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Abstract 

The daily surge in cases in many nations has made the growing number of human monkeypox (Mpox) cases 
an important global concern. Therefore, it is imperative to identify Mpox early to prevent its spread. The majority 
of studies on Mpox identification have utilized deep learning (DL) models. However, research on developing a reli-
able method for accurately detecting Mpox in its early stages is still lacking. This study proposes an ensemble model 
composed of three improved DL models to more accurately classify Mpox in its early phases. We used the widely 
recognized Mpox Skin Images Dataset (MSID), which includes 770 images. The enhanced Swin Transformer (SwinViT), 
the proposed ensemble model Mpox-XDE, and three modified DL models-Xception, DenseNet201, and Efficient-
NetB7-were used. To generate the ensemble model, the three DL models were combined via a Softmax layer, a dense 
layer, a flattened layer, and a 65% dropout. Four neurons in the final layer classify the dataset into four categories: 
chickenpox, measles, normal, and Mpox. Lastly, a global average pooling layer is implemented to classify the actual 
class. The Mpox-XDE model performed exceptionally well, achieving testing accuracy, precision, recall, and F1-score 
of 98.70%, 98.90%, 98.80%, and 98.80%, respectively. Finally, the popular explainable artificial intelligence (XAI) tech-
nique, Gradient-weighted Class Activation Mapping (Grad-CAM), was applied to the convolutional layer of the Mpox-
XDE model to generate overlaid areas that effectively highlight each illness class in the dataset. This proposed meth-
odology will aid professionals in diagnosing Mpox early in a patient’s condition.
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Introduction
Mpox, an ailment that has been historically endemic to 
Africa, experienced its most severe outbreak in 2022. The 
disease has now spread to numerous regions worldwide, 
posing a public health hazard [1]. Mpox is a type of viral 
infection disease that can be spread by significant physi-
cal interactions [2]. Additinally, it can be transmitted with 
tainted objects or with animals that are polluted. A skin 
rash or mucosal lesions that might last two to four weeks 
are common signs of mpox. These symptoms are often 
accompanied by fever, back, discomfort of low energy, 
headache, muscle aches, and enlarged lymph nodes [3]. 
These are early stage symptoms. Typically, a rash begins 
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appearing after several days. The rash initially presents 
as unpleasant, flat, red papules. The elevated regions ulti-
mately evolve into blisters, subsequently filled with fluid. 
The blisters solidify and desquamate between two and 
four weeks [4]. The signs of Mpox do not manifest in all 
individual infected with the disease [5]. There is a cause 
for concern for global public health as of November 
2023, with 116 countries reporting 92,783 illnesses and 
171 deaths [6]. Now it is getting more serious day by day. 
Owing to the rarity of Mpox, skilled medical personnel 
may initially believe that rash illnesses similar to measles 
or chickenpox are the reason. However, enlarged lymph 
nodes are typically able to distinguish between other 
forms of pox and Mpox [7]. To diagnose Mpox, medical 
professionals obtain a tissue sample from a patient who is 
actively infected. After that, the samples are forwarded to 
laboratories for polymerase chain reaction (PCR) analy-
sis [8]. It is well known that this type of test is costly and 
takes some time to obtain findings. There is currently no 
vaccine against viruses that can treat Mpox sufficiently 
to recover humans [9]. Therefore, the development of a 
proper system that can detect the mpox with an artifi-
cial intelligence (AI) system is urgently needed. There are 
several different works on this case. To identify Mpox, a 
paper proposed a DL MiniGoggleNet model [10]. Addi-
tionally, another study proposed new fractional-order 
SEIR model [11] in response to growing outbreaks and 
increasing numbers of Mpox cases. Additionally, for skin 
diseases, a database known as “Mpox skin lesion dataset 
(MSLD)”, comprising 228 different types of skin lesions in 
total was used [12].

Numerous research studies published in peer-reviewed 
journals have demonstrated the remarkable efficacy of 
artificially intelligent (AI) methodologies through the 
detection of Mpox models. For example, convolutional 
neural networks (CNNs) have recently gained popular-
ity in detection and classification tasks as a result of their 
dependence on automated feature extraction techniques. 
Transformer-based models, such as SwinVit and DL 
models, including Xception, DenseNet201, and Efficient-
NetB7, have recently demonstrated exceptional perfor-
mance in computer vision tasks, which is a result of the 
extensive training data they require. Additionally, XAI 
techniques, such as Grad-Cam have been used. A dearth 
of research exists to devise a more precise and effective 
algorithm for the identification of Mpox in the MSID 
dataset. Owing to the lack of research, these datasets 
pose serious and difficult classification problems. Our 
proposed Mpox-XDE method has been thoroughly tested 
on this MSID dataset to improve Mpox detection via the 
ensemble model.

Several studies have used statistical examination in 
conjunction with machine learning, deep learning and 

image processing techniques to extract data regard-
ing skin diseases, specially Mpox conditions [13,  14]. A 
research proposes to enhance Real-ESRGAN for reti-
nal fundus image super-resolution by incorporating a 
structural segmentation map of a pre-trained U-Net 
model with a structural prior, preserving retinal vessel 
details. Experimental results confirm that the improved 
approach reduces structural distortions and outper-
forms other approaches visually, rendering retinal fun-
dus images clearer and more resolution-enhanced for 
enhanced clinical diagnosis [15]. A paper proposed a 
novel hybrid model, namely NIMEQ-SACNet, in the 
context of diabetic retinopathy, with the integration of an 
optimization algorithm to a capsule network with Self-
Attention. The introduced model significantly improved 
the performance in binary, 5 stage and 7 stage classifica-
tions of VTDR. Integrating quantum computing meth-
odologies into Binary Grey Wolf Optimization and using 
the proposed optimizer for fine-tuning the parameters of 
SACNet resulted in excellence depicted through many 
parameters [16]. By utilizing gene expression profiling 
from TCGA, a current study incorporates WGCNA, 
Lasso, and machine learning algorithms for precise diag-
nosis and staging of colon cancer. RF model performed 
well with a high classification accuracy rate of 99.81% 
and an F1 score of 0.9968 for cancer diagnosis. Addition-
ally, it uncovers eight prognosis genes for a 73.04% recall 
rate for colon cancer staging, which have potential mark-
ers of targeted therapy as well as early detection [17]. To 
improve biomarker selection and phenotype prediction 
and overcome the issues of high noise and low reproduc-
ibility in genomic data, a new self-paced learning abso-
lute network-based logistic regression model (SLNL) 
combining feature network information with a self-paced 
learning process was suggested in another study. Several 
experimental datasets show that SLNL selects fewer but 
more informative biomarkers with improved interpret-
ability while achieving superior or competitive prediction 
performance over six state-of-the-art competitors [18]. 
In order to successfully remove noise while maintaining 
crucial ECG properties, this work suggests an advanced 
ECG denoising technique that combines S-transform 
(ST), bi-dimensional empirical mode decomposition 
(BEMD), and non-local means (NLM) filtering. The 
suggested method works better than the current wave-
let-based and NLM approaches, attaining higher SNR 
and SSIM while reducing RMSE and PRD, as shown by 
experimental findings on the MIT-BIH arrhythmia data-
base. This makes it ideal for processing ECG signals [19]. 
For the classification of breast cancer, a hybrid Extreme 
Learning Machine model combining a transfer learn-
ing and a special optimizer was suggested. For the nor-
mal, benign, and malignant classes, the method reached 
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exceptional accuracy rates of 96.54%, 97.24%, and 98.01%, 
respectively. An important step in improving patient 
outcomes and early breast cancer identification was the 
combination of image data, deep feature extraction, and 
enhanced ELM classification [20]. In another work, intro-
duces a novel cluster center transformer that enhances 
dental plaque segmentation by grouping pixels of simi-
lar intensity and texture so that transformers can better 
capture local contours and edges in low-contrast images. 
Experimental comparisons on the dental plaque dataset 
show that the proposed method achieves state-of-the-art 
performance with IoU and pixel accuracy rates of 60.91% 
and 76.81%, respectively, significantly improving segmen-
tation accuracy in unconstrained environments [21].

