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Abstract: Although COVID-19 had a critical need for rapid and accurate disease detection, while
zoonotic infections and pox disease were significant health risks it also took slower transmission than
COVID-19. The traditional pox detection is done through manual inspection which is inaccurate, so
this increased the need for efficient and accurate diagnostic methods. Polymerase Chain Reaction is
a laboratory test used to recognize the small amount of pox virus that is detected but costly and time-
consuming. The recent development in Artificial intelligence and deep learning has revolutionary
medical diagnostics by high-accuracy classification. This research proposes a deep learning-based
classification model using the Xception convolutional neural network (CNN) to classify monkeypox,
cowpox, chickenpox, and normal skin conditions which uses transfer learning, and pre-trained
weights to enhance feature extraction and classification accuracy. Experimental analysis results that
indicate the proposed model achieves a classification accuracy of 95.67%. Additional performance
metrics, including precision 95.85%, Fl-score 95.81%, Sensitivity 95.77%, and specificity 98.58%
validate its effectiveness. This contributes to the advancements in Al-driven healthcare solutions.

Keywords: disease detection; deep learning; CNN; image classification; medical image analysis

1. Introduction

The COVID-19 pandemic had widespread fear and uncertainty given its high transmission and
serious health risks. Zoonotic diseases are infectious diseases that may majorly be classified as
smallpox, monkeypox, chickenpox, and cowpox, these cause severe health problems for humans [1].
The outbreak of monkeypox is also a concern as the covid-19 where spread may raise more anxiety
associated with the fear of lockdown, isolation, and restrictions. The rise of the emergence of zoonotic
diseases, mostly pox from the poxvirus [2]. Traditional methods used are not convenient for the
diagnosis of the pox virus, there is a gap between the new approaches developed. The World Health
Organization has classified Mpox as a viral disease spread from animal to human or human to
human. Over history, pox diseases have increasingly challenged human health. Smallpox is the
deadliest in the history of pox virus which was globally eradicated in the 1980s [3]. The monkeypox
is less severe than the smallpox. The transmission and evolution of the virus should be analyzed for
the crucial development of effective diagnosis and preventive measures to control the spread. The
pox virus is identified by the skin rashes and the lesions over the body but it’s hard to identify the
category of poxes as chickenpox, monkeypox, or cowpox [4]. The visual representation of the
monkeypox is larger, deeper, and appears all at once, the chickenpox is smaller, red itchy with fluid-
filled blisters, and for the cowpox will be red papules, larger. Compared to monkeypox chickenpox
is less painful, they visually look almost similar and the visual identification will be inaccurate [5].
This underscores the need for an accurate diagnosis. This paper highlights the major health challenge
by concentrating on pox detection by artificial intelligence.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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To diagnose the pox disease in history they used the method to identify the pox diseases by the
visual identification through eyes, differentiating that on various stages will be difficult. The
diagnosis with the wrong assumptions may lead to complications. This method may confuse poxes.
The medical practitioner treated the poxes through a laboratory test called the PCR polymerase chain
reaction. This test is used to find and copy small amounts of DNA [6]. This is majorly used to detect
the Mpox, by many copies of their genetic material so the virus can be easily identified. PCR is an
effective method for the poxvirus which detects the small traces of sample present but the major
drawback of the PCR is it consumes time and is costly, which can be done by a trained lab expert. It's
hard for rural people because PCR is not always available [7].

The pox-infected patient in the starting stage may be confused about which type of pox they
have infected, with and what are medication should they consume. In the proposed work the method
is used to rectify the problem faced by the infected host. The main idea of the project is to classify the
pox diseases using artificial intelligence. In artificial intelligence, deep learning is the subset of
machine learning which is a powerful branch that favors identifying computer patterns in large
datasets, useful for medical image processing and speech recognition [8]. These approaches consist
of two major steps known as feature extraction and classification. Convolutional neural networks
recognize main patterns in the data, the multi-layered neural networks can be used for extracting the
features to classify the input accurately. Neural Networks are developed by the inspiration of the
human brain, which processes the data through the interconnected layers, with CNNs analyzing the
images. The transfer learning makes the models in CNN more effective and efficient by using pre-
trained networks like VGG19, and ResNet, allowing the model to adapt quickly to newer tasks like
detecting diseases. The dataset used for image processing is downloaded from the website called
Kaggle. It is used to train and validate the model. The model’s efficiency will be analyzed through
customized metrics including accuracy, precision, fl-score, sensitivity, and specificity. Pattern
recognition enhances artificial intelligence by recognizing the trends and grouping the same data,
enabling the application in facial recognition, and medical diagnostics [9]..

