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Abstract: Mpox is a disease like smallpox caused by the Mpox virus (MPXV), which belongs 
to the Orthopoxvirus (OPXV) group in the Poxviridae family. The virus is transmitted through 
direct contact with infected individuals, animals, or contaminated materials. Transmission can 
occur through direct body contact, animal bites, respiratory droplets, or mucous membranes in 
the eyes, nose, or mouth. However, since the recent outbreak in May 2022, the disease has spread 
to various countries, posing a threat to develop into a global pandemic. Several image processing 
and deep learning models, including Convolutional Neural Network (CNN), have been employed 
for Mpox disease prediction. The default CNN algorithm performs poorly on image orientations 
such as tilting, rotation, zooming, or other abnormal images. Therefore, we propose a new 
framework adopted from deep learning by combining Generative Adversarial Network (GAN), 
PyramidalNet, and Long Short-Term Memory (LSTM). This new method is referred to as 
GPLNet. The research results indicate that the GPLNet algorithm model can surpass the accuracy 
achieved by CNN and CNN-LSTM, reaching 99%. The performance of the GPLNet algorithm 
model is also evaluated using various measurement metrics, yielding an accuracy of 98%, 
precision of 99%, recall of 98%, sensitivity of 98%, specificity of 98%, f1-score of 98%, and 
ROC of 99%. 
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1 Introduction 

Since the outbreak of the corona virus disease (COVID-19) in 2019 [Chen et al., 20, 
Stojanov, 23], there remains a threat of the emergence of an epidemic [Stojanov, 21] 
caused by the Mpox virus prompted health experts to collectively question whether this 
could pose new risks [Akkilic et al., 24]. 1Monkeypox or Mpox, a disease similar to 
smallpox caused by the Mpox virus, primarily originates from the Central and West 
African regions [Chadaga et al., 23]. The Monkeypox virus (MPXV) is part of the 
Orthopoxvirus (OPXV) group within the Poxviridae family [Arden and Chilcot, 20]. 
Poxviruses are large-sized viruses with an envelope. Their genome consists of double-
stranded linear DNA (∼200 kilobase pairs), densely packed with around ∼200 genes 
[Xiang and White, 22]. The complete genome of MPVX, the first isolated from the 
current MPVX outbreak (designated as MPVX_U.S._2022_MA001), was released in 
the GenBank database with the accession ID ON563414 as of May 30, 2022 [Gigante 
et al., 22]. Oxford nanopore technology revealed that the size of the MPVX genome is 
197,205 bp as linear dsDNA. The average size of MPVX ranges between 200 and 250 
nm. MPVX replicates in the cytoplasm of infected host cells and possesses a nuclear 
region with lateral bodies, double-stranded DNA (dsDNA), and a lipoprotein envelope 
[Karagoz et al., 23].   

Micropinocytosis, virus endocytosis, and cell membrane fusion facilitate virus 
entry through the nasopharyngeal, oropharyngeal, subcutaneous, intradermal, and 
intramuscular routes. Inflammatory immune-mediated phagocytosis is triggered by 
MPXV replication upon inoculation, leading to MPXV spread to the blood, lymph 
nodes, tonsils, bone marrow, spleen, and other organs. MPXV genome and proteins are 
released into host cells under the control of mature virions (MV) and enveloped virions 
(EV). Following MPXV mRNA transcription and translation, intracellular mature 
virions (IMV) with the virus-coding DNA are produced. IMVs wrapped in Golgi 
apparatus-derived membranes create intracellular enveloped virions (IEVs), which fuse 
with the host cell's inner membrane to form cell-associated virions (CEVs) before being 
released into the extracellular area to form extracellular enveloped virions (EEV) 
[Paharia, 22].The virus is transmitted when an individual has direct contact with 
infected people, animals, or contaminated materials [Ahsan, et al., 23]. Transmission 
can occur through direct bodily contact, animal bites, respiratory droplets, or mucous 
membranes in the eyes, nose, or mouth [Nguyen et al., 21]. However, since the recent 
outbreak in May 2022, the disease has spread to various countries, posing a threat to 
develop into a global pandemic [Hemati et al., 22]. 

The OPXV genus has more than 10 member species, including the variola virus 
(smallpox) (VARV) [Altun et al., 23], vaccinia virus (VACV) [Dhungel et al., 20], 
cowpox virus (CPXV) [Velu et al., 23], camelpox virus (CMLV) [Zhugunissov et al., 
23], and several new species isolated from infected humans or primates since 2010 [W. 

 
1 The use of the term "Monkeypox" in the related works section is because the term is 
used in the references. 
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T. Yang et al., 22]. In 2018, there was an outbreak suspected to be monkeypox in an 
11-year-old child, and the disease was considered a threat [Jaradat et al., 23]. As of 
January 1, 2019, 132 confirmed cases of the disease and 7 deaths were reported. On 
June 23, 2022, the World Health Organization (WHO) reported more than 3000 
monkeypox virus infections in over 50 countries across five regions [Dimitrakoff et al., 
22]. 

Several studies related to the detection of monkeypox disease have been conducted, 
one of which was carried out by [Bala et al., 23] to discuss a powerful Deep 
Convolutional Neural Network for the detection and classification of monkeypox 
disease. Additionally, [Altun et al., 23] also investigated the detection of monkeypox 
using a Convolutional Neural Network that employs a Transfer Learning approach. 

