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The developing viral illness of cattle known as lumpy skin disease (LSD) has terrible economic
consequences. The virus responsible for lumpy skin disease is a member of the Poxviridae
family and the Capripoxvirus genus. It is an economically significant transboundary disease
that affects cattle, water buffalo, and camels. The symptoms of the disease include the de-
velopment of lumps or nodules on the skin of the animal. This illness is widespread in Afri-
ca and the Middle East and has recently appeared in Asia. This article discusses the Lumpy
skin disease outbreak and detection among cattle using Mobilenetv2 and Deep learning tech-
niques. The lumpy skin disease dataset is utilized for this experiment and is balanced using
the oversampling technique. MobileNetv2, a pre-trained neural network extracts the features
from the images for image processing. Later deep learning model with the combination of a
two-dimensional convolution neural network, max pooling, flatten and dense layer is utilized
for classification purposes. The proposed model outperforms in terms of lumpy skin disease
detection; the performance is compared using confusion metrics parameters with a classifica-
tion accuracy of 99.88%.
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INTRODUCTION laboratory testing of blood or tissue samples using tech-
niques such as PCR (polymerase chain reaction) and ELISA
(enzyme-linked immunosorbent assay) [2].

Cattle, domestic water buffaloes across Africa and even

Lumpy disease, also known as lumpy skin disease
(LSD), is a viral disease that affects cattle and is caused

by the capripoxvirus. Early detection of Lumpy disease is ;] [3] were more sus- ceptible to a viral illness known as

essential to prevent its spread among cattle and reduce eco-
nomic losses for farmers [1]. The most common detection
method is through visual observation of the characteristic
skin lesions. More reliable methods of detection include
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lumpy skin disease. The migration of infected animals may
be responsible for the long-distance spread of LSD. Still, the
disease’s contrasting seasonal patterns point to the possible
involvement of arthropod-borne transmission in its rapid
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and aggressive short-distance expansion. Recent research
suggests that the common house fly, Musca domestica, and
other blood-sucking arthropods may have a role in LSDV
transmission; however, this has not been shown in a clinical
context [4].

Bangladesh reported the first case of the disease in
South Asia in July 2019. In August 2019, India announced
the first-ever case of Lumpy skin disease. Since May 2022,
LSD has spread over various states in India [5]. Vaccination,
bovine animal movement restriction, and quarantine are
among of the current preventative measures being used,
along with the implementation of biosecurity through
vector management. In India, the standard method of
treatment is vaccination with a goat pox vaccine that pro-
vides 60-70% protection against Lumpy skin disease. This
vaccine takes 15-20 days to become fully effective. The
Indian Council for Agriculture Research National Research
Centre on Equines (ICAR-NRCE) in Hisar (Haryana) and
the Indian Vet- erinary Research Institute (IVRI) in Uttar
Pradesh have been working together to produce an indig-
enous vaccine called Lumpi-ProVacInd. There is no proof
that it has any effect on people. There is a greater variation
in sickness and mortality rates among cattle in the current
epidemic in India compared to the previous outbreak [6].
LSD may also reduce the export of livestock and livestock
goods [7].

The research mentioned in this article focuses on
predicting LSD using machine and deep learning meth-
odologies. Many academics have been working on LSD
classi- fication during the last decade in order to develop
very efficient machine learning and deep learning models.
Because of the increasing accuracy and efficiency of predic-
tion, the use of artificial intelligence and machine learning
algorithms has gained promi- nence in recent years. The
importance of research in this sector is in the capacity to
construct and choose models with optimum accuracy and
efficiency while minimising false negatives. The paper uti-
lised image datasets of cattle infected and disinfected are
two major classifications. The dataset is pre-processed
and the later model is pre-trained using MobileNetv2,
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convolution neural network (CNN) models, utilised for
feature extraction and classification respectively. Hyper-
parameter tuning is per- formed for classifiers using a
Keras tuner, and the performance of the proposed model
is compared with the individual models and the existing
work in the same domain over confusion metric parame-
ters; Accuracy, Precision, F1-score, and Recall. The graphi-
cal comparison is also shown in the form of ROC and
convergence curves. The overall architecture of the lumpy
skin disease detection system adapted in this research is
explained in Figure 1.

Key Contributions

o The dataset is pre-processed in order to remove
unwanted noise and extract distorted images from the
lumpy image dataset.

o The LSD dataset is imbalanced, in order to handle
imbalanced data synthetic minority oversampling tech-
nique (SMOTE) is utilised.

o After successful preprocessing, the features are
extracted from the images using MobileNetv2, which
itself is a neural network-based classification algorithm
for image datasets.

o The hyper-parameter tuning is performed for classifiers
using a Keras tuner.

o The classification of the images as infected and disin-
fected is performed using a two-dimensional convolu-
tion neural network model.

o The performance of the models is evaluated using
confusion metric parameters, ROC and convergence
curves.