2. Related Works

The significant raise in artificial intelligence and the deep learning had played a major role in
the disease’s prediction with fast, accurate, and assessable diagnostic tool. Recently the growth of the
artificial intelligence has developed the convolution neural network and transfer learning to enhance
the pox disease detection.

Oyola et al. developed a model with statistical analysis to differentiate between chickenpox and
herpes zoster with edge detection, and color transformation, which displays the efficiency of
computer vision [10]. Islam et al. developed a dataset MONKEYPOX SKIN IMAGE DATASET 2022
for disease detection like monkeypox, chickenpox, cowpox, measles, and healthy skin to train the Al
models more efficiently [11]. Sorayaie Azar et al. analyzed seven deep learning neural networks DNN
and the denseNet201 performed with a high accuracy of 97.63%. The proposed work of this project
Grad-Cam, an explainable Al technique that highlights the skin lesions influencing predictions,
increasing model efficiency [12]. Nayak et al. developed a deep learning model with the pre-trained
network ResNet and SqueezeNet to distinguish between poxes like monkeys from measles,
chickenpox, and cowpox. The model achieved an F1-score of 92.55%. The research paper focuses on
distinguishing between visually the same infections, to classify them with great accuracy
optimization techniques were used [13]. Eliwa et al. implemented a deep learning model for the
disease classification of monkeypox using Grey Wolf Optimizer (GWO) in CNN achieving an
accuracy of 95.3% [14]. Bala et al. designed a CNN model for pox disease detection using deep
learning DenseNet-201 with an augmented and original dataset achieving accuracy of 93.19% and
98.91% [15]. Labcharoenwongs et al. innovated an Efficient net of deep learning techniques for the
classification of monkeypox lesions on skin with an accuracy of .95 for pox and .97 for rash stage
classification [16].
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Campana et al. developed a transfer learning model with a self-screening mobile tool for quick
earlier detection in remote areas [17]. Ali et al. introduced racially diverse skin lesion datasets,
improving Al fairness and removing systematic errors in models’ classification. Epidemiology,
Evolution, and Transmission Studies, While AI advancements have focused on image-based
classification, epidemiological studies have explored the spread and transmission of monkeypox [18].
Alakunle et al. have written a review about monkeypox, which concentrates on a moto of one health
approach for humans, animals, and the environment. to control outbreaks happening around public
health worldwide [19]. Khattak et al. Strengthening the risk of monkeypox virus turns into a weapon
used in bioterrorism of MPXV, claiming for lab tests beside Artificial Intelligence developed earlier
detection tools. Transfer Learning and pre-trained model trained with high accuracy for earlier pox
detection [20]. Almufareh et al. trained the transfer learning for monkeypox detection, replacing the
traditional methods like laboratory tests, and polymerase chain reactions. They developed earlier
easy detection of poxes without depending on any special lab facilities [21].

Demir et al. introduced a multi-layered deep learning framework on the MNPDenseNet. They
used techniques like nested patch division and SVM-based feature extraction. Majorly focused on the
engineering in improving deep learning detection of the pox model with an accuracy of 91.87% [22].
Pal et al. classified the pox, monkeypox, chickenpox, and smallpox. They explored the multiclass
classification using some pre-trained networks, VGG19, ResNet50, and Autoencoders. The role of Al
in public health disease prevention and outbreak management will be explained with an accuracy of
96.56% [23]. Singhal et al. investigated ring vaccination strategies and underscored the Al-powered
epidemiological modelling for monkeypox outbreaks [24]. Thakur et al. examined the transmission
of the pox virus by analyzing the patterns, which supported the integration of Al with public health
surveillance to track mutation trends in emerging orthodox viral marks [25]. Torky et al. introduced
DenseNet-121, a deep learning architecture developed for the detection of Mpox, strengthening the
value of deep learning for the earlier detection of disease diagnostics. The model of Dense Net
achieved 93% accuracy [26].

3. Materials and Methods

The methodology we propose will be discussed in this section and shown in Figure 1.

Figure 1. Proposed Work.

To develop an image processing model the initial criterion is the dataset, which is collected from
the Kaggle website. The dataset contains the poxes like monkeypox, chickenpox, cowpox, and
healthy. The images are resized in the 224x224 the height and weight of the pixel size. The RGB is the
3 color channels red, green, and Blue. Some of the dataset images are shown in Figure 2.

To design the neural network transfer learning is one of the methods which is used to train the
model. The collected dataset is loaded by the image datastore function, through the folder path,
consisting of Train and valid folders. Load the CNN pre-trained networks, to evaluate the accuracy
of the model to be developed.
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Figure 2. Monkeypox, Chickenpox, Cowpox and Healthy images from dataset.