Systemic disease detection aims to identify monkeypox disease by integrating 
variables into the dataset such as swollen lymph nodes [Pittman et al., 22], muscle pain 
[Studemeister et al., 23], and fever [Baudouin et al., 2023, Chastain et al., 2023]. 
Systemic disease utilized for identifying monkeypox is based on variables such as anal 
pain [Pfäfflin et al., 23], sore throat [Ardila et al., 23], penile swelling [Valero, 23], 
mouth lesions [Joseph & Anil, 23], solitary lesions [Mitjà et al., 23], swollen tonsils 
[Karagoz et al., 23], HIV infection [Ethawi et al., 23], and sexually transmitted 
infections [Allan-Blitz & Klausner, 23]. From these variables, a dataset is formed to 
detect systemic disease for identifying monkeypox using the (GAN - Pyramidal - 
LSTM Network) GPLNet model based on skin lesions. Applications utilizing deep 
learning can be assessed through data analysis parameters such as precision, recall, f-
measure, and ROC. 

This research proposes the GPLNet model for systemic disease detection to 
identify Mpox. The creation of the GPLNet model, which not only focuses on the end 
results but also considers the original and fake input images, training speed, and 
network stability, is a significant contribution made in this study. The remainder of this 
research is divided into several sections such as Related Works presented in Section 2, 
research materials and methodology, along with the workflow shown in Section 3. 
Experiments and their results are presented in Section 4. In Section 5, conclusions are 
drawn and future work concludes in Section 6. 

2 Related Works 

Several preliminary studies have been conducted on Mpox cases. In a study by [Dahiya 
et al., 23], CNN with transfer learning was employed for the detection of monkeypox 
disease. Researchers preprocessed skin image data from mobile devices before it could 
be trained or tested. The data was divided into 70% for training and 30% for validation. 
The data was categorized into two groups, namely positive and negative for 
monkeypox. Custom models such as MobileNetV3-s, EfficientNetV2, ResNET50, 
Vgg19, DenseNet121, and Xception models were implemented in this research. In the 
research, the evaluation and comparison involved metrics such as Area Under Curve 
(AUC), accuracy, recall, loss, and F1-score. The MobileNetV3-s hybrid model, after 
optimization, demonstrated superior performance, attaining the highest scores across 
various parameters, including an average F1-score of 0.98, AUC of 0.99, accuracy of 
0.96, and precision of 0.97. The diagnosis of melanoma disease investigated by 
[Nivedha & Shankar, 23] utilizes a Faster Region Convolutional Neural Network 
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optimized with the Artificial Gorilla Troop Algorithm. This research aims to reduce the 
complexity of the analytical process, selecting valuable features using the AGTO 
method, and further classification implemented using Faster R-CNN. The study 
demonstrates that the proposed system outperforms existing models with an accuracy 
of 98.55%. Lesion-based skin disease diagnosis is also conducted by [Hussain et al., 
23], where the study proposes a controlled positive correlation approach for the fusion 
of trained neural network features and an enhanced optimization development named 
Antlion for feature selection. The research utilizes the ISIC2018 skin dataset consisting 
of 10,014 images distributed across 7 classes and ISIC2019 consisting of 23,757 images 
distributed across 8 classes. In its experimental process, it achieves accuracies of 96.1% 
and 99.9%, respectively. 

Detection and classification using a deep learning-based feature selection and 
fusion approach are conducted by [Maqsood & Damaševičius, 23]. In their research, a 
contrast enhancement-based fusion approach is utilized for image preprocessing. The 
DCNN model proposed in the study achieves an accuracy of 98.59%, sensitivity of 
92.78%, specificity of 95.47%, and an AUC of 0.987. Detection of monkeypox virus 
using a deep learning-based approach is also conducted by [Sitaula & Shahi, 22]. The 
research aims to compare 13 different deep learning models for monkeypox virus 
detection. In conducting experiments on the available dataset, it yields average 
Precision, Recall, F1-score, and accuracy of 85.44%, 85.47%, 85.40%, and 87.13%, 
respectively, with the assistance of the proposed approach. 
Multiclass skin lesion recognition using the MSRNet approach is conducted by [Bibi 
et al., 23]. The research proposes a deep learning architecture for multiclass skin cancer 
classification and melanoma detection. The proposed architecture consists of 4 stages: 
image processing, feature extraction and fusion, feature selection, and classification. 
Two datasets, ISIC2018 and ISIC2019, were chosen for the experimental process. The 
maximum accuracies obtained on these datasets are 85.4% and 98.80%, respectively. 

The research conducted by [Azar et al., 23] developed seven specifically designed 
Deep Convolutional Networks (DNN) to detect monkeypox, considering both two-
class and four-class scenarios. The results of the study indicate that the proposed 
DenseNet201-based architecture performs the best, with an accuracy of 97.63%, F1-
score of 90.51%, and AUC of 94.27% in the two-class scenario, while achieving an 
accuracy of 95.18%, F1-score of 89.61%, and AUC of 92.06% in the four-class 
scenario. Utilizing deep learning approaches such as GoogLeNet, Places365-
GoogleNet, SqueezeNet, AlexNet, and ResNet-18, [Nayak et al., 23] focused on image-
based lesion detection for monkeypox virus using publicly available datasets. The aim 
of the research was to explore how the models could be employed in real-time or for 
accurate diagnosis. ResNet-18 achieved the highest accuracy of 99.49%, while the 
modified model attained validation accuracy above 95%. The results demonstrate that 
deep learning models, such as the proposed one based on ResNet-18, can be applied, 
and play a crucial role in combating the monkeypox virus. 

