğlu aimed to detect Monkeypox skin dis
ease using DL-based models, and the study considered a dataset con
sisting of 770 images. Two pre-trained models, MobileNetV2 and 
VGGNet, were used in the study. The results showed that MobileNetV2 
had the highest performance in terms of accuracy (91.38%), precision 
(0.90), recall (0.86), and F1-score (0.88) for the multiclass classification 
task. The author concluded that MobileNetV2 is a suitable model for 
detecting Monkeypox disease diagnosis, with high accuracy and per
formance in both binary and multiclass classification tasks. Ensemble 
approaches and interpretation methods such as Local Interpretable 
Model-Agnostic Explanations (LIME) have also been shown to improve 
performance [17]. However, more research is needed to improve the 
models’ performance further and explore other datasets and methods for 
the classification of Monkeypox. Alcalá-Rmz et al. present a novel 
approach to diagnosing exanthematous diseases utilizing infected 

images and DL algorithms. The authors employ MiniGoggleNet, a 
DL-based model, which comprises 2067 images. Their preliminary 
findings demonstrate promising performance, with an accuracy of 97% 
and an AUC of 0.76 for binary classification. Nevertheless, the study 
does have certain limitations, such as the lack of investigation into 
multiclass classification and the absence of explainable AI techniques to 
make the DL model’s predictions more interpretable. Future studies 
should address these limitations to enhance the understanding and 
reliability of this diagnostic approach [18]. 

In medical imaging, the application of AI and ML has shown 
immense potential for revolutionizing disease diagnosis and treatment. 
However, the integration of AI in this domain is accompanied by sig
nificant challenges, especially concerning data privacy and security. 
Since medical images contain sensitive and confidential patient infor
mation, it is necessary to safeguard patient privacy while ensuring ac
curate disease detection. 

Over the years, Federated Learning (FL) has emerged as a promising 
solution to address these privacy concerns in the context of medical 
imaging [19]. Unlike traditional centralized ML approaches, FL enables 
model training across multiple distributed data sources without 
requiring the raw data to be centralized. Instead, individual data sour
ces, such as medical institutions or hospitals, retain complete control 
over their data, allowing them to keep sensitive images within their 
secure confines [20]. Only model updates, not raw data, are exchanged 
during collaborative learning, safeguarding patient privacy [21]. 

Based on the overall analysis, it can be inferred that very limited 
research has been conducted using DL-based approaches to diagnose 
Monkeypox. Most of the literature has only focused on Transfer Learning 
(TL) based approaches. Furthermore, none of the existing approaches 
provides information on their models’ computational efficiency or 
interpretability using interpretable ML techniques. As an effect, there is 
a need to evaluate the performance of TL-based approaches with various 
hyperparameter settings in order to develop a robust ML-based Mon
keypox diagnosis model that is computationally efficient, provides 
adequate model interpretability, incorporates generalization and regu
larization techniques to reduce overfitting and is ultimately tested on 
both binary and multiclass datasets. 

2. Motivation 

The accurate diagnosis of Monkeypox disease plays a pivotal role in 
its effective treatment and containment. While traditional diagnostic 
methods have been developed, they often need to be more accurate and 
require specialized equipment and expertise. In contrast, ML and DL 
approaches have demonstrated promising results in image-based medi
cal diagnoses, encompassing lung cancer, brain tumor, skin disease, and 
COVID-19 [9]. However, research on DL-based approaches for Mon
keypox disease diagnosis still needs to be expanded and necessitates 
model interpretability and computational efficiency considerations. 

In this study, we aim to develop and evaluate the performance of 
cutting-edge TL algorithms, specifically Visual Geometry Group (VGG)- 
16, Residual Network (ResNet)- 50, ResNet101, and Vision Transformer 
(ViT), for Monkeypox disease diagnosis. The evaluation encompasses 
not only the accuracy of predictions but also the computational 
complexity and interpretability of the models. The integration of inter
pretable ML techniques offers valuable insights into the underlying 
decision-making process of the models and the factors influencing their 
predictions. 

Moreover, we recognize the importance of advanced disease seg
mentation techniques in comprehensively understanding Monkeypox 
diseases. To achieve this, we introduce the utilization of Region of In
terest (ROI) and Segment Anything (SAM) models alongside threshold- 
based segmentation methods. These innovative approaches enhance 
the visual analysis of infected regions, providing valuable perspectives 
for disease assessment. 

The pressing need to assess these algorithms’ performance in 
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Monkeypox disease diagnosis arises from the increasing urgency to 
develop efficient and accurate diagnostic tools. As the number of Mon
keypox cases continues to rise, developing robust diagnostic models 
capable of swiftly and precisely identifying infected individuals becomes 
paramount. Leveraging TL and ViT approaches holds the potential to 
significantly enhance the performance and efficiency of Monkeypox 
disease diagnosis, making it more accessible to a larger population. 

In conclusion, our motivation for this experiment is to propose and 
evaluate the performance of TL and ViT algorithms for Monkeypox 
disease diagnosis, considering accuracy, computational efficiency, and 
interpretability. The study’s outcomes are expected to contribute valu
able insights into creating robust and efficient diagnostic tools for 
Monkeypox disease. 

Our contributions to the field of Monkeypox disease diagnosis are 
outlined as follows:  

1. Application of TL techniques, evaluating their effectiveness in 
developing a preliminary Monkeypox patient detection model using 
three modified CNN models: M-VGG16, M-ResNet50, and M- 
ResNet101.  

2. Investigation and assessment of ViT-based approaches, accompanied 
by advanced visual representation techniques for model outcome 
analysis.  

3. Validation of findings through LIME post-image analysis, providing 
comprehensive explanations of model predictions and enhancing 
interpretability. 

4. Integration of FL into our study, specifically for analyzing Mon
keypox diseases, due to its significance in safeguarding sensitive 
medical images across geographically distributed locations.  

5. Implementation Region of Interest and threshold based segmentation 
(ROITS) and Segment Anything (SAM) models for improved disease 
segmentation and visual understanding. 

The remainder of the paper is organized as follows: The methodology 
of the experiment is described in detail in Section 3. The results of the 
experiment are presented in Section 5. A brief discussion of the study’s 
findings is provided in Section 6, and the overall conclusions of the 
research and potential avenues for future research are summarized in 
Section 7. 

3. Methodology 

This section outlines the procedure for acquiring and augmenting the 
data, developing the proposed DL-based model, experimental setup, and 
evaluating metrics employed to assess the model’s performance. 

3.1. Data collection 

At the early stage of this work, the lack of a standard Monkeypox 
dataset posed a challenge for researchers and practitioners in developing 
and testing DL-based models for Monkeypox disease diagnosis. To 
address this issue, we conducted a prior study in which we developed a 
dataset for Monkeypox disease diagnosis. The procedure for data 
collection and elaboration of details can be found in the following arxiv 
[22] repository and peer-review [9] papers. Table 1 presents a summary 

of the developed datasets used in the prior study. As shown in the table, 
dataset 1 comprises only 60 samples, dataset 2 encompasses 1754 
samples, and dataset 3 contains 2524 samples. 

3.2. Convolutional neural network 

The essential architecture of Convolutional Neural Networks (CNNs) 
in image classification comprises Convolutional (Conv), Pooling, and 
Dense layers. CNNs are widely used in Deep Learning (DL) for various 
applications, including image recognition, video analysis, image seg
mentation, natural language processing (NLP), and object detection 
[23]. The basic structure of CNNs for image classification is outlined in 
referenced Fig. 1 [23]. 

In the CNN architecture, feature extraction is one of the most 
important parts. This technique involves reducing the dimensionality of 
vast amounts of data with the purpose of enhancing the efficiency of DL- 
based models. The CNN architecture consists of multiple layers specif
ically designed to recognize and extract the most relevant and important 
features from the input data. To obtain the output feature map, the CNN 
model utilizes various weighted kernels, Wl, at each layer, l, in the 
model. This feature extraction process is crucial in preserving the most 
meaningful information from the input data, which is then passed on to 
subsequent layers for further processing [24]. 

ol =WlT a(l− 1) + bl (1)  

where 

ol = feature map 
bl = bias of the layer 

The pooling layer is utilized for the extraction of the maximum 
feature values in the following manner: 

Pl
m =max(p,q)ol (2)  

where (m, n) represents the dimensions of the pooling window. 

