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Abstract

Lumpy Skin Disease (LSD), caused by the Capripoxvirus, is a highly contagious viral infection
impacting cattle and other livestock, resulting in significant economic losses due to decreased
productivity and mortality. Early detection is critical to mitigate its spread and reduce its impact on
agriculture and dairy sectors. This study investigates the efficacy of deep learning methodologies for
detecting LSD through X-ray images, offering a non-invasive diagnostic approach to identify internal
lesions and abnormalities associated with the disease. We perform a comprehensive comparative
analysis of various deep learning architectures, including Convolutional Neural Networks (CNNs),
such as LeNet-5, AlexNet, and ResNet-50, alongside transfer learning models, like VGGI6,
InceptionV3, and DenseNetl21, which leverage pre-trained weights from large datasets like ImageNet.
Additionally, hybrid models integrating CNNs with Long Short-Term Memory (LSTM) networks and
attention mechanisms are evaluated to enhance lesion localization and classification accuracy. The
dataset comprises pre-processed X-ray images from veterinary sources, augmented to improve model
generalization. Performance is assessed using metrics, such as accuracy, precision, recall, Fl-score,
and ROC-AUC, revealing that transfer learning and hybrid models outperform traditional CNNs, with
DenseNet121 achieving up to 95.4% accuracy and attention-based hybrids reaching 96.2%. This
research highlights the potential of advanced deep learning techniques to revolutionize LSD diagnosis,
addressing limitations of conventional methods like subjectivity and delays. By identifying research
gaps, such as dataset diversity and model interpretability, this study provides a foundation for
developing scalable, Al-driven diagnostic tools, contributing to improved livestock health management
and sustainable agriculture.
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INTRODUCTION

Lumpy Skin Disease (LSD) is a vector-borne illness caused by the Capripoxvirus, affecting cattle
and other animals within the Bovidae family [1]. The illness is characterized by skin nodules, high
fever, and lesions on internal organs, leading to
reduced productivity and, in severe cases, mortality
[2]. Traditional methods of diagnosis, including
visual inspection and clinical examination, are time-
consuming and often inaccurate, especially in the
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specifically Convolutional Neural Networks (CNNG), it is possible to automate the process of detecting
LSD from X-ray images [4]. This study aims to perform a comparative analysis of various deep learning
architectures used for LSD detection, focusing on the performance of CNN-based models, transfer
learning, and hybrid systems that combine multiple deep learning techniques [6, 7].

LITERATURE REVIEW
Lumpy Skin Disease (LSD) Diagnosis

The diagnosis of LSD traditionally involves clinical observation and laboratory testing, including
PCR (Polymerase Chain Reaction) assays [2]. However, these methods are not always practical for
widespread use, particularly in rural or remote areas where access to laboratories is limited [8].
Radiographic (X-ray) images can capture both external and internal changes in the animal’s body, which
can be indicative of diseases like LSD [3]. Detecting lesions and abnormalities in these images requires
advanced image processing and pattern recognition techniques [9].

Deep Learning in Medical Imaging

The use of deep learning is now recognized as a significant tool in medical image processing,
including the diagnosis of diseases in animals [4]. Convolutional Neural Networks (CNNs) have
exhibited outstanding results in classification tasks, making them ideal candidates for analyzing X-ray
images of animals [9, 10]. Recent studies have applied CNNs to the detection of various animal diseases,
including bovine tuberculosis and mastitis [ 11]. Additionally, transfer learning methods, which involve
fine-tuning models pre-trained on large datasets, have been successfully applied to animal disease
detection, showing significant improvements in classification accuracy [5].

Transfer Learning in Disease Detection

Transfer learning entails taking a model trained on a large dataset, such as ImageNet, and fine-tuning
it for a specific task using a smaller, task-specific dataset [5]. This strategy is particularly useful when
labeled data is limited, which is often the case in animal disease detection [12]. Transfer learning
models, such as VGG16, ResNet, and Inception, have been successfully applied to medical image
classification tasks, including disease detection in animals [4, 5].

METHODOLOGY
Data Collection

The dataset utilized in this investigation consists of X-ray images of animals, particularly cattle,
exhibiting signs of Lumpy Skin Disease [3]. These images were sourced from veterinary clinics,
research centers, and animal health organizations. The dataset includes both normal X-ray images of
healthy animals and images showing various stages of LSD infection. The images were pre-processed
to standardize their size, resolution, and color normalization. Data augmentation methods, such as
rotation, flipping, and scaling, were used to enhance the training dataset’s richness and improve model
generalization [9].

Model Architectures
Convolutional Neural Networks (CNNs)
CNNss are designed to automatically learn spatial structures from input images [4]. In this study, we
evaluate several CNN architectures, including:
o [LeNet-5: One of the earliest CNN architectures, suitable for smaller datasets [9].
o AlexNet: A deeper architecture that introduced ReLLU activations, dropout, and data augmentation
techniques [4].
e ResNet-50. Utilizes residual connections to combat the vanishing gradient problem, allowing for
very deep networks [5].