The research conducted by [Ijaz et al., 23] focuses on the detection of monkeypox 
in humans using deep learning. This study proposes the Long Short-Term Memory 
(LSTM) algorithm to analyze periodic symptom records or patient data, while the 
Convolutional Neural Network (CNN) algorithm is used to process medical images of 
skin lesions. The researchers divided the data for training into 70%, validation data into 
15%, and testing data into 15%. The data is categorized into two classes, namely 
positive and negative for monkeypox. The research results indicate that the proposed 
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CNN and LSTM models achieved an accuracy of 99%. The utilization of the CNN 
model for monkeypox classification based on skin lesions was also performed by 
[Eliwa et al., 23]. This research optimized the CNN model using the Grey Wolf 
Optimizer (GWO) algorithm, resulting in a significant improvement in accuracy, 
precision, recall, F1-score, and AUC compared to the non-optimized model. The 
optimized CNN model achieved an accuracy of 95.3%, demonstrating that the GWO 
optimizer enhanced the model's ability to differentiate between positive and negative 
classes. 

3 The Purpose Method 

3.1 Research Workflow 

Figure 1 illustrates the proposed research workflow in this study, where systemic 
disease data based on skin lesions is utilized as input to identify Mpox. 
 
 

 
 

Figure 1: Research flow design 

The stages of the research workflow are described as follows: 
 
3.2 Identification of Problems 

In this stage, the identification of problems includes: 
a. The need for an automatic detection model to recognize Mpox virus based on 

skin lesion. 
b. Measuring the accuracy level of the proposed model using both augmented 

and non-augmented datasets.  
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3.3 Analysis Problem 

In this stage, the design of an automatic detection model to recognize Mpox virus based 
on skin lesions is conducted. The model we propose is called GPLNet (GAN - 
Pyramidal - LSTM Network). 
3.4 Data Collection 

Many experts in the field of medical health believe that artificial intelligence systems 
can effectively and efficiently diagnose diseases by processing image data [Ahsan et 
al., 20, Ahsan et al., 23]. uring the initial stages of our experiment, we found only a 
limited collection of publicly available Mpox data, which somewhat hindered the 
effective and efficient implementation of the system. Considering the limitations in this 
research, we gathered images of patients with Mpox symptoms, and this dataset will be 
periodically updated with contributions from hospitals, clinics, or data obtained from 
internet data repositories [Paul et al., 22]. Figure 2 illustrates the results of the data 
collection, and Table 1 presents the characteristics of the dataset collected in this study. 

 
(a) 

 
(b) 

Figure 2: A collection of sample images from the data set (a) infected with monkey 
pox (b) not infected with monkey pox 

Dataset Total Sample 
Infected Mpox 102 
No Infected Mpox 126 
Infected Mpox Augmented 980 
No Infected Mpox Augmented 1162 
Total Samples 2370 

Table 1: Characteristics of the dataset that has been collected in this research 

Table 1 presents the characteristics of the data collected in this study. Machine 
learning algorithms perform well with a small number of images, whereas deep learning 
algorithms such as CNN, GAN, Recurrent Neural Network (RNN) require a large 
amount of data to function effectively [Jiao et al., 20, Jiao & Jiang, 22, Othmani et al., 
23]. Although the dataset only contains 2370 samples, using a machine learning 
approach, this data can be applied to build disease classification models, as 
demonstrated in previous research during the COVID-19 pandemic. For example, in a 
study that used only 100 samples to build a Deep Learning model for automatic 
COVID-19 classification [Mahdy et al., 22]. However, we anticipate that the data 
volume will increase over time as we gather more information from various open 
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sources, such as data that can be used without privacy concerns, information from 
journals, and online sources [Paul et al., 22]. 
 
3.5 Data Preprocessing and Augmentation 

The primary goal of image classification using CNN is to reduce the computational 
complexity of the model, which may increase when the input is an image [Hussein et 
al., 22]. This research resized the images from 1024x1024 to 224x224 pixels to decrease 
the computational load and facilitate faster processing. All techniques were 
implemented on these reduced-size images. 

In the process of deep learning algorithm classification, the imbalance ratio in the 
class distribution of the dataset significantly impacts the model's performance. "Data 
Augmentation" is a method employed in data analysis to increase the volume of data 
by introducing slight replicas of the existing data [Gulakala et al., 23]. In the research 
[Waheed et al., 20, Yang et al., 21], the authors conducted a systematic study on how 
data imbalance affects the CNN model's performance in classification. Their findings 
demonstrated the adverse impact of an imbalanced class distribution on classification 
performance. In our dataset, there are fewer images of mpox-infected lesions compared 
to images of non-infected lesions. To address this situation, we applied data 
augmentation to the dataset. In this study, the following parameters were used for the 
data augmentation process, as shown in Table 2. 

