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Early detection of lumpy virus
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Abstract- Lumpy Skin Disease (LSD) is a contagious viral disease affecting cattle and causing significant
economic losses in the livestock industry. Early detection is essential to control its spread and reduce
mortality. This study proposes a real-time detection system using deep learning techniques to identify LSD
symptoms from cattle images. The proposed system utilizes Convolutional Neural Networks (CNNs) in
combination with YOLO-based object detection to accurately detect skin lesions. The dataset consists of
labeled images of infected and healthy cattle captured under various environmental conditions. The
system is evaluated using performance metrics including precision, recall, F1-score, and accuracy.
Experimental results demonstrate that the proposed model achieves high detection accuracy and can
effectively assist farmers and veterinarians in the early diagnosis of Lumpy Skin Disease. The proposed
solution provides a scalable, efficient, and practical approach for livestock health monitoring.
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stage. Recent advances in Artificial Intelligence (Al)
have significantly improved image-based disease
detection. Earlier machine learning approaches have
been applied to livestock disease monitoring; however,
these methods depend on manual feature extraction,
limiting their effectiveness in complex and real-world
environments [7]. In contrast, deep learning
techniques, particularly = Convolutional = Neural
Networks (CNNs), automatically learn discriminative
features from images and have demonstrated superior
performance in image classification tasks [3], [9].

1. Introduction

Lumpy Skin Disease (LSD) is a highly contagious viral
disease that primarily affects cattle, resulting in
significant economic losses in the livestock industry.
The disease is caused by the Lumpy Skin Disease Virus
(LSDV), a member of the Capripoxvirus genus. It is
primarily transmitted through insect vectors such as
mosquitoes, ticks, and flies, enabling rapid spread
across geographical regions [1], [2]. Infected cattle
commonly exhibit symptoms including skin nodules,

fever, swelling, enlarged lymph nodes, and reduced Furthermore, object detection algorithms such as You
milk production, which adversely affect livestock Only Look Once (YOLO) have achieved remarkable
productivity and farmers’ livelihoods. success in real-time detection applications. YOLO-
1 imul 1 locali
Early detection of LSD is essential for controlling basefi mod?s can.sn.nu tar.leousy det?Ct and oc.a 12¢
multiple objects within an image, making them highly
suitable for identifying disease symptoms such as skin
lesions in cattle [4], [5]- Recent versions, including
YOLOVS, provide improved detection accuracy, faster

inference speed, and enhanced robustness, making

disease transmission and minimizing economic losses.
Conventional diagnostic methods rely on clinical
examination and laboratory-based techniques such as
Polymerase Chain Reaction (PCR). Although these
methods provide high diagnostic accuracy, they are

. . . . them well suited for practical deployment in livestock
time-consuming, require specialized laboratory

- . . . monitoring systems [6].
facilities, and are often inaccessible in rural and 3y [6]

remote farming areas [1]. Consequently, there is a In this study, a deep learning-based framework is

growing need for automated, cost-effective, and  ,5p0sed for the early detection of Lumpy Skin Disease
efficient detection systems that can support farmers

and veterinarians in identifying the disease at an early

using cattle images. The system is designed to identify
visible disease symptoms in real time and support
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rapid diagnosis. By integrating computer vision and
deep learning techniques, the proposed approach
offers an efficient, scalable, and reliable solution for
livestock health monitoring and disease management.

2. Related Work

The early detection of Lumpy Skin Disease (LSD) has
attracted considerable research attention because of
its substantial economic and agricultural impact.
Traditionally, LSD diagnosis has relied on clinical
examination and laboratory techniques such as
Polymerase Chain Reaction (PCR) and virus isolation.
Although these methods are reliable and accurate,
they are specialized
equipment and trained personnel, and are often
unavailable in rural or remote farming regions [1], [2].
These limitations have motivated researchers to
investigate automated and intelligent systems for
rapid and accessible disease detection.

time-consuming, require

Early studies on livestock disease detection primarily
employed conventional image processing techniques.
These approaches relied on manually extracted
features such as color, texture, and shape to identify
abnormalities on animal skin. Image processing
methods including histogram analysis, edge detection,
and image segmentation were widely used to detect
visible disease symptoms. However, these traditional
techniques were highly sensitive to environmental
factors such as illumination changes, background
complexity, image noise, and occlusion. Consequently,
their performance in real-world applications was
often inconsistent and less reliable [7].