RELATED WORK

This sub-section describes the existing work and litera-
ture in the field of LSD by various researchers. The paper [8]
used machine learning techniques to predict the prevalence
of Lumpy skin illness using meteorological and geological
factors. In order to predict the prevalence of a disease in
unseen (test) data, the author first utilized the Extra Trees
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Figure 1. Basic architectural diagram of lumpy disease detection system.
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Classifier method to pick out the most essential predictive
factors, such as weather, animal population density, dom-
inating land cover, and elevation. Test results showed that
some machine learning methods were up to 97% accurate
in predicting the development of the Lumpy skin illness. In
predicting the existence of Lumpy skin infection in unseen
data, the ANN model outperformed other machine learn-
ing algorithms, with an AUC and F1 performance measure
score of 0.97 and 0.94, respectively.

This qualitative risk assessment was undertaken by the
authors of [9] to learn more about the potential for the
arrival of the LSD virus to Ukraine and the subsequent
spread of the disease inside the country in the next year.
The suggestions of the OIE import risk analysis for animals
and animal products were used to inform a risk assessment
that was carried out with the assistance of local experts
assembled in an expert elicitation workshop. The Delphi
approach was updated to get advice from specialists.

The research of [10] centered on the detection of illness
in cattle. A mobile phone camera was used to record the
outward manifestations of sickness in cattle. Information
on palpated symptoms was gathered using conversational
text. The picture analysis subsystem used a convolutional
neural network (CNN) method to classify the symptoms
into their respective categories. With 95% accuracy, the sys-
tem categorized the given symptoms. The reasoner part of
the expert system drew the final diagnostic conclusion by
combining picture categorization results, location, and text
input from the users. As proof of concept, we built a system
that uses picture classification techniques and a reasoner.
The created system’s assessment results confirmed the new
diagnostic system’s capability of providing an efficient and
timely diagnosis of cattle illnesses.

This article [11] presented a model to forecast if the cat-
tle in a given geographic region are at risk of contracting
Lumpy skin infection illness now or in the future. In this
research, the authors use a dataset of instances of lumpy
skin disorders to test the efficacy of multiple ML algo-
rithms. Target columns in the dataset may take on values
of 0 (showing the absence of lumpy sickness) or 1 (repre-
senting the presence of lumpy disease), and there are a total
of 18603 cases and 16 characteristics. The authors found
that of all the algorithms they examined, Random Forest
performed the best.

Deep learning-based segmentation and classification
using deep features are suggested for disease classification
in this study [12]. Convolutional neural networks with 10
layers were used for this purpose. The framework is tested
on a dataset built from gathered data. Due to the importance
of the skin’s color in determining the location of the dam-
aged region during disease representation, we employed a
color histogram to extract features from the input photos.
A deep, pre-trained CNN is then utilized to extract features
from the segmented region of impacted skin color. The out-
put is then threshold-converted to a binary representation.
Classification is performed using the Extreme learning

machine (ELM) classifier. On CLSD, the suggested meth-
od’s classification performance was able to reach an accu-
racy of 0.9012%.

The goal of this article [13] was to find the optimal set-
tings for a re-sampling strategy for imbalanced datasets
(SMOTE) and a hyper-parameter tuning strategy (Genetic
Algorithm; GA) for the classification method (Random
Forest; RF) while predicting LSD. Experiments indicated
that combinations of SMOTE and GA in the RF algo-
rithm improved performance measures such as Recall and
F1-scores from 0.90 to 0.99 and AUC from 0.94 to 0.98. If
the model has an accuracy of 0.99, it can reliably identify
healthy cattle.

The study [14] is evaluated using a dataset that the
authors themselves compiled, and its performance in fea-
ture extraction is compared to that of other, more cutting-
edge methods including KNN, SVM, NB, ANN, and LR.
Additionally, VGG-16, VGG- 19, and Inception-v3 were
used to extract the features. Finally, Lumpy skin and nor-
mal skin were both successfully predicted using this deep
convolutional neural network, with an accuracy of 92.5%.

The goal of this study [15] was to provide a web-based
system for diagnosing skin diseases such as atopic dermati-
tis, acne vulgaris, and scabies using a convolutional neural
network classifier built on top of the TensorFlow frame-
work. The system was given the name medical-plus.