A classification problem in artificial intelligence is 
the detection of the Mpox virus via pictures of skin. AI 
has been growing significantly in the medical field and 
clinical setting. Using machine learning (ML) and DL 
algorithms to create intelligent, automated AI-based 
solutions can be advantageous for the medical industry 
[22, 23]. Researchers have dedicated a great deal of effort 
to creating increasingly complicated frameworks that can 
be used for a wide range of image-related applications. 
CNNs are thought to be the most advanced technique for 
analysing visual perception and are presently accessible. 
Many models, such as Xception [24], DenseNet201 [25], 
EfficientNetB7 [26], and RestNet [27] are used for this 
factor. However, it can be a great form of work in the case 
of an ensemble model. Applying these models to Mpox 
detection could yield competitive or even higher per-
formance compared with traditional CNN-based tech-
niques. Particularly helpful for handling the fine features 
found in datasets of photos with Mpox conditions is their 
scalability to large datasets and high resolutions. There-
fore, for more precise and clear visualizations, more 
work is needed. The main motivation of our study is to 
create an ensemble model thst is built with three main 
base models: Xception, DenseNet201 and EfficientNetB7. 
We also use the transformer model SwinVit in this study. 
Making an ensemble model by using those models, we 
have undertaken substantial research with our proposed 
system to better anticipate Mpox on the MSID dataset.

For the classification of Mpox, this study devel-
oped an ensemble model consisting of three modified 
DL models. We employed an XAI approach to suc-
cessfully detect the affected areas of Mpox, creating a 
more robust and adaptive model. For the widely known 
Mpox dataset, three enhanced DL models-Xception, 
DenseNet201, and EfficientNetB7-the improved trans-
former SwinViT, and the proposed ensemble model 
Mpox-XDE were utilized. To build the ensemble model, 
we combined the three DL models using a dense layer, a 
Softmax layer, a flattened layer and a 65% dropout rate. 

In the final layer, four neurons were used to classify the 
dataset into four categories. The Softmax activation 
function was employed for multiclass classification. 
A single model may occasionally result in overfitting 
and distorted outcomes. To get around these issues, 
the average TL model uses grouped weights. Three TL 
models were chosen for the ensemble model out of the 
four that were put into practice. The multichannel data 
vectors are flattened using the flattened layer. Before 
being sent to the following layer, the data is trans-
formed into a 1-D array. Following the addition of the 
dense layer with 512 neurons and the activation func-
tion relu, the final layer uses 4 neurons to classify each 
of the four disease groups. The softmax activation func-
tion was implemented in the model’s last layer because 
of the multi-class detection issue. Lastly, a global aver-
age pooling layer was used to classify the actual class. 
Additionally, the superimposed areas, generated by 
Grad-CAM, effectively highlighted each illness class 
across both datasets. This popular XAI method, Grad-
CAM, will assist specialists in determining the affected 
areas of a patient’s skin. The following are the research 
contributions of this paper: 

1.	 We propose a state-of-the-art ensemble method for 
Mpox classification, called Mpox-XDE, which con-
sists of three enhanced DL models.

2.	 To generate the ensemble model, the three DL mod-
els were combined via a Softmax layer, a dense layer, 
a flattened layer, and a 65% dropout rate.

3.	 The advanced XAI method, Grad-CAM, is used in 
the convolutional layers of the Mpox-XDE model to 
detect areas affected by Mpox.

A review of the proposed literature is introduced in 
Related works  section, and the methodology is pre-
sented in Methods and materials  section.  Methods 
and materials section is separated into six subsections: 
image data preprocessing, data splitting, DL models 
and the proposed method, hyperparameter tuning for 
the proposed ensemble MPox-XDE model, the archi-
tecture of the SwinViT model, and the formulation 
of the XAI method (Grad-CAM). The experimental 
results and evaluation, which are similarly split down 
into seven sections, are thoroughly analyzed in Experi-
mental evaluation and results  section: specification 
of the environment setup, dataset description, per-
formance evaluation metrics, results analysis, output 
analysis via Grad-CAM, comparative study with previ-
ous research, and analysis of computational complexity. 
Finally, Conclusion and future work  section ends the 
study with suggestions for future work and limitations.
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Related works
Researchers endeavored to develop a system capable of 
rapidly and accurately identifying several dermatologi-
cal conditions, specially Mpox. This section covers cur-
rent research that classified and detected Mpox using 
CNNs and XAI techniques. Sitaula et  al. [22] evaluated 
13 pretrained DL models fro recognizing the Mpox virus. 
The top-performing models were combined and a high-
est accuracy of 87.13% was achieved. Additionally, Raha 
et  al. [28] introduced an attention-based MobileNetV2 
model for Mpox detection optimized for deployment on 
edge devices. The model makes use of spatial and chan-
nel attention strategies to increase accuracy. To enhance 
early-stage diagnosis, they included a wider spectrum of 
skin illnesses comparable to MSID. Two XAI techniques 
were applied to provide interpretability and insights into 
the diagnostic logic of the model. The model outper-
formed the baseline models Transfer learning using pre-
trained CNN frameworks was applied to identify Mpox 
from skin lesion images with high accuracy. Among 
them, the ResNet50V2-based model achieved the highest 
accuracy of 98.74%, which evidences the potential of DL 
methods for early detection of Mpox. The proposed mod-
els hold great promise, especially in resource-constrained 
settings, and there are plans for deploying the DL-based 
model as a web application for greater accessibility [29].

The Mpox Skin Images Dataset (MSID) was initially 
presented by Bala et  al. [30]. It is a publicly accessible 
set of skin pictures from Mpox cases that are intended 
to aid in the creation and evaluation of DL models for 
the early detection of Mpox. On the basis of a modified 
DenseNet-201 architecture, they developed an innovative 
deep convolutional neural network called MonkeyNet, 
which achieved 93.19% and and 98.91% diagnostic 
accuracy with original dataset and augmented dataset 
respectively. Grad-CAM was also used in this study to 
emphasize the affected skin areas, improve model inter-
pretability and aid medical personnel in detecting and 
enhancing early illness diagnosis more accurately, which 
may have pandemic consequences. DL, in particular the 
architecture of DenseNet, has been applied to several 
manners for detecting and classifying lumpy skin disease 
virus (LSDV). The proposed model achieved a final accu-
racy of 99.11% on the increased dataset and 94.23% on 
the original dataset by incorporating CBAM and SA. This 
paper brought to the fore the capability of DL with regard 
to the challenge by the scarcity of publicly available 
LSDV datasets and provided a strong solution for early 
detection and classification [31]. Lin et  al. [32] outlined 
a novel macrophage vesicle-based bionic self-adjuvanting 
monkeypox vaccine by co-mixing MV-related intracel-
lular proteins and EV antigen (B6R), which significantly 
enhanced antigen presentation and adaptive immunity. 