With the advancement of machine learning,
classification-based approaches such as Support
Vector Machines (SVM), Decision Trees, and Random
Forest algorithms were introduced for disease
These accuracy
compared to traditional methods but still relied
heavily on handcrafted features. The effectiveness of
these techniques depended on the quality of feature

engineering, which required domain expertise and

detection. models improved

significanteffort.Moreover,thesemodelsstruggledto
generalizewellwhenexposedtodiversedatasetsand
complex visual patterns [7].

In recent years, deep learning has emerged as a
powerful tool for image-based disease detection.
Convolutional Neural Networks (CNNs) have shown
remarkable performance in automatically extracting
featuresfromimageswithouttheneedformanual
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intervention. Researchers have applied CNN
architectures such as AlexNet, VGGNet, ResNet, and
MobileNet for detecting diseases in plants, animals,
and humans. These models can learn complex
patternssuchastexturevariationsandlesionshapes,
makingthemhighlysuitableforidentifyingsymptoms of
LSD in cattle [3], [9].

Several studies have demonstrated the effectiveness
of CNN-based models in detecting skin-related
diseases. By training on large datasets of labeled
images, these models can accurately classify infected
and healthy animals. Transfer learning techniques
havealsobeenwidelyused, wherepre-trained models
are fine-tuned on specific datasets to improve
performanceandreducetrainingtime.Thisapproach is
particularly useful
datasets, which is a common challenge in livestock
disease research [3].

when dealing with limited

In addition to classification models, object detection
techniques have been introduced to localize disease-
affected regions in images. Models such as Faster R-
CNN, Single Shot Detector (SSD), and You Only Look
Once (YOLO) have been widely adopted for real-time
detection tasks. Among these, YOLO-based models
have gained popularity due to their high speed and
efficiency. Unlike two-stage detectors, YOLO
processes images in a single pass, enabling real-time
detection with minimal computational cost [4], [5].

Recent advancements in YOLO architectures,
including YOLOv5 and YOLOv8, have further
improved detection accuracy and speed. These
models incorporate advanced techniques such as
feature pyramid networks, data augmentation, and
improved loss functions to enhance performance.
Researchers have applied these models in various
agricultural and applications,
demonstrating their ability to detect small and
complex objects such as lesions on animal skin [6].

veterinary

Despite these advancements, several challenges
remainintheearlydetectionofLSD.Oneofthemajor

issues is the lack of large, high-quality datasets for
training deep Collecting and
annotating images of infected cattle is a time-

learning models.

consuming process and may
Additionally,

conditions,cameraangles,andanimalmovementcan

require expert
variations in

validation. lighting

affecttheaccuracyofdetectionsystems.Modelsmay
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also produce false positives when normal skin
patterns resemble disease symptoms [8], [10].

To address these challenges, researchers have
explored techniques such as data augmentation,
image enhancement, and ensemble learning. Data
augmentation methods, including rotation, scaling,
and brightness adjustment, help improve model
generalization by simulating real-world variations.
Image preprocessing techniques such as contrast
enhancement and noise reduction can improve the
quality of input data. Ensemble models, which
combine multiple algorithms, can further enhance
accuracy and robustness [7], [11].