Red, Green, and Blue (RGB) colour characteristics and
Grey Level Co-occurrence Matrix (GLCM) texture fea-
tures were recovered from digital camera photos of chronic
eczema, lichen planus, and plaque psoriasis gathered by the
authors [16].

Comparison with Existing Surveys

In this section, Table 1 provides a comprehensive com-
parison of the discussed research articles, focusing on var-
ious datasets used for the analysis of Lumpy Skin Disease
(LSD) and other skin diseases. The table highlights the
application of machine learning and deep learning meth-
ods in these studies.

Challenges of existing approaches
The challenges in the field of skin disease analysis using

machine learning and deep learning methods include:

o The creation of reliable models is hampered by the
scarcity of complete outbreak data for training and
validation.

« Future transmission patterns cannot be reliably pre-
dicted since qualitative judgements are used instead of
solid facts.

o Accurate symptom categorization is challenging due to
a lack of available annotated pictures for training CNN
models.

o The generalizability of models that perform well on cer-
tain datasets might be compromised by overfitting.

The rest of the article is organized as follows; Section 1
contains introduction and literature related to LSD, along
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Table 1. A state-of-the-art description on existing work

Ref Proposed Model Methodology Dataset
(8] ANN model for The author demonstrated that the ANN performed better ~Lumpy skin disease outbreak
predicting Lumpy Skin  than other machine learning approaches in predicting the = j,¢,.
Infection presence of Lumpy Skin Infection in unseen data. The
model achieved an Area Under Curve (AUC) score of
0.97 and an F1 performance measure score of 0.94.
[9] Qualitative Risk The authors conducted a qualitative risk assessment to Live animals data.
Assessment evaluate the likelihood of the LSD virus entering Ukraine
and its subsequent transmission in the next year.
[10] CNN-based symptom A CNN-based method was used for picture analysis Debre Markos University, Addis
classification to classify symptoms into their respective categories. Ababa University-School of
The system achieved 95% accuracy in symptom Veterinary Medicine, the World
categorization. Wide Web, and other secondary
sources were used for photographic
holdings.
[11] Random Forest The authors determined that the Random Forest method ~ Lumpy skin disease dataset with
algorithm for Lumpy had the highest accuracy 97.7% among the tested 18,603 instances and 16 features
Skin Disease algorithms.
[12] CNN-based feature A pre-trained CNN was employed to extract features Dataset of different Cattel’s Lumpy

extraction and ELM

from segmented regions of impacted skin color. The

Skin Disease.

classification
accuracy of 0.9012%.

ELM classifier was used for classification, achieving an

[13] Random Forest
algorithm with SMOTE
and GA

Including SMOTE and GA to improved performance
measure, such as Recall, F1 score, and AUC. The Recall
and F1 score improved 0.99, and AUC improved 0.98.

Lumpy Skin Disease (LSD) dataset
with 24,803 data.

[14] CNN using VGG-
16, VGG-19, and
Inception-v3 for feature
extraction
NB, ANN, and LR.

The developed framework successfully predicted both
lumpy skin and normal skin using deep CNN, achieving
an accuracy of 92.5%. The performance was compared
with other advanced methodologies such as kNN, SVM,

Dataset created by the authors.

[15] Medilab-plus CNN
classifier

The suggested method achieved high accuracies in
classifying atopic dermatitis (88%), acne vulgaris (85%),
and scabies (84.7%) in experimental settings.

Sample data (pictures) from four
health care facilities in the Sunyani

Municipality of Ghana.

[16] ML methods for
classification

Classifier performance was evaluated using ML methods
such as ANN, LDA, Naive Bayes, and SVM for various
feature combinations. LDA and SVM performed best in a
test of four different classification methods.

Patient’s images from the
Department of Dermatology,
Yenepoya Medical College,
Mangaluru

with the comparison of existing surveys and challenges.
Section 2 describes the methodologies used in the research.
The proposed work is defined in Section 3, along with data-
set description, data preprocessing, balancing techniques,
and hyper- parameter tuning. Section 4 describes the per-
formance metrics used for the evaluation of the proposed
models. The evaluated results are presented and discussed
in Section 5. Section 6 concludes the research findings and
provides the future scope of further research in this field.

PRELIMINARY

This section includes a description of the methodol-
ogies used in this research. It includes the description of
data balancing techniques, feature extraction techniques to

extract the features from the image dataset and classifica-
tion techniques for the identification of infected and disin-
fected cattle.