Pl
m = pooling layer 

The final layer, also known as the linked layer, can be defined as 
follows: If layer l takes the input feature map P(l− 1)

1 with a size of P(l− 1)
2 ×

P(l− 1)
3 from the previously linked layer l-1 then the linked layer can be 

expressed as: 

Kl
i = f

(
Z(l)

i

)
(3)  

Zl
i =

∑P
(l− 1)
1

j=1

∑P
(l− 1)
2

r=1

∑P
(l− 1)
3

s=1
w(l)

i,j,r,s

(
K(l− 1)

j

)

r,s
(4)  

where, the weight w(l)
i,j,r,s is used to define the connection between the itℎ 

unit’s location (r, s) and the jtℎ feature map in layer (l − 1). 
In the training phase, it’s necessary to use optimization techniques to 

find the best model. To achieve this, we evaluated two commonly used 
optimization algorithms: an adaptive learning rate optimization (Adam) 
algorithm and stochastic gradient descent (Sgd) [23,24]. 

3.3. VGG16 

The VGG network consists of two deep CNN models named VGG16 
and VGG19. These models were developed by the Visual Geometry 
Group and trained on a dataset of one million samples from the 
ImageNet database. The VGG16 model requires the images of size 224 ×
224 and processes them through a series of Convolutional layers with 
filters ranging from 64 to 512, using Max pooling with a 2 × 2 filter and 

Table 1 
Characteristics of the collected dataset [9].  

Dataset Data class Sample Total 

One Monkeypox 43 76 
Normal 33 

Two Monkeypox (upsample data) 587 1754 
Normal (upsample data) 1167 

Three Monkeypox (mixed data) 866 2524 
Normal (Mixed data) 1658  
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a stride of 2 and a Rectified Linear Unit (ReLU) activation function. The 
Pooling layer is then transformed into a 1D vector in the dense layer. The 
final step involves applying a Softmax activation function to the output 
layer for categorizing the samples into one of 1000 categories [23]. 

3.4. ResNet50 

ResNet50, a Residual Network model, has 50 layers, including con
volutional, max pooling, average pooling, and regular pooling layers. It 
starts with a 7 × 7 convolutional layer with 64 kernels and a stride of 2, 
followed by max pooling with the same stride. It features nine con
volutional layers with 64, 64, and 256 kernel filters and another nine 
layers with 512, 512, and 2048 kernels. The architecture concludes with 
a 1000-node fully connected layer, an average pooling layer, and a 
Softmax activation function on the output [25]. 

3.5. ResNet101 

The ResNet101 model is similar in architecture to its counterpart, the 
ResNet50. The network takes images with a resolution of 224 × 224. The 
main difference between ResNet50 and ResNet101 lies in the fourth 
block, where ResNet101 has an added three-layer block with 256, 256, 
and 1024 filters [26]. 

3.6. ViT 

The Vision Transformer (ViT) introduced by Dosovitskiy et al. for 
image classification treats images as sequences of patches processed by a 
transformer-based model. This model, pretrained on a large dataset, is 
fine-tuned for specific tasks. ViT’s architecture, as shown in Fig. 2, in
cludes a Transformer Encoder (TE), Multi-Layer Perceptron (MLP) 
normalizer, Multi-Head Attention Mechanism (MHAM), and Embedded 
Patches (EP). The TE analyzes sequential data, extracting features, while 
the MLP normalizes these activations for stable training and enhanced 
performance. The MHAM focuses on different image parts, enabling 
finer feature extraction and better understanding of image regions [27]. 

3.7. Proposed approaches 

The proposed modified CNN leverages TL approaches. Fig. 3 depicts 
the two major sections of the proposed method: the preprocessing of 
Monkeypox images and the detection of infected individuals based on 
the modified TL. 

3.7.1. Preprocessing of the Monkeypox images 
The utilization of ROI patches on image datasets aims to extract (224 

× 224 × 3 uniform dimension) relevant information from the images 
rather than to process the entire image to enhance both the efficiency 
and accuracy of the model’s predictions. Additionally, the grayscale 

Fig. 1. The basic structure of a CNN designed for image classification.  

Fig. 2. A diagram of a ViT featuring a Transformer Encoder, Multi-Layer Perceptron normalization, Multi-Head Attention Mechanism, and Embedded Patches for 
fine-grained feature extraction. 
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images were converted into RGB format using functions from the 
OpenCV library to facilitate compatibility with the input layer of the 
proposed CNN model. No additional preprocessing was performed, as 
this was sufficient to reduce computational time complexity. 

3.7.2. Proposed CNN architecture 
The proposed CNN model comprises three main components: pre- 

trained architecture, updated layer, and prediction class (partially 
adopted from Ref. [9]). The pre-trained architecture is leveraged to 
extract high-dimensional features, which are then incorporated into the 
modified layer. The model architecture, illustrated in Fig. 3, consists of 
16 CNN layers with varying filter sizes and strides [28]. The input layer, 
which takes 224 × 224 images, is followed by two 3 × 3 filter Conv 
Layers, a Max Pooling Layer, two more Convolutional Layers, and 
another Max Pooling Layer. The modified layer then flattens the archi
tecture, followed by three Dense and one Dropout Layer. 

The proposed model’s performance is optimized through parameter 
tuning, which involves the examination of the batch size, number of 
epochs, and learning rate inspired by prior research [29,30]. The results 
of the optimal parameters for all three studies are detailed in Table 2. 
The data indicates that a learning rate of 0.001 produced an improved 
performance in all three studies. However, it is noteworthy that the 
optimal batch size and the number of epochs varied between the studies, 
which can be attributed to the differing sizes of the datasets used in each 
study. 

3.8. LIME as explainable AI 

The utilization of LIME provides a valuable approach for examining 
the predictions of a DL model, specifically CNN. LIME helps to shed light 
on the “black-box” nature of DL models, enabling the evaluation of the 
underlying decision-making process for a given prediction [31]. Ac
cording to Ribeiro et al., for a model to be considered locally inter
pretable, it must approximate well around the predicted sample [32]. 

LIME uses a formula to generate an optimized model that is locally 
faithful. Utilizing the following formula, the optimal LIME model for 
model interpretation is developed [31,32]: 

(x)=g∊GL (f , g, πx) + ω(g) (5)  

in this equation, g represents the interpretable model that LIME attempts 
to optimize. The goal is to minimize the loss function L (f ,g,πx), which 
quantifies the discrepancy between the predictions of the original 
complex model f and the simpler interpretable model g, within the vi
cinity of the input sample x. The kernel πx, typically an exponential 
kernel weighted by Euclidean distance, prioritizes the fidelity of g to f 
closer to x. The bandwidth σ of this kernel plays a crucial role in 
determining the locality of the explanation. A penalty term ω(g) is 
included to ensure the simplicity of the interpretable model, thereby 
preventing overfitting and maintaining the explanation’s 
interpretability. 

In our implementation, LIME was applied to analyze the decision- 
making processes of our CNN models. This involved perturbing the 
input data around a target prediction and observing the corresponding 
changes in the output. These minor perturbations were significant 
enough to provide insights into how the model’s predictions change 
with variations in the input. For each perturbed instance, the output of 
LIME highlighted the key features and their contributions to the final 
prediction, thereby elucidating the reasoning behind the model’s 
decision. 

Through the application of LIME, we could discern not only the 
features that led to accurate predictions but also the reasons behind 
misclassifications. For instance, the analysis revealed instances where 
the model’s attention to specific features was misaligned with the clin
ical indicators of a condition, leading to an incorrect diagnosis. This has 
been instrumental in identifying areas for model refinement and 
enhancing the predictions’ overall reliability. 