 
Generator Facility 

Rescale 1./255 
Shear range 1% 
Zoom range 1% 

Rotation range 15º 
Fill mode Nearest 

Horizontal flip True 

Table 2: Augmentation composition technique in this research 

3.6 Generative Adversarial Network (GAN) 

Generative Adversarial Networks (GAN) is a deep learning algorithm that generates 
synthetic data from latent space, as illustrated in Figure 3. These networks draw 
inspiration from Ian Goodfellow and his colleagues based on contrastive noise 
estimation and employ the loss function used in the current GAN. Firstly, there is a 
generator tasked with creating new data resembling the given training data. Secondly, 
there is a discriminator responsible for distinguishing between real and generator-
produced data [Aggarwal et al., 21]. GAN, or Generative Adversarial Network, is a 
model that learns to create data resembling real data by employing two adversarial 
networks—namely, the generator G and the discriminator D. The generator G maps a 
latent variable z to the data space, aiming to generate data that aligns with the 
distribution of real data, while the discriminator D distinguishes whether the input 
originates from real or generated data. D is trained to maximize the probability of 
assigning a value of 1 to real data and 0 to generated data from G, whereas G is trained 
to generate data resulting in a classification outcome of 1 [My et al., 21]. In other words, 
D and G engage in a two-player minimax game described by the following equation: 
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𝑚𝑖𝑛!𝑚𝑎𝑥"𝑉(𝐷, 𝐺) 	= 	𝑚𝑖𝑛!𝑚𝑎𝑥"	𝔼#![𝑙𝑜𝑔(𝐷(𝑥)) +	𝔼#"($)[𝑙𝑜𝑔(1 − 𝐷(𝐺(𝑧)))] (1) 

In equation 1, 𝑝! represents the genuine data distribution, and 𝑝"($) denotes the 
generated distribution, also recognized as the model distribution. The optimization of 
D in equation 1 creates a dilemma within D's training, presenting computational 
challenges and fostering overfitting on a restricted dataset. Consequently, G and D 
undergo alternating training, with G held constant during D's training and vice versa. 
Despite GAN having theoretical support and advantages, practical implementation 
faces the obstacle of meeting the assumption of sufficient capacity, failing to guarantee 
the discriminator's optimality at each optimization step. This can lead to issues like 
local optima entrapment and mode collapse. Numerous researchers have delved into 
the root causes of these problems, proposing various enhanced methods from different 
perspectives [Gui et al., 23]. Since the inception of GAN, diverse generator and 
discriminator architectures have been developed. In this study, an evolving GAN, 
inspired by [Li et al., 21], is presented, where both the generator and discriminator sizes 
increase throughout the training process. 

 

 

Figure 3: Generative adversial networks 

In this research, the architecture is modified to work with RGB-scale images. The 
fundamental concept involves employing a progressively growing number of 
discriminators to create high-resolution images from low-resolution counterparts. 
Initially, the training involves a 4 x 4 discriminator and generator, producing images at 
a 4 x 4 resolution. After a specified number of iterations, both the discriminator and 
generator layers concurrently expand to generate 8 x 8 images, continuing this pattern 
until the ultimate high-resolution image is generated. Figure 4 illustrates the GAN 
framework, where each block consists of two convolution layers, with each convolution 
followed by an LReLU activation layer. 
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Figure 4: The framework of GAN 

The upsampling and downsampling processes, along with various convolutions 
occurring within the generator and discriminator, are illustrated in Figure 5. To avoid 
sudden residual spikes into a well-trained network, a smooth transition to longer layers 
is incorporated. The process of increasing the resolution in both the generator and 
discriminator involves the gradual incorporation of new layers. When introducing a 
new layer, the contribution of low-resolution images (scaled up with progressively 
decreasing nearest-neighbor filters) and the proportion of newly generated high-
resolution images steadily rise. This process is analogous to utilizing pre-trained low-
level parameters for initial training, gradually incorporating, and training new layer 
parameters. The complete training of low-level parameters contributes to improved 
training stability. Moreover, as high-resolution images are incrementally produced 
from low-resolution counterparts, the low-resolution images acquire knowledge of 
large-scale structures, and high-level features act as supplementary enhancements for 
details and textures. 

 

 
(a) 

 

 
(b) 

Figure 5: GAN (a) generator, and (b) discriminator blocks 
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This results in superior image quality and more effective training. The training 
progression for adding new layers from 8 x 8 to 16 x 16 is illustrated in Figure 6. 

 

 

Figure 6: Training process to add new layers 

The process of incorporating new layers during training involves generating high-
resolution output from the newly introduced layer as a weighted residual, with the 
weight denoted by α. This weight scales linearly between 0 and 1 as the training 
advances. Subsequently, the extended low-resolution layer is scaled up using the 
nearest-neighbor method and combined with the residual block using a weight of 1 – α. 
As the training proceeds, the α value gradually increases until reaching α = 1, obviating 
the need for the inclusion of longer layers. A similar procedure is applied to the 
discriminator, where, in this instance, the image size is halved through nearest-neighbor 
scaling and added to the output of the higher layer with a weight of α. 

 
3.7 Convolutional Neural Network (CNN) 

The Convolutional Neural Network (CNN) represents a progression from the 
Multilayer Perceptron (MLP), a neural network specifically crafted for the analysis of 
two-dimensional data [Eeuwijk, 22]. Like other neural networks, CNN has neurons 
with weights, biases, and activation functions. CNN can automatically learn 
hierarchical representations of input data, which are more powerful and expressive 
compared to manually engineered features [Eliwa et al., 23]. CNN is built from a series 
of sequentially added layers [Chhabra et al., 23]. Convolutional layers, pooling layers, 
batch normalization layers, fully connected layers, and loss layers are some of the layers 
that constitute these layers. These layers are part of CNN responsible for feature 
extraction and selection [Meena et al., 23]. There are many architectures within the 
CNN algorithm, such as InceptionResNetV2, InceptionV3, ResNet152V2, VGG16, 
VGG19, Xception, and DenseNet201 [Chai et al., 21, Jain et al., 20]. 