Synthetic Minority Oversampling Technique (SMOTE)
To overcome the issue of class imbalance, the clas-
sification problem of lumpy disease detection strongly
depends on data balancing. A class imbalance might man-
ifest itself, for instance, in a considerably lower proportion
of lumpy image cases compared to non-lumpy image cases
or pneumonia patients. To categorise lumpy diseases, we
have acquired a lumpy dataset, which brings some degree
of irregularity into the dataset. In the proposed system,
we have used the SMOTE Algorithm [17, 18] to balance
the data. To create a separate line between the samples in
the feature space and create a unique example along the
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line, the SMOTE algorithm first chooses examples that are
close to the feature space. First, a sample from the under-
represented group is randomly chosen. The nearest k
neighbours to the sample are then found. K is often equal
to 5. At some point in the feature space between the two
samples, a neighbour is chosen at random, and a synthetic
sample is created. The practice is repeated until the pro-
portion of the minority group equals that of the majority

group.

Feature Extraction Models

The paper utilises feature extraction techniques to
extract the features of the image dataset. This section dis-
cusses various feature extraction techniques and their
advantages [19, 20].

DenseNet-121

A popular deep-learning architecture for extracting
features from images is DenseNet-121 [21]. In 2017, scien-
tists from FacebooK’s AI Research Lab unveiled the concept
of tightly linked convolutional layers [22]. Each layer in a
DenseNet-121 architecture is fed feature maps from the
layers above it and contributes its feature maps to the lay-
ers below it. This highly interconnected structure reduces
the impact of disappearing gradients and promotes feature
reuse [23]. DenseNet-121’s dense connections may also
be seen as a kind of feature aggregation, enabling the net-
work to pick up more evocative elements. DenseNet-121,
like ResNet-121, is a pre-trained model useful for extract-
ing features from images. DenseNet-121’s intermediate
features may be utilized as input to a new classifier or for
other downstream tasks like object recognition or pic-
ture segmentation by eliminating the final classification
layer. DenseNet-121 is often more memory-efficient and
has fewer parameters during training and inference than
ResNet-121. However, owing to its high connection struc-
ture, it may be costlier to compute.

InceptionV3

Google’s InceptionV3 [24] deep learning architecture
was released in 2015. It is a kind of convolutional neural
network (CNN) that is often used for feature extraction and
image categorization. To provide a more expressive feature
representation, InceptionV3 is notable for its novel design,
which consists of numerous branches of convolutional lay-
ers with varying kernel sizes. This architecture was created
with the idea that many pictures identification jobs benefit
from capturing both fine-grained and coarse-grained char-
acteristics at distinct sizes. Simply deleting the model’s final
classification layer will allow you to use the intermediate
characteristics that InceptionV3 collected for downstream
tasks like object identification or image segmentation.
There are several ways in which InceptionV3 excels above
other deep learning models. Parameter efficiency enables
it to attain excellent accuracy with fewer parameters than
other designs, while the use of numerous branches of con-
volutional layers allows it to collect information at various

sizes. However, the utilization of many branches may cause
its computational cost to be greater than that of other
structures.

ResNet50

ResNet50 [25] is a deep learning architecture with
similarities to ResNet-121 but with additional layers
and enhanced feature extraction capabilities. Microsoft
Research first introduced it in 2016, and since then, it has
seen extensive use in the fields of feature extraction and
image categorization. ResNet50 is a 50-layer deep convo-
lutional neural network (CNN). It employs residual blocks,
much like ResNet-121, to facilitate the learning of very deep
neural networks. ResNet50’s shortcut connections simplify
the process of training deep neural networks and reduce
the occurrence of vanishing gradients. ResNet50, like the
other stated deep learning architectures, may be used as a
pre-trained model for image feature extraction. ResNet50’s
intermediate features may be used as input to a new clas-
sifier or for other downstream tasks like object identifica-
tion or picture segmentation by deleting the model’s final
classification layer. ResNet50 is more capable of feature
extraction since it has more layers than ResNet-121. This
has the potential to improve performance on increasingly
difficult picture identification tasks, but it may need more
computing power and training data.

VGG19

In 2014, researchers at Oxford University proposed a
deep learning architecture called VGG19 [26]. It's a com-
mon tool for image categorization and feature extraction
since it’s a convolutional neural network (CNN). VGG19’s
intermediate features may be used as input to a new classi-
fier or for other downstream tasks like object recognition or
picture segmentation by deleting the model’s final classifi-
cation layer. There are a number of ways in which VGG19
excels over competing deep learning systems [27]. It uses
modest filters to extract characteristics at various scales and
has a unified design that makes it easy to learn and execute.
The high number of model parameters, however, may make
VGG19 costlier to compute than other designs.