Fig. 3. The framework of the proposed modified TL method.  

Table 2 
Optimal parameter identification using the grid search method used in this 
study.  

Study Parameter Grid search Optimal parameters parameters 

One Number of epochs 30, 35, 40, 50 30 
Batch size 5, 10, 15, 20 5 
Learning rate 0.1, 0.01, .001 0.001 

Two Number of epochs 30, 35, 40, 50 50 
Batch size 30, 40, 45, 50 30 
Learning rate 0.1, 0.01, 0.001 0.001 

Three Number of epochs 30, 35, 40, 50 40 
Batch size 10, 30, 40, 50 30 
Learning rate 0.1, 0.01, 0.001 0.001 

Four Number of epochs 30, 35, 40, 50 50 
Batch size 10, 30, 40, 50 30 
Learning rate 0.1, 0.01, 0.001 0.001  
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In conclusion, implementing LIME in our study provided a deeper 
understanding of our CNN models, bridging the gap between high ac
curacy and interpretability. It underscored the importance of trans
parency in AI models, especially in critical applications like medical 
diagnosis, where comprehending the model’s reasoning is as crucial as 
its predictive accuracy. 

4. Experiment setup 

The experimental setup consisted of a conventional laptop with the 
Windows 10 operating system specifications, 16 GB of RAM, and an Intel 
Core I7 processor. Table 3 summarizes the datasets utilized in this Study. 
As indicated in the table, a total of 76 images were employed for Study 
One, 1754 images for Study Two, 656 images for Study Three, and 2524 
images for Study Four. It is noteworthy to mention that the datasets used 
for Studies One, Two, and Four consist of binary class data. In contrast, 
the dataset utilized for Study Three is composed of multiclass data. A 
typical approach in the ML domain was adopted, where 80% of the 
sample data was allocated for training and the remaining 20% for testing 
the model. 

Table 4 presents the concise data distribution for Study Four across 
two servers: “Client One (USA)” and “Client Two (Bangladesh)”. Each 
server has labeled datasets divided into training and test sets. For Client 
One, there are 235 training instances and 59 test instances, totaling 294. 
Similarly, there are 235 training instances and 59 test instances for 
Client Two, totaling 294 instances. These distributions are vital for 
evaluating and comparing models developed for Study Four, considering 
the data variability between the two servers and their locations. 

For the Client One server0 in the USA, an office-grade laptop running 
on the Windows 10 operating system, powered by an Intel Core i7- 
7500U processor and supported by 16 GB RAM, was used. On the 
other hand, for the Client Two server (located in Bangladesh), a com
puter system running on Windows 11 Pro, equipped with an Intel® 
Xeon® E-2186 M Processor, 32 GB DDR4 RAM, and an Nvidia Quadro 
P1000 GPU, was utilized. 

We adopted optimal parameter settings derived from the preceding 
studies to simplify the experimentation process. Specifically, a batch size 
of 30 and a learning rate of 0.001 were utilized while keeping the 
remaining experimental parameters consistent with those used in the 
previous studies in Table 2. 

A representation of sample images from the datasets used in this 
study is shown in Fig. 4. In this study, the technique of early stopping 
was employed to prevent overfitting and data leakage and accurately 
assess the model’s performance. Early stopping is a widely used regu
larization technique in DL, where the evaluation of the validation loss 
occurs less frequently, and the trained model is saved periodically [33]. 

4.1. Client side experimental setup for FL 

In the current study, we incorporated an FL strategy to critically 
assess the resilience of our proposed model under the conditions of two 
distinct training environments, employing the mechanism of distributed 
weight sharing. The primary objective of this investigation is to evaluate 
the feasibility of utilizing the proposed model as a comprehensive global 
model that can serve diverse users and organizations without necessi
tating the disclosure of proprietary data. This aspect is particularly 
salient in the medical field, where preserving patient confidentiality is of 
utmost importance. 

Fig. 5 presents a schematic representation of the FL framework uti
lized for training various TL based models, including VGG16, ResNet50, 
and ResNet101, on two distinct client servers. As depicted, an identical 
TL-based model is employed to train the Convolutional Neural Network 
(CNN) models on divergent datasets, with no data sharing occurring 
between the two clients. Subsequently, these clients share their trained 
weights, which act as model parameters for the global model. The global 
model is then assessed on a shared server, with the performance out
comes articulated in Table 1 within the Results section. 

4.2. Federated learning approaches 

In this study, we implement an FL approach using ResNet101, 
ResNet50, and VGG16 architectures to train models across multiple 
clients and a global server. 

Our methodology involves a Server-Side Model which operates in 
three fundamental steps:  

1. Initially, the global model is equipped with baseline weights and the 
training is delegated to the client side.  

2. Each client performs local training on their respective datasets. The 
objective of the clients is to optimize the model by minimizing the 
categorical cross-entropy loss, a process that involves classifying 
data into distinct categories. Upon successfully training and identi
fying the optimal model, the clients relay these model updates or 
weights to the server.  

3. Upon receiving updates from both clients, the server then updates 
the global model parameters by computing an average weight and 
generating a new model. 

The proposed FL approach involves the utilization of local loss 
functions (LLF) for each client and a global loss function to achieve 
collaborative model training across multiple distributed data sources. 
The LLF for each client process is calculated using the following equa
tions: 

Fx (w)=
1
nx

∑

i∈Pk

fi(w) (6) 

In Equation (1), (w) represents the local loss function for client x. It is 
computed as the average of individual loss functions (w) over the data 
samples i in the local dataset Pk belonging to client x. Here, nx denotes 
the total number of data samples in the client x’s dataset. - Global loss 
function: 

Table 3 
Allocation of data used for training and testing during this study.  

Study Label Train set Test set Total 

Study One Monkeypox 34 9 43 
Normal 26 7 33 
Total 60 16 76 

Study Two Monkeypox 470 117 587 
Others 933 234 1167 
Total 1403 351 1754 

Study Three Chickenpox 80 20 100 
Measles 64 16 80 
Monkeypox 211 53 264 
Normal 169 43 212 
Total 524 132 656 

Study Four Monkeypox 696 170 866 
Normal 1323 335 1658 
Total 2019 505 2524  

Table 4 
Data distribution among two servers for Study Four.  

Study Four Label Train set Test set Total 

Client One (USA) Monkeypox 167 42 209 
Normal 68 17 85 

Client Two (Bangladesh) Total Monkeypox 235 59 294 
174 44 218 

Normal 61 15 76  
Total 235 59 294  
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f (w)=
∑x

x=1

nx

n
Fx(w) (7) 

In Equation (2), (w) represents the global loss function. It is calcu
lated as the weighted sum of the local loss functions (w) across all clients 
x. The weight of each client’s contribution is determined by the scaling 
factor nx

n , where nx is the number of data samples in the client x’s dataset, 
and n is the total number of data samples across all clients. 

By the scaling factor derived from each dataset, the weights of the 
local models are updated, and subsequently, the summation of all client 
weights is passed on to the global model. This process allows for 
collaborative model training across multiple distributed data sources 

while ensuring that sensitive data remains localized and does not need to 
be shared centrally [34]. 

The iterative process of weight updating is repeated for a total of two 
rounds. It is important to emphasize that the global model does not 
begin with pre-existing weights but updates its weights after each round 
by considering the average weights received from the client models. This 
approach ensures collaborative learning, where the global model 
effectively incorporates the knowledge and insights derived from 
diverse client datasets. 

Fig. 4. Representative samples of both Monkeypox and normal images obtained from Ref. [22].  

Fig. 5. Privacy-preserving FL approaches for medical data: a distributed framework for model Weight sharing among multiple clients.  
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4.3. Performance evaluation 

The experimental results are evaluated using traditional statistical 
measures, including accuracy, precision, recall, F1-score, sensitivity, 
and specificity. The results are presented with a 95% confidence inter
val, which is in line with previous studies that utilized a small dataset 
[33,34,35]. In our study, the classification of Monkeypox as true positive 
(Tp) or true negative (Tn) indicates a correct diagnosis, while false pos
itive (Fp) or false negative (Fn) indicates a misdiagnosis. The explanation 
of these statistical metrics is provided in detail in Table 5. The notation 
of xp and xn is used to represent positive and negative data samples, 
respectively, and ri represents the assigned rating for the itℎ positive 
sample in equation (5). 