Anotheremergingareaofresearchinvolvestheuseof
attention mechanisms and transformer-based
models. These approaches enable the model to focus
on important regions of an
detection accuracy in complex scenarios. Vision
Transformers (ViTs) and hybrid CNN-transformer
models have shown promising results in image
classification and object detection tasks. Although
thesemodelsrequirehighercomputationalresources,
they offer improved performance in challenging
conditions [9].

image, improving

Furthermore,theintegrationofdeeplearningmodels
withInternetofThings(loT)deviceshasopenednew
possibilities for smart livestock monitoring systems.
Cameras and sensors can be deployed in farms to
continuously monitor cattle and detect diseases in
real time. Such systems can alert farmers and
immediately, enabling quick
interventionand reducing the spreadofinfection [8],
[12].

veterinarians

In summary, the evolution of disease detection
techniques from traditional image processing to
advanced deep learning models has significantly
improved the accuracy and efficiency of detecting
Lumpy Skin Disease. While CNN and YOLO-based
models provide promising results, ongoing research
related to data
variability,
The development of

aims to overcome challenges

availability, environmental and

computational limitations.
robust,real-timedetectionsystemswillplayacrucial
role in improving livestock health management and

supporting sustainable agriculture.
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1. MaterialsandMethods

The proposed system for early detection of Lumpy
Skin Disease (LSD) in cattle is developed using a
combination of image processing and deep learning
techniques. The methodology follows a structured
pipeline that includes data collection, preprocessing,
modeltraining,andreal-timedetection.Thesystemis

designed to automatically identify visible symptoms
such as nodules and lesions on cattle skin, enabling
timely diagnosis and prevention of disease spread.

Thisstudyaimstodevelopaneffectivesystemforthe
early detection of Lumpy Skin Disease (LSD) in cattle
by using image processing and machine learning
techniques. Data for the study were collected from
multiplesources,includingveterinaryhospitals,dairy
farms, and publicly available datasets from regions
where LSD outbreaks are common [1]. The dataset
consists of both infected and healthy cattle images
along with information such as body
temperature, presence of skin nodules, appetite
condition, and milk production levels [2]. These
combined inputs help improve the reliability of
disease detection at an early stage.

clinical

Before model development, the collected data
underwent several preprocessing steps to ensure
consistency and accuracy. All images were resized to
a standard resolution (e.g., 224 x 224 pixels) and
normalizedtomaintainuniformityacrossthedataset.
Noise removal techniques were applied to eliminate
unwanteddistortionsintheimages.Additionally,data
augmentationmethodssuchasrotation, flipping, and
zoomingwereusedtoartificiallyincreasethedataset
sizeandimprovemodelgeneralization[3].Missingor
inconsistent clinical data were handled using data
cleaning and imputation techniques to maintain
datasetquality.

Feature extraction is an important step in identifying
patterns associated with LSD. In this study, both
traditional and deep learning-based
extraction methods were

feature
used. Traditional
approaches such as Histogram of Oriented Gradients
(HOG) and Gray-Level Co-occurrence Matrix (GLCM)
wereappliedto extract textureand structural features
from the images [4]. At the same time, Convolutional
Neural Networks (CNNs) were used for automatic
featurelearning,astheycancapturecomplexpatterns
such as lesion shapes, color variations, and skin
abnormalities more effectively.
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Toclassifythe data, severalmachinelearning models
wereimplemented,includingSupportVectorMachine
(SVM), Random Forest (RF), K-Nearest Neighbors
(KNN), and Convolutional Neural Networks (CNN).
Amongthese,CNNwasgivenprimaryimportancedue to
its high accuracy in image-based classification tasks.
The dataset was divided into three parts: training
(70%), validation (15%), and testing (15%) to
ensure proper model evaluation and avoid
overfitting [5]. The CNN model architecture included
convolutional and fully
connected using optimization
techniques the Adam optimizer and
categorical cross-entropy loss function.

layers, pooling layers,

layers, trained

such as

The performance of the developed models was
evaluated using standard metrics such as accuracy,
precision,recall,andF1-score.Accuracymeasuresthe
overall correctness of the model, while precision and
recall help evaluate how well the model identifies
infected cattle. The F1-score provides a balance
between precision and recall, making it an important
metric for medical diagnosis problems [6]. These
evaluation techniques ensure that the system is
reliable and effective in detecting LSD at an early
stage.

The implementation of the system was carried out
using Python programming language, with libraries
such as TensorFlow, Keras, OpenCV, NumPy, and
The experiments
environmentslikeJupyterNotebookorGoogleColab,

whichprovide sufficient computationalresourcesfor
training  deep
requirements included a system with adequate RAM

Pandas. were conducted in

learning models. Hardware
and optional GPU support to accelerate the training

process.