MobileNetV2

MobileNetV2 [28] is a deep learning architecture that
was introduced by Google in 2018. It is a convolutional
neural network (CNN) that is designed for mobile and
embedded devices, but it can also be used for image clas-
sification and feature extraction tasks on larger machines.
MobileNetV2 has several advantages over other deep
learning architectures. Its lightweight architecture makes it
ideal for resource-constrained environments, and its use of
depth-wise separable convolutions allows it to achieve high
accuracy with fewer parameters and faster inference times.
However, MobileNetV2 may not be as accurate as larger
architectures such as ResNet50 or VGG19 for more com-
plex image recognition tasks.



Sigma J Eng Nat Sci, Vol. 44, No. 2, pp. 856-868, April, 2026

861

Classification using CNN

To classify the diseased and healthy cattle using images,
the section discusses the detailed explanation of the layered
deep learning classification models utilised in the experi-
ment. Convolutional neural networks (CNNs) [29] [30] are
a popular kind of deep neural network design for image
categorization problem. Features are mapped to class prob-
ability in the fully connected layers at the network’s out-
put node. Adding additional layers, more filters, or more
sophisticated methods like residual connections or atten-
tion processes may all make a CNN more complicated.
These enhancements allow the network to pick up more
complicated information and perform better on difficult
picture categorization tasks.

A CNN typically consists of multiple layers [31],
including:

Convolutional layers: Input data, which is often an
image, is processed by these layers using a series of filters.
When the filters pass over the picture, they calculate dot
products between their components and the images.

Activation functions: These functions are used to incor-
porate non-linearity into the model and are applied element
wise to the convolutional layer’s output. In convolutional
neural networks (CNNs), the rectified linear unit (ReLU)
function is the most used activation function.

Pooling layers: To reduce the computational burden on
the model and limit overfitting, these layers reduce the size
of the feature maps.

Flatten layer: Flatten layer is typically used to transform
the multi-dimensional feature maps into a one-dimen-
sional vector.

Fully connected layers: The final classification or regres-
sion operation is carried out by these layers, which compute
dot products between the feature maps and a set of weights
before feeding the result into an activation function to pro-
vide a prediction.

Dropout layer: Overfitting may occur in deep neural
networks, however regularisation methods like dropout can
help. Figure 2 shows the pictorial representation of CNN
architecture.

PROPOSED METHODOLOGY

The section describes the proposed methodology of
the research paper, along with the description of the lumpy
image dataset utilised. The section also narrates the flow of
the proposed work in varying sub-sections.

Dataset Description

Secondary data was utilised for this research. The
dataset, titled “Lumpy Skin Disease (LSD)” had 24,803
records and was downloaded from the Mendeley data-
base [8]. There are only 3,039 records in this dataset
about livestock with LSD (12.25%), whereas there are
21,764 records in this dataset about cattle without LSD
(87.75%). It indicates an unbalanced dataset. The LSD
dataset’s properties are made up of geographical and
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meteorological features [8]. As regards the characteris-
tics of meteorology, they include: Monthly Cloud Cover
in Percent is represented by cld; The term “dtr” is for
“diurnal temperature range”; “frs” stands for “frost day
frequency”; “pet” stands for “potential evapotranspira-
tion” in millimetres per day; and “pre” stands for “pre-
cipitation” in millimetres per month.

The following acronyms stand for temperature: tmn,
which stands for daily mean, tmp, which stands for tem-
perature, tmx, which stands for monthly average maximum
and minimum, vap, which stands for vapour pressure, and
wet, which stands for wet day frequency in days.

The geographical features are listed as follows: As
with the other categories, “region” refers to the conti-
nent, “country” to the nation where the outbreak was first
reported, “reporting date” to the day on which the out-
break was first reported, “elevation” to the height above
sea level, and “dominant landcover” to the type of vege-
tation that predominated at the site in question. The X5
Ct 2010 Da file format provides a brief overview of asym-
metric cattle GIS data, while the X5 Bf 2010 Da file for-
mat does the same for buffalo, and the lumpy file format
classifies whether or not an animal is LSD-infected: 1, no
code infection: 0.

Data Preprocessessing

There are always no mistakes in the dataset. Text, num-
bers, time series, continuity, and discontinuity are only a
few of the data kinds that may be found in a dataset. Data
quality issues such as noise, abnormalities, missing, erro-
neous, and duplicates may also be present. The data set is
either too big or too little. For the model to be effective,
the data must agree with it. To make the dataset suitable
for the model, pre-processing is required. Data pre-pro-
cessing includes actions like the elimination of singular fea-
tures and the handling of missing information. Categorical
variables were transformed into numeric values using the
one-hot encoding approach so that they could be utilised by
ML algorithms. Additionally, min-max scaling was used to
standardise the values of several predictive features. In the
end, the train test split class in the scikit-learn package was
used to divide the dataset into test and training sets. Models
were validated using the original training dataset and a new,
independent test set.