In CNN structures, as previously highlighted, the depth of feature maps escalates 
in successive layers owing to the stacking of numerous deep convolutional layers. 
Nevertheless, spatial dimensions undergo reduction since each convolutional layer or 
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block is succeeded by a sub-sampling layer. Therefore, deep CNNs experience a drastic 
increase in feature depth and, at the same time, a loss of spatial information due to the 
reduction in spatial dimensions. ResNet has demonstrated outstanding results for image 
classification problems. However, in ResNet, the removal of residual blocks, where 
spatial dimensions and feature maps (channels) vary (increasing feature map depth 
while decreasing spatial dimensions), generally degrades performance. In this case, 
stochastic ResNet improves performance by reducing information loss associated with 
the omission of residual units. We propose a method to enhance the feature map 
dimensions using the following equation: 

 

𝑑$ 	= 	 9
16

;𝑑$%& 	+	
𝜆
𝑛=
												 	𝑖𝑓	𝑙	 = 1,

𝑖𝑓	2	 ≤ 	𝑙	 ≤ 	𝑛	 + 	1,	 (2) 

 
Where, 𝑑& denotes the dimension of the 𝑙'(	residual block, and n represents the 

number of residual blocks, while 𝜆 is the step size, and )
*
 governs the increment in depth. 

Residual connections are inserted between layers using identity mapping without 
padding. The advantage of padding-free identity mapping is that it requires fewer 
parameters compared to projection-based shortcut connections, thus enabling better 
generalization. Pyramidal Net employs two different approaches to network widening, 
including summation and multiplication-based widening. The key difference between 
these types of widening is that the additive pyramid structure increases linearly, while 
the multiplicative pyramid structure increases geometrically. 

Equation (2) relies on the summation-based widening factor λ to augment 
dimensions. Nonetheless, it is worth noting that multiplication-based widening, 
involving the multiplication of a factor to geometrically increase channel dimensions, 
offers an alternative approach to constructing pyramid-like structures. Consequently, 
Equation (2) can be reformulated as follows: 

 

𝑑$ 	= 	 9
16

;𝑑$%& 	 ∙ 	𝜆	
1
𝑛=
												 	𝑖𝑓	𝑙	 = 1,

𝑖𝑓	2	 ≤ 	𝑙	 ≤ 	𝑛	 + 	1.	 (3) 

 
The proposed algorithm enhances feature map dimensions in all layers to distribute 

the concentrated load across the unit locations. It was found that using the new proposed 
network architecture, removing units with downsampling does not significantly 
decrease performance. The architecture of the multiplicative PyramidalNet is illustrated 
in Figure 7, where the feature map dimensions of the multiplicative PyramidalNet 
gradually increase geometrically, and the main contribution is that the network 
(PyramidalNet) focuses on increasing the feature map dimensions gradually, rather than 
sharply increasing them at each residual unit with downsampling. This means that the 
dimensions gradually increase on the input side layers and sharply increase on the 
output side layers. 
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Figure 7: Multiplicative PyramidalNet architecture 

With the expansion of feature map dimensions in every unit of PyramidNet, we 
exclusively examined two alternatives: the use of an identity mapping shortcut without 
padding and the implementation of a projection shortcut achieved through a 3x3 
convolution. The 3x3 shortcut yields results that are not suitable for very deep network 
architectures when there are too many residual units. Therefore, we opted for the 
identity mapping shortcut without padding for all residual units. In this study, identity 
mapping alone cannot be used as a shortcut path because the feature map dimensions 
differ among individual residual units. Thus, only the shortcut without padding or the 
projection shortcut can be used for all residual units. As explained in a prior discussion, 
the application of a projection shortcut could impede information propagation and lead 
to optimization challenges, particularly in the context of highly deep networks. 
Conversely, our observations revealed that the zero-padding shortcut, devoid of extra 
parameters, does not contribute to overfitting problems. Surprisingly, this shortcut 
exhibits notable generalization capabilities when compared to other shortcut methods. 

We evaluated the impact of incorporating the identity mapping shortcut with zero-
padding on the k-th residual unit within the n-th group using 𝑥 &

+
 vectors reshaped from 

the l-th feature map: 
 

𝒙𝒌𝒍 	= 	 D
𝑭(𝒌,𝒍)(𝒙𝒌%𝟏𝒍 ) +	𝒙𝒌%𝟏,𝒍 	
𝑭(𝒌,𝒍)(𝒙𝒌%𝟏𝒍 ),																		

					 𝒊𝒇	𝟏	 ≤ 	𝒍	 ≤ 	𝑫𝒌%𝟏 
𝒊𝒇	𝑫𝒌%𝟏 	< 	𝒍	 ≤ 	𝑫𝒌 

(4) 

 
In equation (4),  𝑭(𝒌,𝒍) (.) denotes the l-th residual function of the k-th residual unit, 

while 𝑫𝒌 represents the predefined channel dimension of the k-th residual unit. The 
elements with zero-padding in the identity mapping shortcut for the augmented 
dimension, denoted as 𝒙𝒌𝒍  encompass the output from both the residual network and the 
plain network. Therefore, we can infer that each zero-padding identity mapping 
shortcut can achieve this by providing a mixture of the residual network and the plain 
network, as shown in Figure 8. In addition to the proposed PyramidalNet architecture, 
increasing the channel dimension at each residual unit, and the blending effect of the 
residual network and the plain network significantly enhances. 
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Figure 8: Residual unit structure with identity mapping shortcuts without padding 

Incorporating ReLU in the construction of the residual unit block is essential for 
introducing nonlinearity. However, through empirical observation, we determined that 
its effectiveness can be influenced by the specific placement and quantity of ReLU. 
Notably, employing ReLU after the addition of the residual unit has a detrimental 
impact on performance. 