We have majorly 15 networks, load the any net freeze the initial layer and replace the final layers.
To freeze the initial layers, the main thing is to prevent from updating during training the dataset.
The final layer will be replaced by unlocking the layers replace with the new fully connected to
achieve the new task for the given dataset. The dataset will be split into valid and trained for 70 %
and 30%.

To train the transfer learning model will be run through the deep network designer. For 15
pretrained models, we got mostly accuracies between the 80-90%. The highest accuracy was for the
Xception net with an accuracy of 95.76%. Proposed Xception Net is shown in Figure 3. The Xception
net is also known as the extreme inception net, the improved architecture of the inception by
replacing traditional convolution with depth-wise separable convolution can reduce the computation
and improve efficiency.

¢ Ve -

BB C

L] /

DEPTITWISE. CONVOLTTION

CHICKENPOX

Figure 3. Proposed Xception Net.

Architecture of Xception Network is shown in Figure 4. It has 71 layers making it deeper than
standard CNN models. The operation of the Xception net contains three major steps the entry,
middle, and exit flow. The entry flow of the convolution layer is the initial feature extraction using
the 2d convolution layers. The depth-wise separable convolution replaces standard convolution to
process spatial and channel-wise information separately. The middle flow has 36 convolutional layers
structured into 14 blocks, enhancing deep feature extraction for repeated depth-wise separable
convolutions.it is focused on complex pattern recognition. The exit flow, the final convolution where
the refinement of extracted feature.
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Figure 4. Architecture of Xception Network.

4. Results and Analysis

DenscLayer
Dropout

Fully Connected Layer Block

Pox Diseases

e

OUTPUT

In the section the result assigned for the Xception will be explained and the evaluation matrix
with the graphical representation. The training progress of the Xception network for pox disease
classification is depicted in the graph shown below. The accuracy curve demonstrates a steady
increase, with the training accuracy approaching 100% and the validation accuracy stabilizing at

95.76%, indicating strong generalization.
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Figure 5. Training Progress of Proposed Net.

4.1. Experimental Manager and Evaluation Metrics

The primary details of the Evaluation metrics are essential for assessing the performance of a
deep learning model. They help determine how well the model is classifying images and detecting
patterns. In pox disease classification, these metrics ensure the model makes accurate and reliable
predictions. One of the evaluation metrics is the confusion metric, which is used to find the accuracy,
precision, recall, score, sensitivity, and specificity with the visualization of the model’s performance.
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In the experimental manager setup, learning rates of [0.01, 0.001, 0.0001] were tested,
representing high, medium, and low learning rates. The batch sizes used were [128, 256, 512],
categorized as large batch sizes, and the number of epochs varied across [5, 10, 15, 20]. According to
the analysis of the experimental manager setup, the training accuracy and training loss indicates that
a learning rate of 0.01 results in minimal loss and high accuracy compared to learning rates of 0.001
and 0.0001. A total of 36 trials were conducted for image classification using sweeping parameters,
with 12 trials for each learning rate. When using a fixed learning rate of 0.01, three batch sizes [128,
256, 512] and four epoch values [5, 10, 15, 20] were analyzed. Customized confusion metrics,
including accuracy, precision, recall, F1-score, sensitivity, and specificity, were used for evaluating
the experimental setup.

4.2. Confusion Matrix

A confusion metric is a tool used to evaluate the performance of a classification model by
comparing predict labels with actual labels. It is a square metric, typically for binary or multiclass
classification problems, where rows represent the actual class and columns predicted classes.
Confusion matrix of validation data is shown in Figure 6.

Confusion Matrix for Validation Data (Trial 10, Result3, Experiment2)

Chickenpox 1 4 99.0% 1.0%
Cowpox i 4 0.8%
" Healthy 100.0%
uw
o
]
v
=3
F Monkeypox 16 k3| 2% 14.0%

1% 5,0% 5,5% 1.8%

Chickenpox Cawpox Haalthy Monkaypox
Predicted Class

Figure 6. Confusion matrix of validation data.