Data Balancing

SMOTE is used to handle imbalanced data classes.
SMOTE constructs synthetic examples by selecting
minority class examples at random and employing interpo-
lation techniques to build examples between the target and
surrounding instances. The SMOTE method classifies data
before sampling it either more or less thoroughly. These
three operational elements are the neighbor count used to
enter new cases, the up-sampling rate, and the down-sam-
pling rate, respectively. The dataset is now clean and effi-
cient for classification.

Hyperparameter tuning using Keras Tuner
The Keras Tuner library was developed as a hyperpa-

rameter tweaking tool for Keras- based deep neural net-

works. [33]:

v" Define a model: Tuning a deep learning model requires
first defining that model. A model constructed using
either the sequential or functional Keras APIs will do.

v' Define a hyperparameter search space: Establish a
search space for the hyper- parameters you want to tune
Next, you need to establish a search space for the hyper-
parameters you want to tune.

v" Define a search algorithm: One need a search algorithm
to sift through possible values for the hyperparameters
and zero in on the optimal ones.

v' Define a tuner: To encapsulate the model, the search
space, and the search algorithm in order to execute the
hyperparameter search.

v Run the hyperparameter search: Finally, one may
start the tuner and look for opti- mal hyperparameter
settings.

Once the hyperparameter search has been completed,
the best hyperparameters may be used to train a final model
using the whole training dataset [34], and then the model’s
performance can be assessed using the test dataset. Time
and effort can be saved using Keras Tuner to automate the
process of hyperparameter tweaking, which can lead to
higher performance in your deep learning models [35].

Proposed Work

This section explains our proposed approach in order
to classify lumpy disease in cat- tle and buffaloes. The
lumpy image dataset in our research is preprocessed for the
sake of removing distorted and blurred images from the
dataset. Then SMOTE is used to handle imbalanced data
classes. SMOTE constructs synthetic examples by selecting
minority class examples at random and employing interpo-
lation techniques to build examples between the target and
surrounding instances. The SMOTE method classifies data
before sampling it either more or less thoroughly. These
three operational elements are the neighbor count used to
enter new cases, the up-sampling rate, and the down-sam-
pling rate, respectively. The dataset is now clean and effi-
cient for classification.

Before classification, the various pre-trained models are
utilized for extracting features from the images, these are
pre-trained neural network architecture for large datasets
such as ImageNet, where it learns to extract features that
are useful for a wide variety of image classification tasks.
The pre-trained models utilized are; MobileNetV2, VGG19,
ResNet50, InceptionV3, and DenseNet-121.

The proposed work has taken the pre-trained network
and removed the final classification layers. This leaves us
with a network that can extract features from images but
does not classify them. Then we used these features as input
to a new classification network.
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The classification is performed using a two-dimen-
sional Convolution Neural Net- work with the combina-
tion of max pooling layers, flatten layers, and dense layers,
arranged in a fashion as visible in Figure 2. The parameters
of the CNN are tuned using a Keras tuner which automates
the process of hyper-parameter tweaking, which can lead
to higher performance in the deep-learning classification
models.

Finally, the dataset is trained with 70% of the lumpy
image dataset and tested with the remaining 30% dataset.
The experiment is performed using Python language, on
jupyter notebook in Anaconda framework. The system
with high processing with 32Gb RAM is used for the exper-
iment purpose. In order to construct and train the CNN
model, we must first load the required libraries, one of
which is TensorFlow. We also import ImageDataGenerator,
which is used to generate batches of augmented image data
for training.

Next, we set up the directories that will hold our test
and training images. Next, we create an image generator
that uses data augmentation to have our training data ready
to go. We imported keras and its keras tuner library to tune
the parameter of the classification CNN model. Figure 3
provides the overall flow of the proposed model.

After successful execution (training and testing of
model) of the models, the results are evaluated and analysed
using confusion metric parameters; Accuracy, Precision,
Recall, and Fl1-score. The graphical analysis is also per-
formed using inbuilt Python libraries in order to generate
ROC and Convergence curves, which are later discussed in
the next section.

PERFORMANCE METRICS

The research employs the confusion matrix parame-
ters (accuracy, recall, precision, and F1 score) to assess the
effectiveness of the proposed model. The following details
the confusion matrix [34] terms: To understand the eval-
uation criteria, one should be familiar with the following
four terms:

- True Positive (TP): The number of occurrences in which
the model correctly classifies them as positive.

- True Negative (TN): The number of occurrences in
which the model correctly classifies them as negative.