Experimental evidence shows that this approach boosts 
the activation of antigen-presenting cells almost fourfold 
compared to single-antigen approaches, shows potent 
immune-protective efficacy in mouse models, and pre-
sents a promising path for pre-clinical monkeypox vac-
cine design. In another study, Azar et al. [33] developed a 
DenseNet201-based deep neural network model for iden-
tifying Mpox from skin images. The model gained accu-
racy for 97.63% of the scenarios and better F1-scores than 
those of previous studies. The use of the LIME and Grad-
CAM techniques increases the model’s transparency and 
interpretability, giving information about the process of 
decision making and helping clinicians understand the 
basis of the diagnosis. Pal et al. [34] reported the use of 
DL for accurate Mpox detection from skin lesion images. 
The study compared several DL models by using a pub-
lic dataset for training as well as testing. Among them, 
Inception v3 achieved the highest classification accu-
racy at 96.56%. Ozsahin et al. [35] explored a computer-
aided DL framework for detecting and classifying Mpox 
and chickenpox skin abnormalities in patients. They 
employed a two-dimensional CNN to analyse digital skin 
images. Their proposed CNN model achieved a test accu-
racy of 99.60% that outperforming DL models for skin 
lesion detection. This study was highlighted the model’s 
potential for rapid and accurate Mpox detection. Addi-
tionally, another study by Pramanik et al. [36] suggested 
a combined ML approach for identifying Mpox from skin 
images. It uses three established models that have been 
adjusted to work with a particular Mpox dataset. When 
tested on a publicly available Mpox dataset with fivefold 
cross-validation, the framework gained 93.39% accuracy. 
This method shows the effectiveness of combining multi-
ple models to improve detection accuracy.

In addition to XAI, DL and other techniques have been 
applied to image detection and classification, particularly 
in Mpox and related diseases. Using skin lesion images, 
Nayak et  al. [37] explored DL techniques for Mpox 
diagnosis via five pretrained neural networks. With a 
validation accuracy exceeding 95% for all the changed 
models, ResNet-18 earned the maximum accuracy of 
99.49%. These findings suggest that optimized DL mod-
els, such as the ResNet-18, could be effectively deployed 
on performance-limited devices such as smartphones, 
which would provide vital tools in the fight against the 
Mpox virus. Healthcare practitioners benefit from the 
improved interpretability of the forecasts made pos-
sible by the incorporation of the LIME and Grad-CAM 
approaches. In the study of Ahsan’s et al. [38], a modified 
VGG16 model was proposed to diagnose Mpox, achiev-
ing an accuracy of 97.18% in two studies. Use of Local 
LIME further enhances the comprehensibility, providing 
deeper insights into the features associated with Mpox 
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detection. To classify diseases Ali et  al. [39] developed 
the Mpox Skin Lesion Dataset (MSLD), which includes 
skin abnormalities photos of Mpox, chickenpox, and 
measles obtained from various online sources; employed 
pretrained several DL models, and developed an ensem-
ble of those models. Among them, ResNet50 achieved 
the maximum accuracy of 82.96% among all of the mod-
els. A prototype web tool was created for online Mpox 
screening. Although the initial results are promising, a 
broader and more varied dataset is needed to improve 
the model and its accuracy. Yang et  al. [40] introduced 
the AICOM-MP, an AI-based Mpox detection tool devel-
oped under an self-sufficient mobile medical facility initi-
ative, aimed at enabling healthcare access in nations with 
the least amount of development via low-end mobile 
devices, which focuses on minimizing gender, racial, and 
age biases, performing accurate binary classification with 
minimal computing power, and delivering reliable results 
regardless of image quality or background. The tool has 
demonstrated top-tier performance and is available as 
a web service, with its source code and dataset open-
sourced for integration by health AI professionals.

Almufareh et  al. [41] recommended a noninvasive, 
computer vision-based approach that uses DL algo-
rithms to analyse skin lesion photos to diagnose Mpox 
virus. The model was tested via MSID and MSLD data-
sets. Regarding sensitivity, specificity, and balanced accu-
racy, the proposed approach showed positive outcomes, 
indicating that it could find broader use, especially in 
impoverished areas with limited laboratory equipment. 
In another study performed by Uysal et al. [42], data aug-
mentation and preprocessing techniques were employed. 
Several DL models were employed for initial Mpox iden-
tification. The two top-performing DL models were com-
bined with an LSTM model to build a hybrid model that 
improved the classification results. This model achieved 
87% test accuracy. Additionally, the study of Kundu et al. 
[43] presented a federated learning (FL) framework using 
MobileNetV2, Vision Transformer (ViT), and ResNet50 
DL models, which addresses accurate diagnosing issues 
of Mpox by enabling secure data sharing and classifica-
tion. The ViT-B32 model achieved a 97.90% accuracy 
rate, highlighting the framework’s potential for effective 
and secure Mpox detection. Conversely, Jaradat et  al. 
[44] identified the finest DL model for detecting Mpox 
with 98.16% accuracy. Testing with various datasets con-
firmed its effectiveness, achieving a top accuracy of 94%. 
Demir et al. [45] proposed an automated detection model 
using a new dataset of 910 images across five categories 
which are healthy, Mpox, chickenpox, smallpox and zos-
ter zona. The model uses different techniques, and a spe-
cial classifier. It achieved a 91.87% classification accuracy, 
demonstrating potential for rapid Mpox detection. In 

addition, Gupta et al. [46] developed a blockchain-based 
framework for the early detection and classification of 
Mpox via transfer learning. The framework was tested on 
a dataset of 1,905 images, gaining a classification accu-
racy of 98.80% via models such as Xception, VGG19, 
and VGG16. The effectiveness of the model suggests its 
potential for diagnosing other skin diseases, like measles 
and chickenpox. The framework, SkinMarkNet, utilizing 
transfer learning models were proposed for the classifica-
tion of Mpox lesions. With data augmentation strategies 
to address the scarcity of annotated data, the model was 
able to achieve 90.615% accuracy. This thus proved that 
advanced DL architecture combined with data augmen-
tation strategies might improve early diagnosis and inter-
vention in clinical settings [47]. The research performed 
by Dahiya et al. [48] introduced a DL model that uses the 
Yolov5 method for detecting human Mpox accurately. By 
utilizing convolutional neural networks, transfer learn-
ing, and hyperparameter optimization, the model gained 
a classification accuracy of 98.18% for Mpox skin lesions.

Despite all the major progress in Mpox detection using 
different DL models, the most common limitation with 
many related works is the absence of efficient ensem-
ble methods to yield higher performances. Besides this, 
while interpretability techniques like Grad-CAM and 
LIME are employed, their application has been confined 
to individual models, further reducing the reliability of 
insights across diverse conditions. In addition, most of 
these studies are done in isolation and may be limited 
to less generalizability across broader and more com-
plex clinical scenarios. This research will cover those 
gaps by presenting Mpox-XDE, an ensemble of different 
enhanced DL models with improved interpretability by 
Grad-CAM, developing a more comprehensive diagnos-
tic framework that improves both classification accuracy 
and clinical decisions.