5. Results 

Table 6 presents the results of the preliminary computations per
formed on the train and test sets for the M − VGG16 model, including 
overall accuracy, precision, recall, F1-score, sensitivity, and specificity 
scores. The best performance of the model is indicated in bold font. The 
table demonstrates that the modified M-VGG16 models exhibit consis
tent performance across Studies One, Two, Three, and Four when 
trained with either Adam or Sgd optimizer. The highest accuracy on the 
test set was achieved during Study One, regardless of the optimizer used 
for training. However, the lowest performance was observed during 
Study Two when the model was trained with an Sgd optimizer. In Study 
Four, the model trained with the Adam optimizer maintained high ac
curacy, precision, recall, F1-score, sensitivity, and specificity scores, 
whereas the Sgd optimizer showed a considerable variation, with scores 
ranging from high (1.0 for specificity) to low (0.0 for sensitivity and F1- 
score). 

Table 7 presents the overall performance results of the M-ResNet50 
models for Studies One, Two, Three and Four, along with the optimi
zation algorithms used. The table shows that after being trained using 
either the Adam or Sgd optimizer, the M-ResNet50 models continuously 
performed poorly during Studies One and Two. In contrast, during Study 
Three, the proposed M-ResNet50 demonstrated significantly better 
performance when trained with both the Adam and Sgd optimizers. 
However, during Study Four, better performance was observed only 
with the Adam optimizer. 

Table 8 presents the results of the experimental evaluations per
formed on the M-ResNet101 model, utilizing various optimization al
gorithms in Study One, Two, Three, and Four. The table illustrates that 
in Study One, the ResNet101 model trained with the Sgd optimization 
algorithm achieved the highest accuracy, precision, recall, and F1 score. 
However, in Study Two, the model’s performance remained consistent 
across different optimizers. Contrarily, in Study Three, the best perfor
mance was observed for both Adam and Sgd optimizers. Notably, in 
Study Four, the Adam optimizer again demonstrated superior 

performance compared to the Sgd optimizer. 
Table 9 presents the results of experimental evaluations of the ViT 

model utilizing different optimization algorithms in Studies One, Two, 
Three, and Four. The data indicates that the ViT model trained with the 
Adam optimization algorithm achieved the highest accuracy, precision, 
recall, and F1-score levels in Study One, with notable performance in 
Study Three and Four as well. However, the lowest performance was 
observed when the ViT model was trained with the Sgd algorithm in 
Study Two. Notably, in Study Four, the model trained with the Adam 
optimizer showed improved metrics over the Sgd optimizer, although 
both displayed enhanced performance compared to earlier studies. 
These findings indicate that Adam may be a more appropriate optimi
zation algorithm for training ViT models. 

Fig. 6 presents the performance of the models on the training and 
testing sets per epochs during each study. As shown in Fig. 6(a), (b) and 
(d), the M-VGG16 model with the Adam optimizer demonstrates an 
improvement in performance until the model starts to overfit after 25 
epochs in Study One, Two and Four. In Study Three, the M-ResNet50 
model (Fig. 6(c)) shows promising results until it starts to overfit after 20 
epochs. 

On the other hand, the M-ResNet50 model trained with SGD starts to 
overfit after only 10 epochs in Study One, as illustrated in Fig. 6(e). In 
Study Two, the performance of the M-ResNet101 model does not 
improve and fluctuates; it starts to overfit after 12 epochs, as shown in 
Fig. 6(f). In Study Three, the ViT model demonstrates the worst per
formance during the training phase when trained with the Adam opti
mizer, as depicted in Fig. 6(g). In Study Four, the M-ResNet50 model, 
trained with SGD, did not overfit but was unable to improve perfor
mance, as shown in Fig. 6(h). 

To mitigate overfitting, we employed early stopping techniques. 
Using these techniques, we found that, while the performance of the ViT 
model did not improve significantly, it did not display any overfitting 
throughout the training process. 

The performance of the best and worst models in terms of the area 
under the receiver operator characteristic (ROC) curve (AUC) is repre
sented in Fig. 7, with the true positive rate (TPR) and false positive rate 
(FPR) as the metrics of evaluation. As depicted in Fig. 7(a), (b) and (e), 
the M − VGG16 model demonstrates the highest level of performance, 
with AUC scores of 1.0, 0.937, and 0.991 for Studies One, Two, and 
Four, respectively, on the training set. In Study Three, the M-ResNet50 
model trained with the Adam optimizer attains the best performance 
with an AUC score of 0.90, as shown in Fig. 7(c). 

In contrast, the lowest level of performance is observed for the M- 
ResNet50 with AUC scores of 0.50 both the training and testing sets for 
Studies One and Four, as shown in Fig. 7(e) and (h) and M-ResNet101 
models, with AUC scores of 0.50 on both the training and testing sets for 
Study Two, respectively, as shown in Fig. 7(f). Additionally, during 
Study Three, the ViT model demonstrated the least favorable perfor
mance with an AUC score of 0.77, as shown in Fig. 7(g). 

In Fig. 8, the best and worst models in terms of confusion matrix 
analysis are presented. In Study One, the M-VGG16 model misclassified 
four samples. Similarly, M-VGG16 misclassified 80 samples in Study 
Two, as depicted in Fig. 8(a) and (b). Additionally, in Study Three, the 
M-ResNet101 model misclassified 20 out of a total of 131 samples, as 
shown in Fig. 8(c), whereas in Study Four, M-VGG16 misclassified 117 
samples, as depicted in Fig. 8(d). On the other hand, the M-ResNet50, M- 
ResNet101, and ViT models demonstrated lower performance in terms 
of misclassification rates. Specifically, M-ResNet50 models misclassified 
7 out of 7 (e) and 170 out of 170 (h) during Studies One and Four, 
respectively; M-ResNet101 misclassified 117 out of 117 (f) during Study 
Two; and ViT models misclassified 40 out of 132 samples (g) during 
Study Three. 

In Table 10, we have presented a detailed summary of the total 
process time for each module that was deployed throughout the 
research. To ensure that the training process is robust and efficient, an 
early stop mechanism was employed to prevent data leakage and 

Table 5 
Performance metrics used to evaluate the model’s performance during the study.  

Performance measure Formula Equation 

Accuracy Tp + Tn

Tp + Tn+Fp+Fn 

(6) 

Precision Tp
Tp+Fp 

(7) 

Recall Tn

Tn+Fp 

(8) 

F1-Score 2 x 
Precision x Recall
Precision + Recall 

(9) 

Sensitivity Tp
Tp+Fn 

(10) 

Specificity Tn

Tn+Fp 

(11) 

Area under the curve (AUC) Σri(xp) − xp((xp + 1)/2)
xp + xn  

(12)  
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overfitting issues. This mechanism was set to a patience level of 5, which 
means that if the performance of the validation loss did not improve 
after five iterations, the model would automatically stop training to 
avoid further overfitting and computational issues. To evaluate the 

processing time, we computed the time per epoch as each algorithm and 
optimizer terminated at a different epoch. In Study One, the M-VGG16 
model trained using the Adam optimizer required the least time to train, 
with a processing time of 0.9 seconds. In Study Two, the lowest 

Table 6 
The performance of the M-VGG16 model on the dataset used in this study, with a confidence interval of α = 0.05. Atr–train accuracy, Ats–test accuracy, Prtr–train 
precision, Prts–test precision, Rctr–train recall, Rcts–test recall, Ftr–train F1-score, Fts–test F1-score, Sntr–train sensitivity, Snts–test sensitivity, Sptr–train specificity, 
Spts–test specificity.  