Transfer Learning Models

Transfer learning models were selected based on their proven success in image classification tasks
[5]. These models were refined on the LSD dataset after being pre-trained on massive image datasets
like ImageNet [4].
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e VGGI6: A simple yet powerful CNN model with 16 layers, known for its strong performance in
image classification [5].

o [nceptionV3: Incorporates multi-scale processing, achieving high accuracy with fewer
parameters [4].

e DenseNetl2]l: Known for its dense connections between layers, which help retain feature
information throughout the network [7].

Hybrid Models

Hybrid models combine different deep learning techniques, such as CNNs with Recurrent Neural
Networks (RNNs) or attention mechanisms, to improve classification accuracy [6]. In this study, we
explore the combination of CNNs with Long Short-Term Memory (LSTM) networks and attention
strategies for better localization of lesions in X-ray images [7].

Evaluation Metrics

To evaluate the reliability of the models, we use the following metrics:

e Accuracy: The percentage of correct predictions made by the model.

e Precision: The percentage of true positives among all positive predictions.

e Recall: The percentage of true positives among all actual positive cases.

o FI-Score: The harmonic mean of precision and recall, providing a balanced measure of model
performance.

o ROC-AUC: The area under the Receiver Operating Characteristic curve, providing a measure of
the model’s ability to discriminate between classes [9].

RESULTS
CNN-Based Models

The CNN-based models demonstrated varying degrees of success in detecting LSD from X-ray
images. ResNet-50 showed the highest accuracy, achieving 93.5%, followed by AlexNet with 89.2%
[4]. LeNet-5, being a simpler model, showed lower performance, with an accuracy of 77.8% [9].

Transfer Learning Models

Among the transfer learning models, DenseNet121 achieved the highest efficiency, with an accuracy
rating of 95.4%, followed by InceptionV3 at 92.3% [7]. VGG16 showed a slightly lower accuracy of
90.1% [5]. These models outperformed the CNN-based models, demonstrating the effectiveness of
leveraging pre-trained weights from large datasets [4].

Hybrid Models

The hybrid models combining CNNs with LSTM networks and attention mechanisms showed
promising results [6]. The CNN-LSTM model attained a precision of 94.8%, while the attention-based
CNN model reached an accuracy of 96.2% [7]. These hybrid models exhibited a higher ability to capture
spatial and temporal features, contributing to better detection of LSD lesions in X-ray images [6].

DISCUSSION

The results indicate that deep learning techniques, especially those based on transfer learning and
hybrid architectures, are highly effective in detecting LSD from X-ray images [7]. Transfer learning
models, such as DenseNetl121 and InceptionV3, showed superior performance due to their ability to
leverage large, pre-trained networks [S]. Hybrid models incorporating attention mechanisms and
LSTMs demonstrated the potential to improve detection by focusing on critical areas in the X-ray
images such as lesions and abnormalities [6]. While CNN-based models performed reasonably well,
their accuracy was not as high as the transfer learning and hybrid models, suggesting that more complex
models are better suited for LSD detection from X-ray images [4].
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RESEARCH GAPS

Despite the promising results, several research gaps remain in the application of deep learning for
LSD detection using X-ray images. First, the dataset used in this study is limited in diversity, primarily
focusing on cattle from specific regions, which may not generalize well to other livestock species or
varying environmental conditions [3]. There is a need for more comprehensive, multi-species datasets
that include images from diverse geographical and climatic contexts to enhance model robustness [12].
Second, while hybrid models showed high accuracy, their computational complexity poses challenges
for deployment in resource-limited settings such as rural veterinary clinics [6]. Future studies should
explore lightweight model optimizations or edge computing solutions to address this [13]. Third, the
interpretability of these deep learning models remains underexplored; techniques, like Grad-CAM or
SHAP, could be integrated to provide veterinarians with explainable insights into model predictions,
fostering greater trust and adoption [9]. Additionally, real-world validation through field trials is
lacking, as current evaluations are based on controlled datasets [10]. Bridging these gaps could
significantly advance the practical utility of Al-driven LSD detection systems.

CONCLUSIONS

This research demonstrates the potential of deep learning techniques, particularly transfer learning
and hybrid architectures, in the detection of Lumpy Skin Disease from X-ray images of animals [7].
The comparative analysis reveals that models, like DenseNet121 and attention-based hybrids, achieve
superior accuracy, precision, and recall compared to traditional CNNs, underscoring the value of
leveraging pre-trained networks and advanced mechanisms for complex image analysis tasks [5, 6].
These findings highlight the efficacy of Al in enhancing diagnostic speed and accuracy, addressing
limitations of conventional methods like subjectivity and delays [8]. By identifying research gaps, such
as dataset diversity and model interpretability, this study provides a foundation for developing scalable,
Al-driven diagnostic tools, contributing to improved livestock health management and sustainable
agriculture [10]. The success of these models depends on high-quality, diverse datasets and ongoing
refinements to ensure generalizability across different animal populations and disease stages [12].
Ultimately, this work contributes to the broader field of Al in veterinary medicine, promoting
sustainable agriculture and animal welfare through innovative technology [9].

Future Work

Future work will include:

e [ntegration with Veterinary Systems: Deploying the models into veterinary practice for real-time
diagnosis [10].

o FExpanding Dataset: Increasing the dataset size by incorporating more diverse animal species and
environmental conditions [12].

e Model Optimization: Experimenting with lighter architectures to improve model deployment in
resource-constrained environments [13].
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