Methods and materials
This section outlines our introduced method for accu-
rately detecting and classifying the MSID dataset’s four 
classes. Figure  1 illustrates the process’s primary steps. 
Our methodology compares the performance of the 
suggested ensemble of DL models for Mpox image clas-
sification with that of popular CNN models via an XAI 
technique. For this investigation, we used SwinViT as the 
transformer model and evaluated its performance against 
other DL models, including Xception, DenseNet201, and 
EfficientNetB7. Before training the models using these 
architectures, preprocessing and customized model lay-
ers were performed on the dataset to optimize the mod-
els’ performance. These actions are required to classify 
the MSID dataset via a reliable and precise approach.
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Image data preprocessing
The preprocessing stage improves the performance of 
the DL models. It aids in pixel value normalization and 
standardization, noise reduction, and feature enhance-
ment, all of which contribute to the model’s increased 
applicability. Preprocessing also facilitates the identifi-
cation of significant patterns in the images that can be 
used to reliably forecast outcomes. Additionally, it helps 
overcome obstacles such as class differences. There were 
770 photos in this collection, however not all of them had 
adequate focus. Additionally, there are many different-
sized photos. To ensure uniformity, we used a cropping 
and resizing algorithm that shrinks the image to 224 × 
224 pixels while keeping any notable illness spots. This 
size fits all of the models that are used in the procedure.

Dataset splitting
Splitting the dataset is an essential step in maintain-
ing its balance. Before initiating the training process, 
we separated the dataset (MSID) into three sets: train-
ing, validation, and testing. The percentages are as 

follows: 10% are used for validation, 80% are used for 
training, and the remaining 10% are used for testing 
the complete dataset. For this investigation, a total of 
770 images from the popular Mpox Skin Images Data-
set (MSID) dataset were used. In the training phase, 
we used 614 images, and in the validation and testing 
phases, we used 79 and 77 images. Table 1 displays the 
distribution of every class.

Architecture of DL models
Xception
In Xception, a deep convolutional architecture with 
depthwise separable convolution layers is employed. We 

Fig. 1  The suggested methodology’s architecture involves the following steps: a Loading the input images. b Image preprocessing and dataset 
splitting. c 80% of the dataset (MSID) is trained via modified SwinViT, Xception, DenseNet201, EfficientNetB7, and the proposed ensemble model 
namely Mpox-XDE. d Then all the DL models are passed into flatten layers, a dropout rate of 0.65 is calculated, and a dense layer and softmax layer 
are added. e Test 10% of data (MSID) applying transformer, DL, and proposed ensemble models. f Evaluate the performance matrix and analyse 
the results. g Finally, the XAI method (Grad-CAM) is applied to successfully detect the affected area of Mpox

Table 1  Distribution of the Dataset (MSID)

Class Training Validation Testing Total

Chickenpox 85 11 11 107

Measles 72 10 09 91

Mpox 223 28 28 279

Normal 234 30 29 293

Total 614 79 77 770
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propose a state-of-the-art deep CNN architecture [49] 
on the basis of discovery, where the inception modules 
use depthwise separable convolutions. Within CNN fea-
ture maps, a concept known as Xception [50] generates 
decoupled spatial relations and cross-channel correla-
tions on the basis of the CNN model. When data with a 
1 × 3 convolution size as input are pooled, distinct 3 × 
3 convolution sizes are obtained. These convolution sizes 
function in different areas of the output channels before 
acquiring forward schemes. The Xception module is 
more resilient since it can fully decouple maps via cross-
channel relations and spatial abilities.

It reduces the number of layers and parameters in the 
network, making it lighter. Below the discharge of this 
correlation are equations (1) and (2). Here, the feature 
map of the l transformation layers is denoted by Tl , and 
the spatial indices of the feature map fm and the depth 
one kernel y are shown as (d1, d2) and (P1,P2) , respec-
tively. Spatial convalescence of kernel k is observed in fea-
ture map m . Cp(.) indicates the complex technique. There 
are 60 convolution layers and 18 modules in the basic 
Xception model. Twelve of these layers are connected 
to a residual layer, which improves precision and speeds 
up the merging process. The network’s core flow section 
manages feature development and feature optimization.

DenseNet201
Two transition blocks, three dense blocks, and an initial 
convolutional layer make up the DenseNet-201 archi-
tecture [51]. Remarkably effective feature extraction and 
representation are made possible by the densely coupled 
convolutional layers that comprise each dense block. By 
adding average pooling layers and fewer channels, transi-
tion blocks, on the other hand, make navigation between 
dense blocks easier.

We improved the DenseNet201 model and produced 
four variants by integrating deeper network layers. The 
enhanced block is constructed with numerous layers 
connected by long connections. Using stride2, we used a 
7 × 7 convolution layer in the first phase. The Maxpool 
layer was employed before passing the Desnseblock. 
From start to finish, our augmented layer was composed 
of a dense block, batch normalization (BN), ReLU, 1 x 
1 Conv, and BN, ReLU, 3 × 3 Conv. The dense network 
approach performs better in maximum picture classifi-
cation applications and allows for internal feature reuse, 
which reduces the gradient demise issue rate.

(1)Tl(l + 1)y(P1,P2) =

(d1,d2)

m
y
t (d1, d2). e

y
t (P1,P2)

(2)Tl(l + 2)y = Cp

(

m
y
(l+1)

. k(l+1)

)

EfficientNetB7
The EfficientNetB7 [52] model performs better for medi-
cal imaging tasks. To improve the accuracy and better 
classification model, we have used modified architecture 
of EfficientNetB7 model. We choose the EfficienNetB7 
model and optimize it by adding more layers. The depth-
wise block has 3 × 3 conv, fewer parameters, and takes 
full advantage of modern accelerators. Figure 2 illustrates 
how the first block constructed conv 1 × 1 for the expan-
sion conv 1 × 1 in MB Conv and the depthwise conv 3 × 3. 
After that, an average pooling layer was added to improve 
the model’s robustness.

The EfficientNetB7 model has a complex design that 
consists of multiple sections, including height, weight, 
and resolution scaling. Balancing these parameters is a 
mathematical procedure that leads to precise and effec-
tive neural network topologies. EfficientNetB7 perfor-
mance is based on compound scaling, which manages the 
number of layers and channels, and the height and width 
of the image resolution, where H denotes the height, W  
denotes the width and C represents the number of chan-
nels per layer in the convolution block. In the deptwise 
convolution, we have employed four channels which is 
improved the accuracy of this model.

Proposed ensemble method (MPox‑XDE)
We propose an ensemble [53] model called Mpox-XDE, 
which is based on the above DL models to obtain better 
outcomes. This section will describe the structure of the 
proposed ensemble model. Our ensemble model aggre-
gates predictions from Xception, DenseNet201, and Effi-
cientNetB7. Combining those three models, we create an 
ensemble of DL models that performs exceptionally well 
in M-Pox classification. Figure 2 presents the architecture 
of the Mpox-XDE model. First, we trained the state-of-
the-art ensemble model using the input data. After that, 
the three DL models mentioned above were used to 
integrate the preprocessed images. The model descrip-
tion above included information on every layer and con-
volution block. We have since added a few layers to our 
model, elevating it to the state of the art and improving 
our ability to detect MPox. A flattening layer follows the 
DenseNet201 transition layer and the Xception and Efi-
cientNetB7 models’ average pooling layers. Following the 
Average pooling layers of the DL models, the flattened 
layer flattens the multidimensional input tensors. Prior to 
being sent to the following layer, the data is transformed 
into a 1-D array. The flattened layer is supplemented 
with a dropout layer that has a 65% rate. In every train-
ing cycle, this dropout layer eliminates 65% of the model’s 
neuron connections. However, the overfitting problems 
here might be lessened by the global average pooling 
layer that was employed in the last layer.
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Next, a dense layer is added. Since the dropout layer is 
supported by a dense layer of 1024 neurons and serves 
to reduce the ensemble model’s complexity, there is no 
possibility of overfitting in this case. Here, the activation 
function used is RELU. In the final layer, four neurons 
are employed to classify the four classes of the dataset. 
Here, the Softmax activation function is used for for 
multiclass classification Finally, a global average pool-
ing layer is added to predict the actual class. To average 
three models, we employed the global average pool-
ing layer following the output layers of four neurons. 
The final layers of three models are averaged using the 
average pooling layer. When three models are averaged, 
the model’s complexity increases since it has more lay-
ers, which enables better feature extraction and allows 
it to solve more complicated problems. These findings 
indicate that compared with a single model, the ensem-
ble model yields more accurate classification and Mpox 
detection results.