Study Optimizer Atr Ats Prtr Prts Rctr Rcts Ftr Fts Sntr Snts Sptr Spts 

One Adam 
Sgd 

98 ±
1.6% 

88 ±
7.591% 

0.98 ±
0.016 

0.90 ±
0.069 

0.98 ±
0.016 

0.88 ±
0.076 

0.98 ±
0.016 

0.87 ±
0.079 

1 1 0.96 ±
0.023 

0.71 ±
0.118 

98 ±
1.6% 

88 ±
7.591% 

0.98 ±
0.016% 

0.90 ±
0.069 

0.98 ±
0.016 

0.88 ±
0.076 

0.98 ±
0.016 

0.87 ±
0.079 

1 1 0.961 ±
0.022 

0.714 ±
0.117 

Two Adam 84 ±
0.936% 

76 ±
2.292% 

0.84 ±
0.009 

0.76 ±
0.023 

0.84 ±
0.009 

0.76 ±
0.023 

0.84 ±
0.009 

0.76 ±
0.023 

0.73 ±
0.012 

0.55 ±
0.031 

0.89 ±
0.008 

0.86 ±
0.018 

Sgd 84 ±
0.936% 

75 ±
2.339% 

0.84 ±
0.009 

0.73 ±
0.024 

0.84 ±
0.009 

0.75 ±
0.023 

0.84 ±
0.009 

0.75 ±
0.023 

0.75 ±
0.012 

0.55 ±
0.031 

0.89 ±
0.008 

0.86 ±
0.018 

Three Adam 99 ±
0.04% 

80 ±
2.8% 

1 0.8 ±
0.028 

1 0.69 ±
0.035 

1 0.72 ±
0.033 

0.99 ±
0.004 

0.92 ±
0.018 

0.99 ±
0.004 

0.68 ±
0.035 

Sgd 99 ±
0.04% 

81 ±
2.7% 

0.99 ±
0.004 

0.82 ±
0.026 

0.99 ±
0.004 

0.81 ±
0.027 

0.99 ±
0.004 

0.8 ±
0.028 

0.99 ±
0.004 

0.92 ±
0.018 

0.98 ±
0.006 

0.69 ±
0.035 

Four Adam 99 ±
0.43% 

77 ±
3.67% 

0.99 ±
0.004 

0.70 ±
0.038 

0.99 ±
0.004 

0.74 ±
0.038 

0.99 ±
0.004 

0.74 ±
0.038 

0.99 ±
0.004 

0.65 ±
0.042 

0.98 ±
0.005 

0.82 ±
0.033  

Sgd 66.00 ±
2.07% 

66.00 ±
4.13% 

0.330 ±
0.021 

0.330 ±
0.041 

0.500 ±
0.022 

0.500 ±
0.044 

0.400 ±
0.021 

0.400 ±
0.043 

0.00 0.00 1.00 1.00  

Table 7 
The performance of the M-ResNet50 model on the dataset used in this study, with a confidence interval of α = 0.05. Atr–train accuracy, Ats–test accuracy, Prtr–train 
precision, Prts–test precision, Rctr–train recall, Rcts–test recall, Ftr–train F1-score, Fts–test F1-score, Sntr–train sensitivity, Snts–test sensitivity, Sptr–train specificity, 
Spts–test specificity.  

Study Optimizer Atr Ats Prtr Prts Rctr Rcts Ftr Fts Sntr Snts Sptr Spts 

One Adam 57 ±
7.420% 

56 ±
14.53% 

0.28 ±
0.096 

0.28 ±
0.186 

0.50 ±
0.080 

0.50 ±
0.155 

0.36 ±
0.091 

0.36 ±
0.175 

1 1 0 0 

Sgd 57 ±
7.420% 

56 ±
14.53% 

0.28 ±
0.096 

0.28 ±
0.186 

0.50 ±
0.080 

0.50 ±
0.155 

0.36 ±
0.091 

0.36 ±
0.175 

1 1 0 0 

Two Adam 67 ±
1.344% 

67 ±
2.68% 

0.33 ±
0.019 

0.33 ±
0.038 

0.50 ±
0.017 

0.50 ±
0.033 

0.4 ±
0.018 

0.4 ±
0.036 

0 0 1 1 

Sgd 67 ±
1.344% 

67 ±
2.68% 

0.33 ±
0.019 

0.33 ±
0.038 

0.50 ±
0.017 

0.50 ±
0.033 

0.4 ±
0.018 

0.4 ±
0.036 

0 0 1 1 

Three Adam 99 ±
0.4% 

89 ±
2.1% 

1 0.89 ±
0.021 

1 0.89 ±
0.021 

1 0.88 ±
0.022 

0.99 ±
0.004 

0.96 ±
0.012 

0.99 ±
0.004 

0.83 ±
0.026 

Sgd 0.99 ±
0.4% 

87 ±
2.2% 

1 0.87 ±
0.022 

1 0.87 ±
0.022 

1 0.86 ±
0.023 

0.99 ±
0.004 

0.95 ±
0.014 

0.99 ±
0.004 

0.79 ±
0.029 

Four Adam 79 ±
1.78% 

69 ±
4.03% 

0.78 ±
0.018 

0.64 ±
0.042 

0.74 ±
0.019 

0.62 ±
0.042 

0.75 ±
0.019 

0.62 ±
0.042 

0.58 ±
0.021 

0.65 ±
0.042 

0.89 ±
0.013 

0.82 ±
0.033  

Sgd 66 ±
2.07% 

66 ±
4.13% 

0.33 ±
0.021 

0.33 ±
0.041 

0.50 ±
0.022 

0.50 ±
0.044 

0.40 ±
0.021 

0.40 ±
0.043 

0.00 0.00 1.00 1.00  

Table 8 
The performance of the M-ResNet101 model on the dataset used in this study, with a confidence interval of α = 0.05. Atr–train accuracy, Ats–test accuracy, Prtr–train 
precision, P rts–test precision, Rctr–train recall, Rcts–test recall, Ftr–train F1-score, Fts–test F1-score, Sntr–train sensitivity, Snts–test sensitivity, Sptr–train specificity, 
Spts–test specificity.  

Study Optimizer Atr Ats Prtr Prts Rctr Rcts Ftr Fts Sntr Snts Sptr Spts 

One Adam 57 ±
7.420% 

56 ±
14.53% 

0.28 ±
0.096 

0.28 ±
0.186 

0.5 ±
0.08 

0.5 ±
0.155 

0.36 ±
0.091 

0.36 ±
0.175 

1 1 0 0 

Sgd 60 ±
7.157% 

56 ±
14.53% 

0.79 ±
0.052 

0.28 ±
0.186 

0.54 ±
0.077 

0.5 ±
0.155 

0.44 ±
0.085 

0.36 ±
0.175 

1 1 0.076 ±
0.109 

0 

Two Adam 67 ±
1.344% 

67 ±
2.68% 

0.33 ±
0.019 

0.33 ±
0.038 

0.50 ±
0.017 

0.50 ±
0.033 

0.4 ±
0.018 

0.4 ±
0.036 

0 0 1 1 

Sgd 67 ±
1.344% 

67 ±
2.68% 

0.33 ±
0.019 

0.33 ±
0.038 

0.50 ±
0.017 

0.50 ±
0.033 

0.4 ±
0.018 

0.4 ±
0.036 

0 0 1 1 

Three Adam 99 ±
0.4% 

84 ±
2.5% 

1 0.83 ±
0.026 

1 0.84 ±
0.025 

1 0.82 ±
0.026 

0.99 ±
0.004 

0.93 ±
0.016 

0.99 ±
0.004 

0.74 ±
0.032 

Sgd 99 ±
0.4% 

84 ±
2.5% 

1 0.83 ±
0.026 

1 0.84 ±
0.025 

1 0.83 ±
0.026 

0.99 ±
0.004 

0.94 ±
0.015 

0.99 ±
0.004 

0.75 ±
0.031 

Four Adam 81 ±
1.71% 

70 ±
4.00% 

0.81 ±
0.017 

0.66 ±
0.041 

0.76 ±
0.019 

0.62 ±
0.042 

0.78 ±
0.018 

0.62 ±
0.042 

0.59 ±
0.021 

0.37 ±
0.042 

0.93 ±
0.011 

0.86 ±
0.029  

Sgd 66 ±
2.07% 

66 ±
4.13% 

0.33 ±
0.021 

0.33 ±
0.041 

0.50 ±
0.022 

0.50 ±
0.044 

0.40 ±
0.021 

0.40 ±
0.043 

0.00 0.00 1.00 1.00  

M.M. Ahsan et al.                                                                                                                                                                                                                              



Informatics in Medicine Unlocked 45 (2024) 101449

10

processing time was observed for the ViT model trained with the Sgd 
optimizer, with a time of 1.22 seconds. Similarly, for Study Three, the 
optimal computation time was obtained for the ResNet50 model trained 
with an Sgd optimizer (0.804 s). 