 
𝒙-$ 	= 	𝑅𝑒𝐿𝑈	(𝑭(-,$)(	𝒙-%&$ ) +	𝒙-%&$ ), (5) 

 
This can be explained by the fact that, after the addition of ReLU, it ensures a non-

negative input to the subsequent residual unit. Consequently, the shortcut connection 
consistently maintains a non-negative status, and the convolutional layers are tasked 
with generating negative output prior to the addition process. This arrangement could 
potentially compromise the overall capability of the network architecture. Tackles this 
concern by introducing pre-activation residual units, where the Batch Normalization 
(BN) layer precedes ReLU (rather than following) the convolutional layer. 

 
𝒙-$ 	= 	 (𝑭(-,$)(	𝒙-%&$ ) +	𝒙-%&$ ), (6) 

 
In this approach, ReLU is eliminated after the addition process to establish an 

identity path. This modification leads to a considerable and substantial improvement in 
overall performance without encountering overfitting. Additionally, we identified that 
employing an extensive number of ReLU activations within each residual unit block 
can detrimentally affect performance, as illustrated in Figure 9. 
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Figure 9: Illustration of using ReLU 

3.8 Long Short-Term Memory (LSTM) 

LSTM, an acronym for Long Short-Term Memory, allows for the processing of 
exceptionally lengthy input sequences. The emergence of LSTM as a solution stemmed 
from addressing the problem of gradient vanishing in traditional RNNs. LSTM is 
capable of retaining a set of information stored over a long period while simultaneously 
discarding irrelevant information. LSTM is more efficient in processing, predicting, 
and classifying data [Alazab et al., 20]. LSTM incorporates three gates: the input gate, 
the forget gate, and the output gate [Bintoro, 23]. The internal structure of LSTM is 
illustrated in Figure 10. 
 

 
 

Figure 10: Structure of LSTM 
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The LSTM operations can be observed in the equations shown below: 
 
𝑓' =	𝜎((𝑊/𝑥' +𝑈/ℎ'01 + 𝑏/) (7) 
𝑖' =	𝜎((𝑊2𝑥' +𝑈2ℎ'01 + 𝑏2) (8) 
𝑜' =	𝜎((𝑊3𝑥' +𝑈3ℎ'01 + 𝑏3) (9) 
𝑐' =	𝑓' ⊙𝑐'01 + 𝑖' ⊙𝜎'(𝑊4𝑥' +𝑈4ℎ'01 + 𝑏4) (10) 
ℎ' =	𝑜' ⊙𝜎((𝑐') (11) 
 
Where 𝑓', 𝑖', 𝑜', 𝑐', ℎ' are activation vectors for each of the input gate, forget gate, 

output gate, cell state, and hidden state, respectively. 
 

3.9 Evaluation Metrics 

To assess the effectiveness of the proposed approach quantitatively, performance 
metrics including Accuracy, Precision, Recall, Sensitivity, Specificity, and F1-score are 
utilized. In our dataset, the categorization of Mpox as true positive (𝑇5) or true negative 
(𝑇*) occurs when individuals can correctly identify it. Conversely, it is classified as 
false positive(𝐹5) or false negative (𝐹*) [Alom et al., 20, Aslan, 22, Heidari et al., 20, 
Karthik et al., 21]. The specified statistical metrics are explained in detail below. 

Accuracy represents the overall count of accurately identified cases among all 
cases. The calculation of accuracy can be derived using the following formula. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	
𝑇5 + 𝑇*

𝑇5 + 𝑇* + 𝐹5 + 𝐹*
 (12) 

 
Precision is the proportion of correctly predicted positive outcomes relative to the 

total anticipated positive outcomes. 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	
𝑇5

𝑇5 + 𝐹5
 (13) 

 
Recall pertains to the proportion of pertinent results correctly recognized by the 

algorithm. 
 

𝑅𝑒𝑐𝑎𝑙𝑙 = 	
𝑇5

𝑇* + 𝐹5
 (14) 

 
Sensitivity is the metric that specifically measures accurate positives in comparison 

to the total occurrences. 
 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 	
𝑇5

𝑇5 + 𝐹*
 (15) 

 
Specificity is the measure that identifies the accurately recognized actual negatives. 
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𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 	
𝑇*

𝑇* + 𝐹5
 (16) 

 
The F1-score represents the harmonic mean between precision and recall. A perfect 

balance between precision and recall is indicated by the maximum achievable F1 score 
of 1. 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 	2	𝑥	
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	𝑥	𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 + 	𝑅𝑒𝑐𝑎𝑙𝑙 

(17) 