- False Positive (FP): The number of negative occur-
rences in which the model incorrectly classifies them as
positive.

- False Negative (FN): The number of positive occur-
rences that the model incorrectly classifies as negative.
Accuracy: It is the ratio of the number of correct pre-

dictions to the total num- ber of predictions made by the

model. [36].

Accuracy = (TP + TN)/ (TP + TN + FP + FN (1)

Precision: It is the ratio of true positives to the total
number of positive predic- tions made by the model. [37].

Precision = TP/ (TP + FP)(2)

Recall: It is the ratio of true positives to the total num-
ber of actual positive cases in the dataset. [16].

Recall = TP/(TP + FN) (3)

F1-score: The Fl-score balances accuracy and recall
into a single number. It’s helpful when there’s an inequity in
the dataset since it strikes a balance between accuracy and
recall [38].

(4)

F 1 =2 x (precision * recall)/(precision + recall)

RESULTS AND DISCUSSION

In this work, MobileNetV2 was used with a CNN classi-
fier as a feature extractor to diagnose LSD. There are a total
of 14 data characteristics and 24,803 data points included in
the forecasts. This dataset had 3,039 infected records from
set (1) and 21,764 from set (0). Resampling of the dataset is
required since it is clear that the current data does not fairly
represent cattles who are infected with lumpy compared to
those who are not. Before resampling the data, the attri-
butes such as, ‘country; ‘region, X5 Ct 2010 Da, ’X5 Bf 2010
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Figure 4. Dataset balancing using SMOTE.

Da, and ‘reportingDate, will be eliminated, as they are not
used in the classification process. The association between
attributes was also analysed using a correlation heatmap in
an effort to reduce the size of strongly linked features.

Some benefits of using MobileNetv2 for feature
extraction are; first, since the network is pre-trained, we
can take advantage of the knowledge learned from the
original dataset to improve the accuracy of our new clas-
sification model. Second, by using depth-wise separable
convolutions, MobileNetV2 is computationally efficient
and requires fewer resources than other, more complex
networks.

The original dataset should be used to run the training
models, and then the LSD dataset should be resampled to
evaluate the first model’s efficacy. In order to put the model
to the test, we must first partition the original data frame
into a 70:30 split of training and validation data.

After employing the SMOTE fit resample oversampling
strategy, the resampled dataset shape counter (1: 21.764,
0: 21.764), indicates that both the infected and uninfected
datasets share the same total number of observations
(21.764). Figure 4 depicts the balanced distribution of data
that results from SMOTE re-sampling.

There are hyperparameters that need to be specified
when using CNN for classification, including learning rate,
batch size, filter size, pooling type, pool size, dropout rate,

0 1
After SMOTE Dataset

activation function, optimizer, and others. The optimal
hyperparameters are optimized using Keras Tuner, which
examines all possible combinations within the provided
setup. learning rate: [0.0001, 0.001, 0.01, 0.1], Batch size:
[16, 32, 64, 128], filter size: [3x3, 5x5,7x7], activation func-
tion: [ReLU, LeakyReLU, ELU, Sigmoid, Tanh], pooling
type: [max pooling, average pooling], pooling size: [2x2,
3x3], dropout rate: [0.1, 0.2, 0.3, 0.4, 0.5], optimizer: [adam,
RMSprop, SGD] are used in this study. The most ideal set-
tings based on CNN are determined after hyperparame-
ter tweaking, and they are as follows: learning rate: 0.001,
batch size: 32, filter size: 3x3, pooling type: max pooling,
pool size: 3x3, dropout rate: 0.5, activation function: ReLU,
optimizer: adam.

The accuracy, precision, sensitivity, and F1-Score of the
model are assessed using the Confusion Matrix. based on
the test scenario utilizing MobileNetV2 and SMOTE with
CNN classification on LSD datasets. The experiment’s find-
ings are shown in Table 2. The graphical comparison of the
evaluation metrics is illustrated in Figure 5.