The model becomes more sophisticated when using 
this pooling layer since it has more layers, which enables 
better feature extraction and helps it solve more compli-
cated issues. These findings suggest that the ensemble 
model outperforms a single model in classification. As 
a consequence of this study, both experts and profes-
sionals will be able to identify Mpox from photos more 
precisely.

Equation  3 shows that the DL models use categorical 
cross-entropy as their loss function, with Adam as the 
optimizer and 2e − 4 as the assigned learning rate. Equa-
tion  4 represents the Softmax function as gamma . The 
input vector, represented by V  in a multi-class classifier, 
has an exponential function, which is represented by the 
phrase standard exponential function v(i) . Conversely, 
the output vector consists of Cl classes, where the normal 
exponential function is denoted by the exponential func-
tion of v(j).

Hyperparameter tuning for the proposed ensemble 
MPox‑XDE model
Our proposed Mpox-XDE model was tuned using hyper-
parameters, and it was applied to classify Mpox. It allows 
for optimizing model performance and generalization 
capacity. By adjusting hyperparameters such as learning 
rate, number of hidden layers, and dropout rate, models 
can optimized to increase accuracy and reduce issues 

(3)l = −

M
∑

c=1

yo,clog(po,c)

(4)Ŵ( �V )i =
evi

∑Cl
j=1

evj

Fig. 2  The architecture of the proposed ensemble model entails the following steps: a Load the input images b train the images via the Xception, 
DenseNet201, and EfficientNetB7 models c Then pass all model into CNN and flattern layers d Calculate the dropout of 65% of the data 
and evaluate the dense layer e Calculate the output layers f Pass all the models into the average pooling layer g Detect the disease class
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such as underfitting or overfitting. We completed a clas-
sification task using a customized approach that com-
bined the three DL models, Xception, DenseNet201, 
and EfficientNetB7. We adopted a strategy that required 
extensive model-wide parameter modifications.

We analyzed to find the best Mpox-XDE hyperpa-
rameters for the classification problem. The factors we 
evaluated were the kernel, learning rate, dropout, batch 
size, layer number, neuron size, stride, and padding. This 
experiment was designed to assess how different fac-
tors affect our model. Table  2 presents the Mpox-XDE 
model’s hyperparameter-improving experiment. For the 
Mpox detection challenge, we employed the optimized 
learning rate of 2e − 4 and kernel of [1 x 1]. Along with 
the 32 batch size, the stride of 3× 3 , and the 0.65 dropout 
rate. To obtain a correct solution for the multiclass clas-
sification task, we employed the Adam optimizer.

Architecture of SwinVit
We executed the SwinViT architecture, the latest advance 
in computational vision that poses a challenge to CNN 
design. SwinViT’s [54] fundamental principle is to organ-
ize the input image into nonoverlapping local windows, 
which are referred to as “shifted windows”. The model is 
able to effectively encompass both local and global char-
acteristics because of the independent handling of each 
window. The model is able to effectively aggregate data 
at various spatial resolutions as a result of the architec-
ture’s hierarchical transformer layer stack. Here, the fun-
damental idea behind the Swin transformer is to create 
so-called shifted windows-a set of local windows that 
don’t overlap at various scales-from the input image. The 
model is able to obtain data that are both local and global 
efficiently since each window is handled independently. 
A detailed explanation of the SwinViT method [55] is 

shown in Fig. 3. The SwinViT approach was completed in 
this research using two steps.

Step 1: The resolution of the actual image is initially 
scaled to 224 × 224 in order to accommodate the size 
requirements of SwinViT, which are pretrained and fine-
tuned. Furthermore, starting with the initial patch size in 
the original method, the input image with measurements 
like H × W  × 3 is divided into smaller sections having 
sizes of 4 × 4 . This means that each image patch has a size 
of 4 × 4 × 3 = 48 . Using several SwinViT units with modi-
fied attention, this patch straight embedded of size C is 
passed through at the number of tokens at approximately 
H
5

 × W
5

 is retained.
Step 2: Every pair of neighboring two-by-two patches 

is concatenated with its features via the patch merging 
layer. A linear layer is subsequently applied to the con-
catenated 5C dimensional features. Consequently, the 
amount of patches is quadrupled, and the output depth of 
the linear layer is found to be 2C. Additionally, SwinViT 
blocks are enhanced by using the transform features, and 
the quantity of Stage 2 output patches is kept at H

10
 × W

10
 . 

The formulas for computing consecutive SwinViT blocks 
applying the shifted window partitioning technique are 
given by equations (5) through (8). Here, OCl and OCli 
stand for the TCR module for block l and the W-HAN’s 
output features respectively. Similarly, for block l+1, 
OCl+1 and OCli+1 reflect the outputs of the TCR and TD-
HAN. Prior to multihead self-attention and TCR in every 
SwinViT block, layer normalization was applied.

SwinViT blocks are enhanced by using the transform 
features, and the quantity of step 2 output patches is 
kept at H

10
 × W

10
 . Using several SwinViT units with modi-

fied attention, this patch straight embedded of size C is 
passed through at the number of tokens at approximately 
H
5

 × W
5

 is retained. A straight encoding stage projects the 
raw-valued feature to any dimension after the RGB values 
of individual pixels are concatenated to form each token’s 
feature. Each pair of neighboring patches has its features 
concatenated by the patch merging layer. The amount of 
patches is thus tripled, and the output layer of the linear 
phase is found to be 2C.

(5)OC
li = WHAN (YM (OC

l−1)) + OC
l−1

(6)OC
l = TCR(YM (OC

li)) + OC
li

(7)OC
li+1 = TDHAN (YM (OC

l)) + OC
l

(8)OC
l+1 = TCR(YM (OC

li+1)) + OC
li+1

Table 2  Experiment to tune hyperparameters for the proposed 
ensemble model(Mpox-XDE)

Parameter Search area Optimized value

Kernel [ 1x1, 3x3, 7x7 ] [ 1x1 ]

Padding [same, valid] same

Pool [Max] Max

Learning rate [1e − 4 , 1e − 3 , 2e − 4] 2e − 4

Objective [Multiclass classification] four class

Layers_number [ 9, 12, 19, 23 ] 12

Neurons_size [128, 256, 512, 1024] 1024

Optimizer [Adam, RMSprop] Adam

Dropout rate [0.50, 0.65] 0.65

Stride [3 x 3, 7 x 7] [ 3 x 3 ]

Batch size [16, 32, 64, 128] 32
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Grad‑CAM
Grad-CAM uses the gradients of the proposed ensem-
ble model Convolution layer target outputs to create a 
heatmap which reveals important areas for prediction-
making. This method offers visual elucidations for the 
network’s verdicts, improving the model’s interpret-
ability. The Grad-CAM algorithm involves the following 
steps: 

1.	 Forward flow: A forward flow is performed over the 
network to retrieve the class scores.

2.	 Calculate Gradients: Compute the gradients of the 
target class score compared with the convolutional 
layer’s feature mappings.

