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Abstract: The Animal Intrusion Detection System, employing the YOLO v5 Algorithm, presents an innovative solution to
safeguard farm animals and mitigate losses due to predation in agricultural settings. In response to the challenges faced by traditional
monitoring methods, this system offers swift, accurate, and automated detection and classification of farm animals. Leveraging the
advanced capabilities of the YOLO v5 Algorithm, the system provides real-time monitoring and alerts, empowering farmers to
respond promptly to potential threats. This paper provides a detailed exploration of the system architecture, including the integration
and customization of the YOLO v5 Algorithm for animal intrusion detection. The implementation process, encompassing data
preprocessing, model training, and system optimization, is discussed to achieve optimal performance in farm environments.
Furthermore, the practical implications and benefits for modern agriculture are elucidated, including enhanced farm security,
reduced losses, and improved resource allocation. By providing actionable insights and real-time alerts, this project empowers
farmers to proactively manage animal intrusions, optimize farm operations, and enhance productivity and sustainability in the
agricultural sector.
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l. INTRODUCTION

The agriculture sector stands as a vital pillar of global economies, serving as the primary source of sustenance, employment, and
economic stability for millions of individuals worldwide. At the heart of this sector lies livestock farming, a crucial contributor to
global food production and rural livelihoods. Yet, alongside the myriad benefits of livestock farming come significant challenges,
chief among them being the protection of farm animals from predation and intrusions by wandering creatures. While traditional
monitoring methods have historically been employed to safeguard livestock, they often prove inadequate in the face of evolving
agricultural landscapes, being labor-intensive, costly, and susceptible to human error.

In light of these challenges, this paper introduces the Animal Intrusion Detection System, an innovative solution designed to
revolutionize the security of farm animals through the utilization of the cutting-edge YOLO v5 Algorithm. AIDS represents a
paradigm shift in livestock security, offering farmers a sophisticated and efficient tool for real-time detection and classification of
animals within agricultural settings. By enabling swift identification and response to potential threats, Animal Intrusion Detection
System aims to mitigate losses and ensure the safety and well-being of livestock, thereby enhancing productivity and sustainability
in the agricultural sector.

This paper provides a detailed examination of the development and implementation of the Animal Intrusion Detection System,
beginning with an overview of the challenges faced by livestock farmers and the limitations of existing detection methods.
Subsequently, the paper delves into the architecture of Animal Intrusion Detection System, elucidating the integration of the YOLO
v5 Algorithm and the customization of models for farm animal detection. Implementation specifics, including data preprocessing,
model training, and system optimization, are discussed in detail to provide insights into the technical aspects of Animal Intrusion
Detection System's development.

Moreover, the paper explores the practical implications and benefits of Animal Intrusion Detection System for modern agriculture,
including enhanced farm security, reduced losses, and improved resource allocation. By empowering farmers with actionable
insights and real-time alerts, Animal Intrusion Detection System facilitates proactive management of animal intrusions, thereby
optimizing farm operations and contributing to the sustainability of the agricultural sector. Through comprehensive testing and
evaluation, the efficacy and reliability of Animal Intrusion Detection System in accurately identifying and tracking farm animals
under diverse conditions are demonstrated, underscoring its potential as a transformative tool in livestock security.
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Il. RELATED WORK
Efforts to enhance livestock security and mitigate animal intrusions have spurred research in computer vision, machine learning,
and agricultural monitoring. Traditional methods, such as physical barriers and periodic patrols, though effective to some extent,
suffer from labor-intensity and susceptibility to human error. Recent advancements have explored the integration of computer vision
techniques, particularly convolutional neural networks (CNNSs), for automated animal detection and classification. CNN
architectures have shown promise in accurately identifying animals in various settings, including agricultural environments,
addressing some limitations of traditional methods.
Obiject detection algorithms, notably the You Only Look Once (YOLO) algorithm, have further revolutionized animal detection
systems by offering real-time processing capabilities and high detection accuracy. Previous research has demonstrated the efficacy
of YOLO-based approaches in detecting animals within agricultural landscapes. However, existing initiatives integrating computer
vision, sensor technologies, and data analytics for automated animal monitoring often encounter challenges related to scalability
and cost-effectiveness.
In this context, the Animal Intrusion Detection System presented in this paper represents a significant advancement. By leveraging
the YOLO v5 Algorithm, Animal Intrusion Detection System enables real-time detection and classification of farm animals, offering
farmers a reliable tool to mitigate losses and ensure the safety of their livestock. Integrating state-of-the-art technologies with
tailored solutions for farm animal detection, Animal Intrusion Detection System aims to address the limitations of traditional
methods and contribute to the sustainability of agricultural practices.