 
4 Result 

4.1 Model Training and Validation 

In the experiment, the dataset was partitioned into 80% for training, 10% for validation, 
and 10% for testing. The implementation of the proposed model in this research was 
carried out using Jupyter notebook, Python, and libraries such as Keras and 
TensorFlow. The computational infrastructure supporting the study included an Intel® 
Core™ i7-2.8GHz processor, 16GB RAM, and a GPU GTX1060 with VRAM 6GB. 
The training dataset for the GAN comprised 228 images affected by Mpox and 
unaffected by Mpox, along with 2142 augmented images exhibiting either Mpox 
presence or absence. The GAN was trained for 1000 epochs, while the CNN-LSTM 
underwent training for 250 epochs, utilizing a 5 K-Fold Cross Validation approach. 
From the trained GAN model, 4752 synthetic Mpox images were generated, and 4500 
images were selected from this set of 4752 images. The results of synthetic Mpox 
images using GAN are shown in Figure 11, and discriminant losses and adversary 
losses are depicted in Figure 12. 
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Figure 11: Mpox synthetic image generated by GAN 

 

Figure 12: Training graphs produced by GAN (a) discriminant losses, (b) adversary 
losses 

In addition to the artificially generated images, 30 Mpox images were incorporated 
into the Mpox CNN LSTM dataset. The remaining Mpox images were reserved for the 
evaluation and testing of the trained model. The architecture of the proposed GPLNet 
model underwent training using a dataset consisting of 81 images affected by Mpox, 
100 images unaffected by Mpox, 784 augmented images affected by Mpox, and 930 
augmented images unaffected by Mpox. The figures depicting the results of model 
comparison in terms of loss and accuracy are presented in Figures 13, 14, 15, and 16. 
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Figure 13: Result of comparison of algorithm model accuracy without augmented 
dataset 

 

Figure 14: Result of comparison of algorithm model loss without augmented dataset 

 

Figure 15: Result of comparison the accuracy of the algorithm model with the 
augmented dataset 
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Figure 16: Result of comparison the loss of the algorithm model with the augmented 
dataset 

To demonstrate the convergence of the model, the proposed GPLNet was evaluated 
using 5-fold cross-validation. Detailed results of the accuracy and loss comparison 
between the augmented dataset and the non-augmented dataset are shown in Table 3, 
Table 4, Table 5, and Table 6. 

 
 

Fold CNN CNN-LSTM GPLNet 
1 0.4 0.42 0.49 
2 0.48 0.55 0.52 
3 0.57 0.67 0.69 
4 0.6 0.69 0.73 
5 0.69 0.73 0.81 

Table 3: Results of accuracy comparison for the algorithm model without augmented 
dataset 

Fold CNN CNN-LSTM GPLNet 
1 1.38 1.71 0.97 
2 2.15 1.90 1.21 
3 1.64 1.56 0.51 
4 0.96 0.88 0.41 
5 0.75 0.60 0.36 

Table 4: Results of loss comparison for the algorithm model without augmented 
dataset 

Fold CNN CNN-LSTM GPLNet 
1 0.65 0.7 0.63 
2 0.72 0.72 0.76 
3 0.84 0.81 0.86 
4 0.83 0.88 0.93 
5 0.8 0.91 0.99 

Table 5: Results of accuracy comparison for the algorithm model with augmented 
dataset 
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Fold CNN CNN-LSTM GPLNet 
1 1.37 0.48 0.40 
2 1.02 0.5 0.37 
3 0.75 0.43 0.36 
4 0.62 0.42 0.25 
5 0.55 0.37 0.09 

Table 6: Results of loss comparison for the algorithm model with augmented dataset 

Figure 13 to Figure 16 depict the accuracy and loss curves for the CNN, CNN-
LSTM, and GPLNet algorithm models with both augmented and non-augmented 
datasets. 5-Fold Cross Validation was employed to train accuracy and loss models for 
the simultaneously recorded training and validation datasets. To prevent overfitting in 
the model, we trained for up to 50 epochs for each fold, resulting in a total of 250 epochs 
used. The recorded training accuracy was 0.81 for the non-augmented dataset and 0.99 
for the augmented dataset. The training loss was recorded as 0.36 for the non-
augmented dataset and 0.09 for the augmented dataset. 
 
4.2 Evaluation Metrics 

The performance of the proposed algorithmic model is evaluated on the testing dataset. 
Accuracy, Precision, Recall, Sensitivity, Specificity, and F1-score are computed for 
each class as indicated in Table 7. 

Data 1 2 3 4 5 6 
Mpox 

0.98 
0.99 0.98 0.98 0. 98 0. 98 

Others 0.99 0.98 0. 98 0. 98 0. 98 
Note: 

1=Accuracy, 2=Precision, 3=Recall, 4=Sensitivity, 5=Specificity, 6=F1-score 

Table 7: Performance metrics (Accuracy, Precision, Recall, Sensitivity, Specificity, 
and F1-score) for each test class 

The outcomes of the study showcase notable accuracy across all classes in the 
independent test dataset, with an accuracy score of 0.98, precision reaching 0.99, recall 
at 0.98, Sensitivity measuring 0.98, Specificity at 0.98, and an f1-score of 0.98. The 
Receiver Operating Characteristic (ROC) serves as a graphical representation depicting 
the performance of the classification model across diverse threshold values. The ROC 
curve illustrates the true positive rate plotted against the false positive rate at each 
threshold setting [Movahedi et al., 23]. The ROC and AUC for Mpox is 0.99, and for 
others, it is 0.99, as shown in Figure 17, while Figure 18 illustrates the confusion matrix. 
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Figure 17: ROC and AUC curve results of the proposed algorithm model 

 

Figure 18: Confusion matrix results from the proposed algorithm model 

4.3 Result of Disease Detection 

After the algorithmic model successfully classified and identified Mpox disease, the 
algorithmic model also detected diseases, as illustrated in Figure 19. 
 