There are four key components:

e  True positives—correctly predicted positive cases

e  True negatives- correctly predicted negative cases

o  False positives—negative cases incorrectly predicted as positives (Type 1 error)
o  False negatives- positive cases incorrectly predicted as negative (Type 2 error)

4.2.1. Accuracy

Accuracy measures the proportion of correctly predicted instances out of the total instances.
TP+ TN

Accur =
Ry = TP TN+ PN+ FP (1)
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4.2.2. Precision

Precision calculates how many of the predicted positive instances were correct.
TP

Precison = TP—+FP (2)

4.2.3. Recall & Sensitivity

Recall, also known as Sensitivity or True Positive Rate, measures how well a model correctly
identifies actual positive cases.
TP

Recall = m (3)

4.2.4. F1-Score

F1-Score is the harmonic mean of precision and recall, balancing both metrics.
(Precision * Recall)
*
(Precision + Recall) 4)

F1=2

4.2.5. Specificity

Specificity measures the proportion of actual negatives correctly identified.
TN

Spec1ﬁc1ty = m (5)

4.3. Analysis of Model Performance Using a Fixed Learning Rate@0.01
4.3.1. Batch 128

With a learning rate of 0.01 and a batch size of 128, the model trained for different epochs
shown in Figure 7. 5 epochs had the shortest training time (9 minutes) with 94% accuracy.
10 and 15 epochs achieved around 94-95% accuracy in about 20 minutes. 20 epochs gave the
highest accuracy but took 30 minutes to train. This shows a trade-off more epochs improve
accuracy, but they also increase training time. 10 epochs seem to be a good balance between
accuracy and efficiency.

XCEPTION NET-EVALUATION METRIC BATCHSIZE@128
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Figure 7. Evaluation chart for batch size 128.
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4.3.2. Batch 256

With a learning rate of 0.01 and a batch size of 256, the model trained for different epochs
shown in Figure 8. 5 epochs had the shortest training time with 93.86% accuracy. 10 and 15
epochs improved accuracy to around 94.51% and 94.96%, showing better precision, recall,
and F1-score. 20 epochs achieved the highest accuracy (95.66%) and specificity (98.55%) but
required more training time. This highlights a trade-off —higher epochs improve accuracy
but increase training time. 10-15 epochs seem to provide a good balance between accuracy
and efficiency.

XCEPTION NET-EVALUATION METIRC BATCHSIZE@256
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Figure 8. Evaluation chart for batch size 256.

4.3.3. Batch 512

The model performed better as the number of epochs increased with batch 512 as shown in
Figure 9. At 5, accuracy was 89.82%. With 10, it improved to 93.71%, and by 15 and 20, it reached
94.46% with little difference between them. Since training beyond 15 did not add much improvement,
10-15 provides a good balance between accuracy and training time.

XCEPTION NET-EVALUATIONMETRIC BATCHSIZE@512
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Figure 9. Evaluation chart for batch size 512.
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Based on the analysis, all three batch sizes showed the highest performance at epoch 20. The
batch size of 128 achieved the highest accuracy of 95.76%, followed by batch size 256 with 95.66%
accuracy at epoch 20. For batch size 512, both epochs 15 and 20 performed best, reaching 94.46%
accuracy. This indicates that batch size 128 with 20 epochs provides the best overall performance in
terms of accuracy and efficiency. We have compared other models with same dataset for the detection
of pox diseases in Table 1. Comparing these algorithms our proposed model performed better than
models proposed by [29-31]. Furthermore, we need to optimize proposed models to get better results
comparing to YOLO and GAN based networks.

Table 1. Table Label.

Pox Data YOLOV8 97%

Pox Data CNN 99.49%
Hybrid model (CNN +

Pox Data 87%
Others)
Deep learning models

Pox Data 83.59 +2.11%
(not specified)
CNN + Colour Space

Pox Data 91%
Models
Federated Deep

Pox Data 97.90%
Learning + GAN
Proposed model

Pox Data 95.67%
(Xception)

7. Conclusions

In this study, the solution for the pox diseases is developed through the deep learning-based
model using transfer learning with the Xception network. The model trained using the dataset
collected from the Kaggle website, consist of four class, as chickenpox, monkeypox, cowpox, and
healthy skin. Through an experimental setup with various epochs and batches were analyzed
different setups. on the Thorough analysis the batch 128 got the high evaluation of accuracy of
95.76%. The model evaluated through the customized metrics for the efficient performance precision
of 95.85%, Recall 95.77%, F1-score 95.81%, sensitivity 95.77% and specificity 98.58%. The experimental
results confirmed that the proposed model provides a reliable method for pox disease detection from
earlier stage, with minimal false positives and false negatives. The use of transfer learning with
Xception proved to be highly efficient, leveraging pretrained knowledge to enhance feature
extraction and classification accuracy.

The future work will be focused on increasing the quality of the dataset and integrating the deep
learning Xception network model into a real time application or website. By adding the extra feature
to enhance the model performance, as connecting to the physician / clinician for the final decision
making. The improvements will be done for making the model with high accuracy as more accessible
for the remote area people as detect the skin lesions in the earlier stages through a mobile phone. This
research highlights the potential of deep learning in dermatological disease detection, the way for Al-
driven solutions in medical diagnostics.
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