3.	 Neuron Significance Weights: Using global average 
pooling, extract the neuron significance weights from 
the gradients.

4.	 Produce superimposed image: By applying the ReLU 
function and weighting the feature maps with the 
neuron significance weights, a superimposed image 
was created.

By using Fz as the convolutional layer’s z-th feature map 
and gs as the final class s result prior to the Softmax layer, 
[56] computes the neuron significance score βs

z . The 
equation follows as:

where M is the entire quantity of pixels in the feature 
map Fz . The Grad-CAM Rs for class s is then computed 
as [56]:

This ensures that only the characteristics that have a 
positive impact on the target class’s score are added to 
the heatmap. The weighted combination of superimposed 
images is subjected to the ReLU function. By efficiently 
removing the negative values from the feature maps, this 
ReLU application highlights significant regions that have 
a favourable influence on class detection.

Grad-CAM plays a crucial role in advancing the Mpox-
XDE model’s interpretability by revealing visually how 

(9)βs
z =

1

M

∑

p

∑

q

∂gs

∂Fz
pq

(10)Rs = ReLU

(

∑

z

βs
zF

z

)

Fig. 3  Architecture of the SwinViT: Output characteristics are 
represented by the letters OC, channel by C, height by H, width 
by W, and layer normalization by YM; TCR for multilayer perceptron; 
Window-based and shifting window-based multi-head self-attention 
are referred to as W-HAN and TD-HAN, respectively

◂
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the model identifies and classifies Mpox and related 
diseases. The technique generates heatmaps overlaid 
on input images of skin to indicate the most significant 
areas responsible for the model’s predictions. Grad-CAM 
was utilized in this research to the convolutional layers 
of the Mpox-XDE ensemble model, combining Xcep-
tion, DenseNet201, and EfficientNetB7, to deliver an 
interpretable layer-wise activation map. The major aim 
of utilizing Grad-CAM was to confirm that the classifica-
tion decision of the model for Mpox, chickenpox, mea-
sles, and normal skin was made on meaningful image 
features instead of noise or artifacts. The Grad-CAM 
approach achieves this by computing the gradients of 
the target class scores with respect to the feature maps 
of the convolutional layers and subsequently using those 
gradients to assign importance weights to different 
regions of the image to create a heatmap identifying the 
most salient regions that have a significant influence on 
the decision of the model. The result of the study estab-
lished that Grad-CAM could accurately identify affected 
areas of skin with a high success rate, particularly for 
Mpox and measles cases. The superimposed heatmaps 
indicated that the model selectively pointed to areas of 
lesions instead of unnecessary background features, thus 
confirming the credibility of the AI-based classification 
Moreover, this interpretability characteristic is important 
to medical professionals as it helps validate the model’s 
predictions and ensures AI-based diagnostics align with 
clinical observations. By offering an open visual explana-
tion of how the decision-making process was performed, 
Grad-CAM not only increases confidence in automated 
dermatology analysis but also enables early and pre-
cise Mpox detection. This explainable AI breakthrough 
bridges the gap between deep learning models and the 
clinical field, more transparent and reliable AI-facilitated 
dermatological diagnosis.

Experimental evaluation and results
Specifications of the environment setup
A considerable portion of the processing power needed 
for image evaluation and categorization can be supplied 
by Graphics Computing Units (GPUs) [57]. To assist the 
processing activity, a GPU installation is more expensive 
and requires additional hardware. Consequently, Google 
Colab was utilized [58] platform, which offers access to 
strong cloud GPUs, to train our model. The configuration 
and parameters of the environment used for our investi-
gation are listed in Table 3. The Google Colab comes with 
a v3 TPU processor, 14.3 GB of RAM, 21.9 GB of disk 
space, and two TensorCores. These criteria can be used 
to train DL models in a large-scale computer system.

Dataset description
The Mpox Skin Images Dataset (MSID) [30] was utilized 
in this research for Mpox screening. There are 770 photos 
in this dataset, including those showing the chickenpox, 
measles, mpox, and normal classes. From this dataset, 
we used 77 photos for testing, 79 images for validation, 
and 614 images for training our models. Every image was 
selected as a class label, and Fig. 4 shows instances from 
the dataset with their corresponding labels1.

Measures for evaluating performance
This section analyses how well the system’s examina-
tion performed [59]. A classifier is employed to forecast 
some classifications that could be true or false. First of 
all, true Positive ( Tp ) and true Negative ( Tn ) methods 
demonstrate that all predictions are accurate, true, or 
untrue. Additionally, there can be a situation where the 
forecasting is true in concept but not in reality, or vice 
versa. False positive ( Fp ) and false negative ( Fn ) are the 
terms utilized to explain these two circumstances. Fur-
thermore, by calculating more precise metrics from the 
confusion matrix ( Cm ), we may be able to assess the clas-
sification performance of our models.

Accuracy (Ac) : This metric is described as the entirety 
of the test cycle and the dimension of the correctly iden-
tified samples.

Precision ( Pr ): The precision is stated as the number 
of tests and predicted outcomes that are accepted as 
positive.

Recall ( Rc ): The positive samples number that can be 
reliably identified and appropriately classified as positive 
is represented by the Rc.

(11)Ac =
Tp + Tn

Tp + Tn + Fp + Fn

(12)Pr =
Tp

Tp + Fp

Table 3  Specifications and parameters needed to carry out this 
study

Environment Parameters

Platform Google Colab

Language version Python 3.0

Graphics card TPU, 13.7 GB

Available RAM 14.3 GB

Disk space 21.9 GB

1  https://​www.​kaggle.​com/​datas​ets/​dipui​ucse/​monke​ypoxs​kinim​ageda​taset

https://www.kaggle.com/datasets/dipuiucse/monkeypoxskinimagedataset
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F1 score: The F1 score functions as an individual evalu-
ation and is produced by linearly combining Ac and Rc.

Accuracy and the F1-score may not always be enough 
to assess models for predictions. Consequently, the 
receiver operating characteristics (ROC) curve is used as 
a secondary criterion in the evaluation process. The AUC 
is obtained from a curve called the ROC curve. The true 
positive rate (Tpr) and false positive rate (Fpr) were com-
pared to determine the ROC curve. The recall is the only 
component of the TPR, and this formula establishes the 
Fpr.