Additionally, in Study Four, we observed that the M-ResNet50 model 
trained with the Sgd optimizer had a processing time of 20.39 seconds 
per epoch, while the M-ResNet101 model with the Adam optimizer took 
19.60 seconds per epoch. The ViT model in Study Four, trained with 
both Adam and Sgd optimizers, also showed notable processing times of 
5.85 and 4.98 seconds per epoch, respectively. 

These findings demonstrate the variability in processing times across 
different models and optimizers, emphasizing the importance of 
choosing the right combination for efficient training. 

5.1. FL model performance 

Table 11 presents the comparative evaluation of test accuracy for the 
ResNet101, ResNet50, and VGG16 models across two communication 
rounds. The performance of each model was assessed after the initial 
training round (communication Round 0) and the subsequent fine- 

tuning (communication Round 1) in Bangladesh, the USA, and at the 
server level. The VGG16 model exhibited superior performance consis
tently across all three locations. By Communication Round 1, the VGG16 
model achieved perfect accuracy in Bangladesh and the USA and an 
admirable 97.561% on the server. In contrast, the ResNet models 
demonstrated lower accuracy. Still, the ResNet101 model in Bangladesh 
displayed noticeable progress between the two communication rounds, 
with accuracy rising from 72.97% to 86.486%. This data underscores the 
robust performance of the VGG16 model in the FL approach, demon
strating its potential for reliable application across varied locations and 
datasets. 

Fig. 9 displays the training loss for the best pre-trained model, 
VGG16, which loss significantly decreases during each epoch. The 
training loss significantly drops during epoch 2. 

6. Discussions 

The performance of TL-based models (M-VGG16, M − ResNet50, and 
M-ResNet101) and a ViT model was observed for image classification in 
the diagnosis of Monkey-pox disease using various statistical 

Table 9 
The performance of the ViT model on the dataset used in this study, with a confidence interval of α = 0.05. Atr–train accuracy, Ats–test accuracy, Prtr–train precision, 
Prts–test precision, Rctr–train recall, Rcts–test recall, Ftr–train F1-score, Fts–test F1-score, Sntr–train sensitivity, Snts–test sensitivity, Sptr–train specificity, Spts–test 
specificity.  

Study Optimizer Atr Ats Prtr Prts Rctr Rcts Ftr Fts Sntr Snts Sptr Spts 

One Adam 90 ±
3.6% 

75 ±
11.0% 

0.9 ±
0.036 

0.77 ±
0.105 

0.9 ±
0.036 

0.75 ±
0.110 

0.9 ±
0.036 

0.75 ±
0.110 

0.91 ±
0.034 

0.67 ±
0.126 

0.88 ±
0.039 

0.85 ±
0.085 

Sgd 85 ±
4.4% 

75 ±
11.0% 

0.85 ±
0.044 

0.77 ±
0.105 

0.85 ±
0.044 

0.75 ±
0.110 

0.85 ±
0.044 

0.75 ±
0.110 

0.91 ±
0.034 

0.67 ±
0.126 

0.77 ±
0.054 

0.85 ±
0.085 

Two Adam 70 ±
1.3% 

67 ±
2.7% 

0.68 ±
0.013 

0.64 ±
0.028 

0.7 ±
0.013 

0.67 ±
0.027 

0.67 ±
0.013 

0.63 ±
0.028 

0.33 ±
0.019 

0.22 ±
0.041 

0.89 ±
0.008 

0.89 ±
0.016 

Sgd 68 ±
1.3% 

67 ±
2.7% 

0.65 ±
0.014 

0.63 ±
0.028 

0.68 ±
0.013 

0.67 ±
0.027 

0.63 ±
0.014 

0.62 ±
0.029 

0.23 ±
0.021 

0.19 ±
0.042 

0.91 ±
0.007 

0.9 ±
0.015 

Three Adam 98 ±
0.5% 

70 ±
4.2% 

0.98 ±
0.005 

0.69 ±
0.042 

0.98 ±
0.005 

0.7 ±
0.042 

0.98 ±
0.005 

0.69 ±
0.042 

1 0.64 ±
0.046 

1 0.89 ±
0.025 

Sgd 71 ±
2.1% 

73 ±
4.0% 

0.74 ±
0.020 

0.76 ±
0.037 

0.71 ±
0.021 

0.73 ±
0.040 

0.72 ±
0.020 

0.74 ±
0.039 

0.98 ±
0.005 

0.72 ±
0.040 

0.74 ±
0.020 

0.89 ±
0.025 

Four Adam 91 ±
1.25% 

76 ±
3.72% 

0.90 ±
0.013 

0.73 ±
0.039 

0.90 ±
0.013 

0.73 ±
0.039 

0.90 ±
0.013 

0.73 ±
0.039 

0.88 ±
0.014 

0.63 ±
0.042 

0.92 ±
0.011 

0.81 ±
0.034 

Sgd 78 ±
1.81% 

71 ±
3.96% 

0.76 ±
0.019 

0.67 ±
0.041 

0.75 ±
0.019 

0.67 ±
0.041 

0.75 ±
0.019 

0.67 ±
0.041 

0.63 ±
0.021 

0.67 ±
0.041 

0.85 ±
0.015 

0.67 ±
0.041  

Fig. 6. Models accuracy and loss during each epoch for Study One, Two, Three, and Four. Studies One, Two, and Four observed the best performance for M-VGG16 
(a, b and d) with the Adam optimizer. During Study Three, Adam optimizer observed the best performance for (c) M-ResNet50. The worst performance was observed 
during Study One and Four for (e) and (h) M-ResNet50 with Sgd optimizer, Study Two for (f) ResNet101, and Study Three for (g) ViT with Adam optimizer.; 
TA—train accuracy, VA—validation accuracy, TL—train loss, VS—validation loss. 
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measurements. However, there is currently a lack of research utilizing 
ViT approaches (non-CNN) in this field, which hinders direct compari
son with existing reference literature. Despite this, several reference 
studies have implemented TL approaches for detecting patients with 
Monkeypox disease, providing the opportunity for a higher level of 
assessment to evaluate the performance of our proposed models. 

Table 12 presents a comprehensive comparison of the performance 
of several TL algorithms that have been proposed in recent research for 
the diagnosis of Monkeypox disease. The table compares the results of 
different algorithms reported by various researchers, such as Islam et al., 
who used ShuffleNet-V2 to achieve a maximum F1-score of 0.67 and a 

precision of 0.79 [36]. Similarly, Ali et al. used ResNet50 and reported a 
maximum precision of 0.85 and recall of 0.83 [37]. In contrast, our 
investigation found that the updated VGG16 models using Adam opti
mization methods obtained a maximum precision of 0.90, recall of 0.88, 
and F1-Score of 0.87. Thus, based on Study One, we can infer that our 
proposed model outperforms the existing approaches. Additionally, we 
employed early stopping approaches to prevent overfitting, which may 
have resulted in slightly lower performance in Study Two, but it is still 
comparable to the existing recommended models. Furthermore, our 
study observed an accuracy of almost 89% using ResNet50 with Sgd 
optimizer, which outperforms most of the reference literature. Unlike 

Fig. 7. Best and worst AUC-ROC performances for Studies One, Two, Three, and Four are presented. In Studies One, Two, and Four, the best results were obtained 
with M-VGG16, as shown in (a), (b), and (d), respectively. In Study Three, the best performance was achieved by M-ResNet50 using Adam optimization, as depicted 
in (c). Conversely, the worst results were identified for M-ResNet50 with SGD in Studies One and Four, as shown in (e) and (h), for M-ResNet101 in Study Two, as 
indicated in (f), and for ViT with Adam optimization in Study Three, as illustrated in (g); TPR—true positive rate, FPR—false positive rate. 