 
(a) 
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(b) 

Figure 19: Result of disease detection (a) Mpox, (b) others 

Visualization of Mpox disease detection results using the GPLNet model. This 
stage aims to analyze the performance of the trained and tested model. In Figure 19, it 
is illustrated that the highlighted areas in orange and yellow indicate the regions of 
Mpox disease. 

 
4.4 Comparison of CNN, CNN-LSTM, and GPLNet Model Algorithms Against 

Actual Disease Status 

Figure 20 shows the comparison curve of the confidence level of the CNN, CNN-
LSTM, and GPLNet algorithmic models against the actual disease status. Table 8 
provides details of the confidence level of the CNN, CNN-LSTM, and GPLNet 
algorithmic models against the actual disease status. 
 

 

Figure 20: Comparison curve of confidence level of CNN, CNN-LSTM, and GPLNet 
algorithm models on actual disease status. 

1 2 3 4 5 6 7 8 9 10 11 
I-1 0 0.79 0.92 0.96 1 Others 0 Mpox 0 Mpox 
I-2 0 0.83 0.96 0.99 0 Mpox 0 Mpox 0 Mpox 
I-3 0 0.8 0.96 0.99 0 Mpox 0 Mpox 0 Mpox 
I-4 0 0.8 0.95 0.99 1 Others 0 Mpox 0 Mpox 
I-5 1 0.76 0.9 0.98 0 Mpox 1 Others 1 Others 
I-6 1 0.79 0.84 0.98 0 Mpox 0 Mpox 1 Others 
I-7 0 0.76 0.83 0.96 1 Others 0 Mpox 0 Mpox 
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I-8 0 0.86 0.87 0.99 1 Others 1 Others 0 Mpox 
I-9 1 0.83 0.93 0.98 0 Mpox 0 Mpox 1 Others 
I-
10 1 0.8 0.96 0.98 1 Others 1 Others 1 Others 

 
Note: 1= Image Code, 2= Actual, 3= CNN Confidence, 4= CNN-LSTM Confidence, 
5= GPLNet Confidence, 6= CNN Detection, 7= CNN Validation Against Actual, 8= 

CNN-LSTM Detection, 9= CNN-LSTM Validation Against Actual, 10= GPLNet 
Detection, 11= GPLNET Validation Against Actual 

Table 8: Details of the level of confidence of the CNN, CNN-LSTM, and GPLNet 
algorithm models regarding the actual disease status. 

4.5 Comparison of Result Achieved with Previous Works 

We conducted a comparison of results from several literature references that serve as 
references in this study. We compared several metrics such as accuracy, precision, 
recall, sensitivity, specificity, and F1-score. Table 9 shows the comparison of results 
achieved with previous works. 
 

Previous 
Works Accuracy Precision Recall Sensitivity Specificity F1-

score 
[Dahiya et 

al., 23] 98.18% 99.1% 92.8% - - - 

[Sitaula & 
Shahi, 22] 87.13% 85.44% 85.47% - - 85.40% 

[Sorayaie 
Azar et al., 

23] 
97.63% 89.96% 98.89% 91.08% 98.47% 90.51% 

[Jaradat et 
al., 2023] 98.16% 99% 96% - - 98% 

[Eliwa et 
al., 23] 95.31% 95.63% 98.14% - - 96.87% 

This 
Research 98% 99% 98% 98% 98% 98% 

Table 9: Comparison of result achieved with previous works. 

The proposed system has shown promising results compared to previous works. 
Table 9 displays the testing outcomes with the highest accuracy of 98%. Based on the 
comparison conducted with various evaluation metrics, it is concluded that the 
proposed model, GPLNet, surpasses previous research. 

5 Conclusions and future work 

This research introduces a novel algorithmic model designed 23ft he23 automated 
detection of systemic diseases, specifically targeting the identification 23ft he Mpox 
virus through the analysis of skin lesions. Achieving an impressive success rate of 98% 
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after comprehensive training, the developed technique emerges as a rapid and efficient 
automated detection tool. Moreover, it demonstrates the capability to distinguish 
between Mpox and non-Mpox systemic diseases. The distinguishing features in skin 
lesion images between these two categories often lie in the intricate details. 
Consequently, a substantial collection of high-resolution images becomes crucial for 
accurate recognition. Leveraging the rapidly evolving GAN model, high-resolution 
synthetic images are generated to address this requirement. Subsequently, a 
sophisticated PyramidalNet CNN model, deeply layered, is proposed, and integrated 
with LSTM. This model is trained using a combination of synthetic images from GAN 
and authentic images obtained from publicly available datasets, resulting in remarkable 
accuracy. The research findings underscore that the GPLNet algorithmic model 
surpasses the accuracy achieved by conventional CNN and CNN-LSTM, registering an 
impressive 0.99/99%. The performance of the GPLNet algorithmic model is further 
evaluated using multiple metrics, yielding accuracy, precision, recall, sensitivity, 
specificity, F1-score, and ROC values of 0.98, 0.99, 0.98, 0.98, 0.98, 0.98, 0.98, 0.98, 
and 0.99, respectively. 

Future research may lead to the development of an Android-based application. The 
developed application aims to facilitate healthcare professionals in detecting Mpox 
disease, thereby enabling early intervention for the disease. 

6 Future Work 

The upcoming research requires the implementation of an application to assist doctors 
in detecting Mpox disease. 
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