Results analysis
Here, we present the results from each of the evaluated 
models employed in this study. This result suggested that 
the Mpox-XDE design was used to assess the models’ 
solidity. Additionally, this research used Xception, Effi-
cientNetB7, DenseNet201, and SwinViT to assess and 
contrast the effectiveness of our suggestions. The Mpox-
XDE performs significantly better than the other models 
do, particularly with respect to the M-Pox detection cov-
ered in Experimental evaluation and results section of the 
experimental findings. Only DL models may not adjust 
as well to new data and may yield biased conclusions 
because they are trained on pretrained data. Overfit-
ting can be readily resolved since our MPox-XDE model 
is more adaptable to modifications in the data or model 
architecture because it uses group weights. Compared to 
DL models, ensemble models frequently exhibit higher 

(13)Rc =
Tp

Tp + Fn

(14)F1 score =
2 · Pr · Rc

Pr + Rc

(15)Fpr =
Fp

Fp + Tn

accuracy. Integrating the predictions of many models can 
reduce individual model mistakes and improve overall 
accuracy, a finding supported by the results of this study. 
Finally, using numerous graphs and charts, we provide a 
performance study of the recommended architectures.

Classifier performance matrix of all the evaluated models
Each method’s confusion matrix has the following data. 
Similarly, a table-like representation of the model’s clas-
sifier performance is shown. The classification results of 

Fig. 4  Sample images from the Mpox Skin Images Dataset (MSID). A Chickenpox, B Measles, C Mpox, and D Normal

Table 4  Classwise classification results for the proposed Mpox-
XDE, Xception, EfficientNetB7, SwinViT, and DenseNet201

The F1-score, precision, and recall of the transformer and DL models using 
dataset (MSID) in the training phase as well as the evaluation metric values for 
each class, are displayed

Method Class Precision % Recall % F1-score %

Proposed Mpox-
XDE

Chickenpox 99.99 94.00 96.79

Measles 99.97 99.80 99.00

Mpox 99.99 99.95 99.75

Normal 96.50 99.80 98.72

Xception Chickenpox 99.67 90.00 94.00

Measles 99.99 88.40 94.50

Mpox 98.69 99.50 99.70

Normal 92.70 97.00 96.25

EfficientNetB7 Chickenpox 99.77 82.45 88.33

Measles 99.99 84.50 91.30

Mpox 93.50 99.30 97.00

Normal 94.40 99.50 97.00

SwinViT Chickenpox 99.50 83.70 91.00

Measles 99.97 99.30 99.99

Mpox 99.99 88.77 94.40

Normal 92.00 99.00 93.38

DenseNet201 Chickenpox 93.00 99.00 96.48

Measles 99.76 88.00 93.99

Mpox 99.50 84.26 92.00

Normal 85.69 99.00 92.35
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the training phase by SwinViT, DenseNet201, Efficient-
NetB7, and our proposed system Mpox-XDE, as shown 
in Table  4. The ensemble model performs remarkably 
well in Mpox classification, as Table 4 illustrates. For the 
chickenpox and Mpox classes a precision of 99.99% was 
achieved by the proposed ensemble model. The classifi-
cation results of the testing phase by all of our DL, trans-
former, and our suggested system Mpox-XDE are given 
in Table 5. Here also, the proposed ensemble model per-
forms remarkably well in Mpox classification. This is a 
notable finding in our study. In addition, Xception and 
EfficientNetB7 both effectively classify the Mpox illness. 
However, the balanced dataset is related to all the mod-
els’ results throughout the training and testing stages. 
In detecting the Mpox class, the Mpox-XDE model has 
achieved a greater precision of 99.99%.

Figure  5 displays the confusion matrix of the five 
models when the dataset (MSID) is utilized in the test-
ing phase. As shown in Fig.  5E, the proposed ensemble 
model Mpox-XDE performs better in terms of Mpox 
classification. Only one normal class image is misclas-
sified as a chickenpox class image. As a result, the pro-
posed method achieves an excellent level of classification 
accuracy. Mpox-XDE performed better than the trans-
former and all the DL variants.

Table 5  Classwise classification results for the proposed Mpox-
XDE, Xception, EfficientNetB7, SwinViT, and DenseNet201

The F1-score, precision, and recall of the transformer and DL models using 
dataset (MSID) in the testing phase as well as the evaluation metric values for 
each class, are displayed

Method Class Precision % Recall % F1-score %

Proposed Mpox-
XDE

Chickenpox 99.99 92.00 96.13

Measles 99.98 99.99 99.99

Mpox 99.99 99.98 99.99

Normal 96.00 99.99 98.00

Xception Chickenpox 99.99 88.00 93.00

Measles 99.99 89.00 94.00

Mpox 97.00 99.98 98.32

Normal 91.00 99.97 95.28

EfficientNetB7 Chickenpox 99.98 80.25 89.20

Measles 99.97 83.58 91.00

Mpox 92.00 99.97 96.14

Normal 94.00 99.96 97.43

SwinViT Chickenpox 99.51 82.78 90.00

Measles 99.99 99.74 99.86

Mpox 99.99 89.52 93.87

Normal 86.00 99.85 93.26

DenseNet201 Chickenpox 92.00 99.00 97.00

Measles 99.98 88.49 93.21

Mpox 99.98 83.67 91.00

Normal 84.00 99.70 92.80

Fig. 5  Confusion matrix in the testing phase for right and wrong estimates made when using dataset (MSID) is used for the A DenseNet201, B 
SwinViT, C EfficientNetB7, D Xception, and E proposed Mpox-XDE models
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Classifier parameter results
The ROC curve, which is shown in Fig. 6, is a supplemen-
tary compliance indicator for the introduced models. 
The highest documented micro average AUC score for 
the proposed ensemble model is 1.00 which is outstand-
ing, the Xception model has the second-most nearly 
ROC curve. The suggested model performed exception-
ally well in our suggested methodology. The detailed 
report using dataset (MSID) in the testing phase of 

classification considering the mean accuracy, recall, and 
F-1 score for each approach is shown in Table 6. Mpox-
XDE performed better in this case than any other model 
we tested. A precision of 98.90%, recall of 98.80%, and 
F1 score of 98.80% indicated exceptional success using 
this method. Additionally, Xception achieves the sec-
ond highest precision of 96.50% in this research. In this 
instance, Mpox-XDE outperforms every other model that 
we explored.

Fig. 6  ROC curves for all evaluated methods for Mpox classification in the testing phase on dataset. The microareas under the ROC curve 
for the Mpox-XDE, SwinViT, Xception EfficientNetB7, and MobileNetV3 presented

Table 6  Extensive report on classification using dataset (MSID) in testing phase

(The models proposed Mpox-XDE, Xception, EfficientNetB7, SwinViT and DenseNet201 were compared based on average precision, recall, and F1-score values)

Method Precision % Recall % F1-score % Sensitivity % Specificity %

Proposed Mpox-XDE 98.90 98.80 98.80 97.80 99.20

Xception 96.50 96.10 96.10 95.50 97.70

EfficientNetB7 95.70 94.70 94.90 96.40 94.70

SwinViT 94.30 93.45 93.40 95.20 93.70

DenseNet201 93.50 92.20 92.20 91.00 95.70

Table 7  Loss and Accuracy for all evaluated models using dataset (MSID) in this research

Mpox-XDE Xception EfficientNetB7 DenseNet201 SwinViT

Training accuracy % 98.90 97.60 96.00 94.00 95.80

Testing accuracy % 98.70 (Proposed) 96.10 94.70 92.20 93.40

Training loss % 0.29 0.75 1.48 2.40 1.83

Validation loss % 0.31 0.93 1.90 3.10 2.55
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Loss and accuracy of predictions
By using the methods we suggested, this section displays 
the loss and accuracy for the dataset (MSID) of each of 
the five models. For the training, testing, and validation 
stages, Table  7 is presented the ideas of accuracy and 
loss. The Mpox-XDE model achieves higher accuracy 
of 98.90% and 98.70% in the training and testing sets, 
respectively. With a 0.31% validation loss, the Mpox-
XDE model using the dataset exhibited the best testing 
accuracy, at 98.70%. Compared with the other methods, 
DenseNet201 had the lowest test accuracy of 92.20%. 
The proposed ensemble model produces excellent results 
due to the balanced dataset and optimal ensemble model 
used in this study.