Fig. 8. Confusion matrices for the proposed model applied to Study One, Two, Three and Four. The best performance was observed with M-VGG16 during Studies (a) 
One, (b) Two and (d) Four and for M-ResNet50 during Study (c) Three. Contrarily, the lowest performance was observed with M-RestNet50 during Studies (e) One 
and (h) four, M-ResNet101, and ViT during Studies (f) Two, and (g) Three. 
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previous studies, we also addressed the issue of overfitting, which is an 
important consideration in developing robust models. As a result, the 
performance of our model is more reliable and viable compared to the 

existing literature. 
Fig. 10 demonstrates the principal features identified by our pro

posed models by applying LIME. LIME plays a pivotal role in clarifying 
the decision-making processes of ML models, especially in the context of 
complex and non-transparent models such as deep neural networks. This 
technique functions by locally approximating the ML model using an 
interpretable surrogate, typically a linear model, and subsequently 
identifying the features that significantly influence the model’s 
predictions. 

The implementation of LIME in our study includes generating per
turbations in the input data, followed by analyzing the resultant varia
tions in the model’s output. This methodology facilitated a deeper 
comprehension of the model’s behavior near each input instance. LIME 
produced a distinct explanation for every perturbed instance, 

Table 10 
Total computation time for each module used during the training phase of the study.  

Model Study Optimizer Early stops (epochs) Process time (seconds) Process time/epochs (seconds) 

M-VGG16 One Adam 50 44.51 0.9 
Sgd 7 7.01 1.001 

Two Adam 54 875.63 16.22 
Sgd 11 194.69 17.7 

Three Adam 11 17.39 1.58 
Sgd 30 27.21 0.91 

Four Adam 50 1117.94 22.35 
Sgd 50 998.98 19.97 

M-ResNet50 One Adam 18 21.17 1.2 
Sgd 6 10.09 1.7 

Two Adam 34 529.22 15.6 
Sgd 10 157.74 15.8 

Three Adam 19 13.73 0.72 
Sgd 21 16.90 0.804 

Four Adam 50 1294.88 25.89 
Sgd 50 1019.97 20.39 

M-ResNet101 One Adam 17 25.95 1.53 
Sgd 29 45.52 1.57 

Two Adam 16 277.22 17.33 
Sgd 12 211.89 17.66 

Three Adam 18 20.80 1.15 
Sgd 6 11.8 1.97 

Four Adam 50 980.07 19.60 
Sgd 50 1024.86 20.49 

ViT One Adam 10 10.51 1.05 
Sgd 10 10.67 1.07 

Two Adam 40 48.63 1.22 
Sgd 40 79.3 1.98 

Three Adam 50 90.91 1.82 
Sgd 50 85.55 1.71 

Four Adam 50 292.62 5.85 
Sgd 50 249.05 4.98  

Table 11 
Mean Accuracy with 95% confidence Interval for Models on Client One, Client 
Two, and Servers.  

Model Round Client 1 Client 2 Server 

ResNet101 0 72.97 ± 6.82 81.081 ± 9.81 62.195 ± 13.39  
1 86.486 ± 4.74 81.081 ± 9.54 65.854 ± 14.13 

ResNet50 0 83.748 ± 5.38 78.378 ± 6.62 62.195 ± 13.39  
1 81.081 ± 7.83 76.676 ± 8.02 62.195 ± 13.39 

VGG16 0 100 ± 0 91.892 ± 6.53 93.902 ± 3.70  
1 100 ± 0 100 ± 0 97.561 ± 1.67  

Fig. 9. Training loss of pre-trained VGG16 model for client 1, client 2, and the global server.  
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illuminating the rationale behind the model’s specific predictions. 
As depicted in Fig. 10(a), an image exhibiting symptoms of Mon

keypox was accurately classified as Monkeypox by the M-VGG16 model. 
This accuracy is attributable to the LIME algorithm, which underscored 
particular features and regions within the image, leading to this precise 
classification. The figure indicates that these features are the critical 
elements that the model correlates with Monkeypox symptoms. 

Moreover, Fig. 10(b) and (c) offer insights into the reasons behind 
the misclassification of normal images as those manifesting Monkeypox 
symptoms by the M-ResNet50 and M-ResNet101 models. The interpre
tation provided by LIME reveals that these models erroneously empha
sized certain non-pathognomonic features, resulting in inaccurate 
classifications. Such misclassifications are linked to the models’ focus on 
irrelevant or deceptive features within the images, a phenomenon 
vividly illustrated in these figures. 

Therefore, applying LIME has yielded valuable insights into the 
interpretative dimensions of our models. It has not only confirmed the 
models’ proficiency in accurately identifying symptoms of disease but 
also pinpointed areas necessitating improvement in instances of 
misclassification. This degree of interpretability is indispensable in 
medical applications, where comprehending the justification behind a 
model’s prediction is as imperative as the prediction itself. 

Fig. 11 illustrates the segmentation using SAM. The figure reveals 
that, despite the rapidity of SAM in providing segmentations, it 
encountered limitations in accurately delineating certain infected areas. 
Some regions were left unsegmented, while in specific cases, entire areas 
were erroneously segmented, as denoted by the red arrows. Conse
quently, despite the SAM-based approach’s superiority, accurately seg
menting Monkeypox infected areas may prove challenging, as it can be 
achieved more effectively through a straightforward threshold-based 
segmentation technique, as demonstrated in Fig. 12. 

Fig. 13 presents the visualization of the attention weights generated 
by a Transformer block for attention heads 1, 3, and 9 in three repre
sentative Monkeypox images. The attention weights, as depicted in the 
heatmap format, indicate the relative importance of various regions 
within the image with respect to the query. As the key and query are 
derived from the same image, the attention weights effectively highlight 
the most relevant regions for the task at hand. The attention heads 1, 3, 
and 9 are specifically highlighted in the figure to demonstrate the 
attention patterns learned by the model during the image analysis 
process. 

The self-attention mechanism in ViT allows it to gather information 
from all parts of the image, even in the early layers of the network. In 
Fig. 14, we investigate how much the model utilizes this capability. 
Specifically, we calculate the average distance in the image from which 
the model is integrating information, as indicated by the attention 
weights (as shown on the right side of Fig. 14). The left side of the di
agram illustrates (Fig. 14) the filters used in the initial linear embedding 
of the RGB values in the ViT model. This process is important as it 
converts the raw pixel values into a more meaningful and compact 
representation that the model can use to understand the image. The right 
side of the diagram shows the size of the area attended to by each head 
and the network depth. The attention mechanism used in the ViT model 
allows the model to focus on different regions of the image, which is 
important for understanding the image and making accurate pre
dictions. Each dot on the right side of the diagram represents the average 
attention distance across all images for one of the 16 heads at a specific 

Table 12 
Comparison of proposed and existing DL-based Monkeypox diagnosis model.  