I11. PROPOSED METHOD

A. Data Collection and Preprocessing:

The first step involves gathering annotated datasets comprising images or videos of farm animals in diverse environmental
conditions. These datasets are then preprocessed to standardize image resolutions, enhance contrast, and remove noise, ensuring
optimal input for the detection algorithm.

Network architecture for YOLO v5 (2]

Fig. 1. Proposed System Architecture
B. Proposed Architecture
The proposed architecture, as shown in Fig. 1, for Smart Surveillance encompasses various phases, utilizing the You Only Look
Once (YOLO) algorithm. These phases, described in detail below, work together to achieve robust detection and classification of
abnormal activities in video footage.
YOLO Algorithm:
The YOLO v5 architecture, an evolution of the popular You Only Look Once (YOLO) object detection family, adopts a streamlined
design characterized by a single neural network with a high-resolution input image, which is processed through convolutional layers,
including backbone and neck networks, followed by multi-scale prediction heads to detect objects at various sizes and aspect ratios.
Notable improvements in YOLO v5 include a focus on model scaling, efficient training strategies, and advanced augmentation
techniques, resulting in enhanced accuracy, speed, and versatility for real-time object detection tasks.
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Figure 2 YOLO v5 Architecture

The figure 2 shows YOLO v5 Architecture for project Animal Intrusion Detection System. The proposed The YOLO v5 architecture
marks a significant advancement in real-time object detection, refining the principles established by its predecessors. At its core
lies a deep convolutional neural network (CNN) acting as the backbone, extracting high-level features from input images. This
backbone, often based on architectures like CSPDarknet or Efficient Net, is augmented by a neck network that further refines the
extracted features. These additional convolutional layers, pooling operations, and feature fusion modules enhance the model's ability
to discern objects accurately.

An innovative aspect of YOLO v5 is its multi-scale prediction heads, attached to different layers in the backbone network. This
design allows the model to detect objects of various sizes and aspect ratios, providing greater versatility. The model's training is
facilitated by a combination of loss functions, including localization and classification losses, along with techniques like focal loss
or objectless loss. Moreover, YOLO v5 introduces a flexible model scaling strategy, empowering users to adjust the model size
based on specific requirements, balancing accuracy, speed, and computational resources.

Efficient training strategies, such as mixed-precision training and transfer learning from pre-trained models, expedite convergence
and improve generalization. Advanced data augmentation techniques, like random scaling, cropping, rotation, and color jittering,
enrich the training dataset and enhance model robustness.

Model Compilation:

Model compilation is a critical step in the training process of the YOLO v5 algorithm, involving the configuration of various
parameters to optimize the model for training. During compilation, parameters such as the choice of optimizer (e.g., Adam, SGD),
learning rate, loss function, and performance metrics are specified. Additionally, any custom callbacks or regularization techniques
may be incorporated to enhance model performance and prevent overfitting. The compilation process ensures that the model is
equipped with the necessary components and settings to effectively learn from the training data and improve its ability to detect and
classify farm animals accurately.