The experimental procedure followed a systematic
approach, starting from  data  collection,
preprocessing,featureextraction,modeltraining,and
finallytestingandevaluation.Eachstepwascarefully
executed to ensure that the model performs well in
real-world conditions. The trained model was tested
on unseen data to verify its practical applicability in
detecting LSD in cattle at an early stage.

Finally, ethical considerations were taken into
accountduringthestudy.Alldatawerecollectedwith

proper permission from farm owners and veterinary
authorities. Animal welfare guidelines were strictly

followedtoensurethatnoharmorstresswas caused
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during data collection [7]. This ensures that the
researchisconductedresponsiblyandcanbeapplied
safely in real-world scenarios.

2. ResultsandDiscussion

The proposed deep learning-based system for early
detectionofLumpySkinDisease(LSD)wasevaluated
using
Precision, Recall, F1l-score, Accuracy, and Mean
Average Precision (mAP) [9].

standard performance metrics such as

The model achieved strong performance with
Precision (85.2%), Recall (90.6%), F1-score (87.8%),
and Accuracy (91.3%). The high recall indicates that
the system can successfully detect most infected
cattle, which is crucial for preventing disease spread.
The mAP@0.5 (92.1%) further confirms accurate
detection and localization of lesions [6].

The YOLOv8 model demonstrated efficient real-time
detection by identifying visible symptoms such as
nodules and skin lesions in both images and video
streams. Its single-stage detection mechanism enables
fasterprocessingcomparedtotraditionalmodelslike
Faster R-CNN, making it suitable for practical farm
deployment [4], [5].

Comparedtoconventionalmachinelearningmethods
such as SVM and Random Forest, the proposed deep
learning approach provides better accuracy and
generalization, as it automatically extracts features
from images instead of relying on manual feature
engineering [7].

However,somelimitationswereobserved.Themodel
occasionally produced false positives when normal
skin patterns resembled disease symptoms and false
negatives in cases of small or unclear lesions.
Environmental factors such as poor lighting and
occlusion also affected performance [8], [10].

Data preprocessing and augmentation techniques
significantly improved model performance by
increasing dataset diversity and reducing overfitting
[11]. These steps helped the system adapt to real-
world variations.

Overall,theresultsindicatethattheproposedsystem
isreliable,efficient,andsuitableforearlydetectionof
Lumpy Skin Disease. With further improvements in
datasetsizeandmodeloptimization,thesystemcan
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be effectively deployed for real-time livestock health
monitoring.

3. Conclusion

This study presents a deep learning-based approach
fortheearlydetectionofLumpySkinDisease(LSD)in
cattle using image processing techniques. The
proposedsystemutilizestheYOLOv8objectdetection
modeltoaccuratelyidentifyvisiblesymptomssuchas
skin nodules and lesions in real time. The results
demonstrate that the model achieves high accuracy,
precision, and recall, making it a reliable tool for
disease detection [6], [9].

The system effectively overcomes the limitations of
traditional diagnostic methods, which are time-
consuming and require expert intervention. By
automating the detection process, the proposed
approach enables faster diagnosis and supports
farmers and veterinarians in taking timely action to
control the spread of the disease [1], [2].

Theintegrationofdeeplearningandcomputervision

techniques allows the model to learn complex
patterns from image data, improving detection
performance compared to conventional machine
learning methods [3], [7]. Additionally, the real-time
capabilityoftheYOLO-basedsystemmakesitsuitable

for deployment in practical environments such as
farms and livestock monitoring systems [4],
[5].Despite its effectiveness, the system has certain
limitations, including sensitivity to environmental
conditionsanddependenceondatasetquality.Future

work can focus on expanding the dataset, improving
robustness, exploring
techniques such as transformer-based models to
enhance performance further.n conclusion, the
proposed system provides an efficient, scalable, and

model and advanced

cost-effective solution for early detection of Lumpy
Skin Disease. It has strong potential to support smart
agriculture improve health
management, ultimately reducing economic losses
and enhancing productivity.

and livestock
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