Reference Method Dataset Size Accuracy Precision Recall F1-Score 

[38] Xception 572 83.89% – – – 
[37] VGG16 228 81.48 ± 6.87% 0.85 ± 0.08 0.81 ± 0.05 0.83 ± 0.06 

InceptionV3 74.07 ± 3.78% 0.74 ± 0.02 0.81 ± 0.07 0.78 ± 0.04 
Ensemble 79.26 ± 1.05% 0.84 ± 0.05 0.79 ± 0.07 0.81 ± 0.02 
ResNet50 82.96 ± 4.57% 0.87 ± 0.07 0.83 ± 0.02 0.84 ± 0.03 

[36] Inception-V3 804 71% 0.71 0.53 0.61 
ResNet50 72% 0.59 0.51 0.55 
ShuffleNet-V2 79% 0.79 0.58 0.67  

Our best model on the Test set  

Study One M-VGG16 76 88 ± 7.6% 0.90 ± 0.069 0.88 ± 0.076 0.87 ± 0.079 
Study Two 

Study Four 
1754 
2524 

76 ± 2.3% 
77 ± 3.6% 

0.77 ± 0.022 
0.74 ± 0.038 

0.77 ± 0.022 
0.74 ± 0.038 

0.77 ± 0.022 
0.74 ± 0.038 

Study Three M-ResNet50 656 89 ± 2.1% 0.83 ± 0.026 0.84 ± 0.025 0.82 ± 0.026  

Fig. 10. Top features that enabled the classification and misclassification be
tween Monkeypox and the normal image. 

Fig. 11. SAM-based segmentation of three distinct Monkeypox images, 
accompanied by their respective masks and corresponding segmented areas. 
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layer. This visualization allows us to understand how the model focuses 
its attention on different layers and with different heads. 

During our experiment, we found that the pre-trained models and 
ViT models trained with Adam performed better compared to those 
trained with SGD. In our study, which included four distinct experi
ments, this trend remained constant. Based on our understanding, there 
are several reasons that might play important roles in this performance 
discrepancy. First, as described by Kingma and Ba (2014), Adam opti
mizes training by adapting the learning rates for individual parameters, 
a feature particularly beneficial for dealing with the complex 

architectures of pre-trained and ViT models (Kingma & Ba, 2014). 
Second, the inclusion of momentum in Adam, as outlined by Ruder 
(2016), helps in accelerating convergence and effectively navigating the 
complex optimization landscapes of typical deep neural networks 
(Ruder, 2016). Lastly, Adam’s ability to handle sparse gradients more 
efficiently than SGD, a point also noted by Reddi, Kale, & Kumar (2018) 
and Zhang et al. (2019), could also contribute to its superior perfor
mance in these specific scenarios (Reddi, Kale, & Kumar, 2018; Zhang 
et al., 2019) and making it a more suitable choice than SGD. 

From our overall observations, it can be inferred that TL models, 

Fig. 12. Threshold-based segmentation (a) Original, (b) ROI, (c) Mask, (d) Segmented.  

Fig. 13. Visualization of Attention Weights in Monkeypox Images using Transformer block and attention heads 1,3 and 9.  
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such as M-VGG16 and M-ResNet50, perform better than the ViT model. 
Across multiple studies, it was also observed that TL-based approaches 
are more feasible and computationally efficient. One possible reason for 
this could be the limited size of the dataset. During the early stages of the 
experiment, the proposed approaches demonstrated high levels of ac
curacy in diagnosing Monkeypox disease. However, as the performance 
of the models improved, over-fitting began to occur. To combat this 
issue, we implemented early stopping techniques in order to stabilize the 
training and validation phases. 

In the field of AI-based clinical diagnosis, it is crucial to evaluate the 
true potential of a model’s predictions in terms of Explainability. In our 
work, we used LIME to interpret the predictions of TL models (M- 
VGG16, M-ResNet50, and M-ResNet101) and visual representations to 
interpret the predictions of ViT models. Our overall observations found 
that the proposed models successfully localized the infected regions 
during the prediction phase. To further verify our findings, we cross- 
checked them with segmented images of the skin of patients with 
Monkeypox disease, which is absent in the existing literature. Our 
findings suggest that the proposed model’s performance is satisfactory 
for binary classification using M-VGG16 models trained (during Study 
One and Two) with Adam optimizer and for a multi-class dataset using 
M-ResNet50 (during Study Three) once trained with Adam optimizer. 

In order to confirm the accuracy of our results, we compared them to 
segmented images of the skin of patients diagnosed with Monkeypox 
disease. This type of validation is not commonly found in the existing 
literature. Our findings indicate that the proposed models perform 
satisfactorily for binary classification using M-VGG16 models trained 
with Adam optimizer during Study One and Two and for multi-class 
datasets using ResNet50 during Study Three. 

While our study has yielded promising results, it is important to note 
that certain limitations have been identified, providing opportunities for 
further research. Specifically, these limitations include: 

1. The experiment was conducted solely utilizing image data. How
ever, incorporating additional patient information, such as age and 
temperature, may enhance the robustness of the ML-based diagnosis 
model. Unfortunately, due to the unavailability of a dataset that includes 
both patient history and image data, creating such a model is beyond the 
scope of this study. 

3. The evaluation of the proposed model was conducted on the 

collected dataset. However, to further assess the model’s performance 
and generalizability, it is necessary to evaluate it in a clinical setting. 
This step is crucial for real-time deployment, but it requires compre
hensive clinical trials involving real-time patients, specific clinical set
tings, and regulatory approvals from entities like the FDA and CDC. 
Given the limited access to clinical facilities and the constrained time
frame of our study, the feasibility of conducting extensive clinical trials 
involving real-time patient data was beyond our current scope. There
fore, the primary objective of our research was to establish a founda
tional understanding and create a baseline for the application of deep 
learning (DL) methodologies in clinical domains, particularly for life- 
threatening contagious diseases like Monkeypox. We aim to highlight 
the potential of DL approaches as future solutions in this domain, 
acknowledging that further research, including clinical trials, is essential 
for practical implementation. This study, therefore, serves as a pre
liminary step towards more exhaustive future research that could bridge 
the gap between theoretical models and clinical application in the 
diagnosis of such diseases. 

7. Conclusion 

In this study, we proposed and evaluated M-VGG16, M − ResNet50, 
M-ResNet101, and ViT approaches for the classification of Monkeypox 
using image analysis techniques. Our proposed M-VGG16 model ach
ieved an accuracy of 88 ± 7.6% when trained and tested on a small 
dataset using the Adam optimizer. This aligns with the findings of many 
previous studies, which demonstrate the superiority of TL on small 
datasets [34,37,38]. Additionally, we tested our proposed model on an 
imbalanced dataset (during Study Two and Four) and obtained an ac
curacy of 76 ± 2.23% and 77 ± 3.67% on the test set. 

Furthermore, in Study Three, the M-ResNet50 model demonstrated 
the best performance by achieving an accuracy of 89 ± 2.1% on a multi- 
class dataset. In our experiments, we consistently observed that our 
proposed pre-trained and ViT models trained with Adam outperformed 
those trained with SGD, likely due to Adam’s adaptive learning rates, 
momentum inclusion, and superior handling of sparse gradients. 

Additionally, the proposed model’s performance is interpreted using 
various interpretation approaches, such as LIME and visual representa
tion, often missing in most of the referenced literature. Given that our 

Fig. 14. On the left, the filters for the initial linear embedding of the RGB values in the Vision Transformer (ViT) can be seen. On the right, the size of the area being 
attended to by the head and network depth is illustrated. Each dot represents the average attention distance across all images for one of the 16 heads at a spe
cific layer. 
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proposed model aligns with previous literature that has employed the TL 
approach in developing AI-based diagnosis models, it may inspire future 
research and practitioners to leverage this approach in clinical diag
nosis. Moreover, the addition of FL serves as a testament to our 
commitment to embracing cutting-edge technologies in the pursuit of 
improved healthcare solutions. Some limitations of our work may be 
addressed through the ongoing collection of new images of Monkeypox- 
infected patients, verification of the model’s performance by medical 
experts, testing the proposed model on highly imbalanced data, and 
implementation of the model in the development of mobile-based 
diagnostic tools. 
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[16] Akin KD, Gurkan C, Budak A, Karataş H. Classification of monkeypox skin lesion 
using the explainable artificial intelligence assisted convolutional neural networks. 
Avrupa Bilim ve Teknol Derg 2022;40:106–10. 
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