Receiver Operating Curve (ROC)

The confusion metric is used to assess the receiver oper-
ating characteristic (ROC) curve and to identify whether
or not the identification is successful. The ROC curve
establishes the ratio of true positives to false positives in

Table 2. Performance of various feature extraction models with CNN

Model Accuracy(%) Precision(%) Sensitivity(%) F1-Score(%)
DenseNet121-CNN 94.25 93.11 93.05 94.08
InceptionV3-CNN 93.29 91.85 91.17 92.88
ResNet50-CNN 94.74 93.66 92.87 93.21
VGG19-CNN 94.44 93.22 92.87 92.45
MobileNetV2-CNN 99.88 98.43 98.67 99.32
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Figure 5. Graphical representation of model performance.

experimental data. True positive rate (Y axis) and false
positive rate (X axis) are plotted on the ROC curve. An
ideal ROC (receiver operating characteristic) curve climbs
sharply toward the top-left corner, signifying that the model
has a high true positive rate and a low false positive rate. The
closer the curve gets to this corner, the more effectively the
model differentiates between positive and negative classes.
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Figure 6. ROC of Various Feature Extraction techniques
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The Area Under the Curve (AUC) is a crucial indicator of
performance, with values near 1 indicating excellent clas-
sification ability. In contrast, a random or weak model will
produce a curve closer to the diagonal, where the AUC
approaches 0.5. For optimal performance, the ROC curve
should have an AUC near 1, reflecting strong predictive
accuracy. Figure 6 depicts how the proposed model ROC
stacks up against its competitors. The area under the ROC
curve (AUC) is a two-dimensional measure of this connec-
tion that shows how well the suggested model outperforms
alternative models.

Convergence Curve

While training and testing a model, the optimal value
of the learning parameter is depicted by a convergence
curve that plots the accuracy of the model against the loss
function. The Figure 7 depicts the convergence curves of
the proposed and alternative models. The sub-figures rep-
resent 7a DenseNet121, 7b InceptionV3, 7c ResNet50, 7d
VGG19, and 7e proposed approach (MobileNetV2), all
with the CNN model respectively. The 200-epoch training
and validation accuracy curves for the proposed models are
displayed. The proposed model outperforms the state-of-
the-art with a training and validation accuracy of 99.88%,
revealing a faster convergence rate.

Comparison with existing work

Table 3 gives a state-of-art analysis based on the perfor-
mance of existing classification models and the proposed
models on considering accuracy measures. The paper taken
into account are using different classification techniques
some of them are artificial neural networks, convolution
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Figure 7. Convergence curve analysis: (a)DenseNet121, (b)InceptionV3 (c) ResNet50 (d)VGG19 (e) Proposed model.

Table 3. The state-of-art comparison of the proposed model with existing work

Ref Dataset Model Accuracy (%)
(8] Lumpy skin disease outbreak data ANN 97
[10] Debre Markos University, Addis Ababa University-School CNN 95
of Veterinary Medicine, the World Wide Web, and other
secondary sources were used for photographic holdings.
[11] LSD dataset with 18,603 instances and 16 features. Random Forest 97.7
(12] Dataset of LSD. ELM 90.06
[14] Dataset created by the authors. Neural network model using 92.5
Inception-v3 for feature
extraction
[15] Pictures from four health care facilities in the Sunyani ~ Medilab-plus CNN classifier 88 (atopic
Municipality of Ghana. dermatitis),

85 (acne vulgaris),
84.7 (scabies)

Our Work

LSD Dataset

SMOTE+MobileNetV2+CNN

99.88
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neural networks, ensemble learning models and individual
models such as random forest.

The broader implications of our findings extend beyond
the immediate scientific community, as the detection model
can be implemented in various agricultural sectors, particu-
larly in regions where LSD outbreaks are prevalent, such as
Africa, the Middle East, and Asia. By incorporating this tech-
nology, veterinary services, livestock producers, and govern-
mental agencies can utilize automated tools to rapidly detect
and respond to disease outbreaks, improving animal welfare
and reducing the impact of the disease on food security and
trade. This work can also inspire further research into apply-
ing deep learning models for other transboundary animal
diseases, enhancing overall disease control strategies.

CONCLUSION

Lumpy skin disease which is widespread in cattle, water
buffalo and camels in South Asian countries, may be identi-
fied by the appearance of lumps or nodules on the animals’
skin which can cause fever, anorexia, and reduced milk pro-
duction. Lumpy skin disease has a considerable impact on
economies in several countries. In order to detect and control
the spread of the disease among animals, there are various
measures taken by the government of various countries. The
paper proposed a MobileNetv2- based Deep Learning model
for the classification of lumpy skin disease (LSD) by training
the machine using a lumpy dataset. The images in the data-
set are preprocessed and then features are extracted using
MobileNetv2, which is a pre-trained neural network model.
The classification is performed using a 2D-layered convolu-
tional neural network model with a combination of convo-
lutional layer, flatten layers, max-pool layer and dense layer,
which obtains the highest accuracy of 99.88%. The proposed
model outperformed other individual models and existing
work by different researchers in the domain.

In future, we intend to apply federation and transfer
learning techniques in order to pre-process affected ani-
mal images and classify disease more accurately. We will
also use the proposed technique on other image datasets in
order to create a more generalized and robust model.
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