Figure  7 represents both the loss and accuracy of the 
proposed ensemble model for the training phases. Fig-
ure  7A illustrates the training loss over 80 epochs. In 
this case, the training loss decreased as the number of 
epochs increased. That indicates that the model executes 
perfectly on the balanced dataset. Additionally, Fig.  7B 
presents the training accuracy for the MSID datasets on 
the same number of epochs. As the number of epochs 
increased, the accuracy of the suggested ensemble model 
improved. However, Fig. 7B demonstrates that the train-
ing accuracy has increased and reached higher levels 
after completing 45 epochs.

Dataset diversity and biasness
Although the Mpox-XDE model has worked excel-
lently in Mpox, measles, chickenpox, and normal skin 

conditions classification, its accuracy is necessarily 
linked to the comprehensiveness of the training data-
set employed. The Mpox Skin Images Dataset (MSID) 
with 770 images provides a foundation for the model’s 
learning, but potentially cannot fully express the abun-
dant richness of variation seen in real-world clinical 
cases. Factors such as differences in skin tones, lesion 
characteristics, imaging parameters, and population 
heterogeneity can significantly influence the model’s 
generalization. Class imbalances in data sets are one of 
the main defects with medical image classification. If a 
model is trained on some disease or demographic classes 
that are poorly represented, its accuracy will be reduced, 
as will its dependence on predictions being unreliable. 
Mpox-XDE’s ensemble approach reduces overfitting and 
enhances robustness but can still allow bias to affect clin-
ical utility if it is derived from a sparse data set.

Output analysis of Grad‑CAM
Analysing the appearance of regions in an image that a 
DL model focuses on can be performed with the help 
of the Grad-CAM analysis [60]. There is a significant 
achievement in generating a Grad-CAM map and super-
imposed area that highlights the affected areas. In this 
work, we employed Grad-CAM analysis to investigate the 
Grad-CAM maps produced by our suggested Mpox-XDE 
model-a combination of three enhanced DL models-for 
Mpox-infected skin pictures. The proposed ensemble 
model detects the affected area very smoothly via the 
Grad-CAM. This might facilitate medical personnel’s 

Fig. 7  Loss and accuracy for the proposed Mpox-XDE model. A Training loss, and B accuracy using Datset(MSID)
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easy diagnosis of the Mpox-affected area. Figure 8 shows 
the original input photos, their Grad-CAM, and their 
overlay images. Figure  8 shows that for each class our 
proposed ensemble model was used to detect the affected 
area. For the Measels and Mpox classes, the Grad-CAM 
showed remarkable performance. Significantly, the con-
taminated area of the skin pictures contaminated with 
Mpox is correctly identified by our proposed model. 
This Grad-CAM stage will be useful for the specialists 
in determining whether areas of the patient’s skin are 
affected.

Table  8 also compares the most recent research on 
MSID dataset using XAI techniques published in several 
publications on the detection and classification of Mpox. 
In terms of accuracy, this research demonstrated that our 
DL-based ensemble method using the XAI technique 
performs better than any prior study does. The pro-
posed Mpox-XDE model significantly contributes to our 

research and can be crucial in quickly detecting Mpox 
cases during current outbreaks.

Analysis of computational complexity
A crucial balance between computational effectiveness 
and model intricacy is emphasized by a comparison 
between the proposed Mpox-XDE and all the models 
investigated in this study. Compared with the other DL 
models, Mpox-XDE and EfficientNetB7 contained more 
parameters-28.7 million and 24.6 million, respectively. 
In addition, the transformer model has the highest 
number of parameters of 43.5 million. The computa-
tional complexity of each examined model is shown in 
Table  9. The architecture, number of layers, and set-
tings of SwinViT, EfficientNetB7, and the suggested 
ensemble models require additional training time and 
disk space. Additionally, the Mpox-XDE models out-
performed SwinViT in this investigation and used less 

Fig. 8  Some sample images from the input images (MSID) along with their Grad-CAM and superimposed images generated by the proposed 
ensemble model. A Chickenpox, B Measles, C Mpox, and D Normal

Table 8  The effectiveness of the proposed method was contrasted with a previous study that used XAI approaches to increase the 
Mpox class detection accuracy on MSID and related datasets

Previous study Dataset Applying XAI 
method (Yes/No)

Purpose Best Method Accuracy %

Demir et al. [45] Private  No Classification MNPDenseNet 91.87%

Sitaula et al. [61] Private  Yes Detection Ensemble model 87.13%

Ali et al. [44] MSLD No Classification ResNet50 82.96%

Raha et al. [28] MSID, MSLD Yes Detection MobileNetV2 98.19% (MSID)

Pramanik et al. [36] MSLD No Detection Ensemble 93.39%

Bala et al. [30] MSID Yes Detection and classification MobileNet 93.19% (original) 
98.91% (aug-
mented)

Attallah et al. [62] MSID, MSLD No Detection and classification MonDiaL-CAD 97.1% (MSID)

Asif et al. [63] MSID, MSLD Yes Detection and classification CFI-Net 94.81% (MSID)

Proposed ensemble model MSID Yes Classification and detection Mpox-XDE 98.70% (MSID)
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processing resources. As we developed an ensemble 
architecture of three DL models, with other DL models, 
computational power and model performance are at 
odds. Researchers and practitioners must carefully con-
sider the resulting compromise in light of their unique 
needs and limitations.

Conclusion and future work
The outbreak of Mpox throughout the world in 2022 put 
up a high demand for improved diagnostic tools. In this 
work, we have developed an ensemble model for Mpox 
detection, known as Mpox-XDE, combining three DL 
models. Those are Xception, DenseNet201, and Efficient-
NetB7. This work approach also employed an explainable 
AI tool called Grad-CAM to visualize better affected skin 
areas, thus presenting more interpretable results to medi-
cal experts. The proposed Mpox-XDE system makes use 
of the popular dataset, which is MSID. During the testing 
phase, the proposed ensemble method achieves impres-
sive percentages of precision 98.90%, recall 98.80%, 
and f1-score 98.80%. Using the Mpox-XDE model, this 
study concludes with an outstanding testing accuracy of 
98.70%.

Despite these promising results, some limitations exist: 
the dataset was relatively small and, despite preproc-
essing, may lead to overfitting; this in turn reduces the 
model’s capability for generalization on new data. On the 
other hand, the more complex architecture of Mpox-XDE 
increases the time it takes for training and reduces the 
interpretability of how the specific layers contribute to 
the predictions. Future work will, therefore, be directed 
to address these challenges. Increasing the dataset with 
more diverse samples can make the model robust and 
more reliable. In the future, we will work on another real-
time Mpox dataset to evaluate the best performance of 
our methodology. Simultaneously, simplifying the archi-
tecture of the model or trying some optimization tech-
niques may reduce computational requirements with no 
performance loss. Refining explainable AI will lead to 
better transparency and trust gain among healthcare pro-
fessionals. Application of this framework in the diagnosis 
of other diseases could contribute more to global health-
care solutions based on AI.
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