Model Training:

Model training in the YOLO v5 algorithm involves iteratively optimizing the network parameters to minimize a predefined loss
function, typically a combination of localization and classification losses. During training, the model is presented with batches of
preprocessed images along with their corresponding ground truth bounding box annotations. The model then predicts bounding
boxes and class probabilities for objects in the images, and the predicted outputs are compared against the ground truth annotations.
Through backpropagation and gradient descent optimization, the model adjusts its parameters to minimize the discrepancy between
predicted and ground truth values. Training is typically conducted over multiple epochs, with the model learning to accurately detect
farm animals and optimize its performance metrics such as precision, recall, and F1-score.

Model Evaluation:

Model evaluation is a critical phase in machine learning, where the trained model's performance is assessed using a separate set of
data, typically referred to as the testing data. This evaluation provides insight into how well the model generalizes beyond the
training dataset and offers a realistic estimate of its performance in real-world scenarios
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IV. IMPLEMENTATION

Data Collection:
Acquiring data for pothole detection is a crucial step in building an effective abnormal activity detection system. One way to obtain
data for abnormal activity detection is through publicly available datasets such as those on Kaggle.

Data Preprocessing:

In the initial stages of processing for an animal intrusion detection system utilizing YOLO V5, the first crucial step involves loading
input images from the farm area or deployment environment into memory. These images serve as the foundational data for the system.
Following this, a resizing step is undertaken to ensure uniformity in image dimensions, a prerequisite for YOLO v5's efficient
processing. This resizing is crucial, often determined by factors such as the model's architecture and hardware limitations.
Subsequently, normalization techniques are applied to standardize pixel values across the resized images, typically within a
predefined range like 0 to 1 or -1 to 1. This normalization process aids in stabilizing the training phase by ensuring consistent data
scale and distribution. To enhance the diversity of the training dataset and bolster the model's robustness, data augmentation
techniques come into play. These techniques encompass various transformations such as random horizontal and vertical flipping,
rotation, and cropping, thereby introducing variability in object orientations, sizes, and positions. Moreover, bounding box annotation
is essential for YOLO v5, where each object of interest in the training dataset is annotated with bounding box coordinates and
corresponding class labels. Finally, the preprocessed images, coupled with their bounding box annotations, are organized into batches,
facilitating efficient parallel processing during training, particularly advantageous when leveraging hardware accelerators like GPUs.
This comprehensive preprocessing pipeline ensures that the input data is optimized for effective training and subsequent deployment
of the animal intrusion detection system.
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Fig.3: Detecting and Applying object detection to animals using YOLO v5 algorithm

V. EXPERIMENT AND RESULT
The proposed YOLO V5 architecture, incorporating ANIMAL INTRUSION DETECTION SYSTEM USING YOLO

ALGORITHM, is developed and trained with Animal Detecting dataset. The experimental hardware environment is AMD Ryzen
5 3600 CPU @ 4.20 GHz processor, 16GB running memory (RAM), NVIDIA Geforce RTX 2060 GPU. The framework used is
Keras with TensorFlow backend.
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Fig. 4. ROC Curve for Danger Level Detection

In the proposed Animal Intrusion Detection System using Yolo Algorithm system, the original dataset contained 14 distinct classes
representing various activities. The provided Receiver Operating Characteristic (ROC) curve offers a detailed portrayal of the
performance of our binary classifier system across distinct conditions labeled as "HighDanger," "MediumDanger," and "Normal."
This graph facilitates an understanding of how the system's discrimination ability varies as the threshold for classification is
adjusted. The True Positive Rate (TPR), also known as sensitivity, measures the classifier's capacity to correctly identify instances
of each class. Conversely, the False Positive Rate (FPR) quantifies the system's tendency to incorrectly classify negatives as
positives. Each curve on the ROC graph corresponds to a specific condition, with associated Area Under the Curve (AUC) values
summarizing the classifier's overall discriminative prowess. For instance, the "HighDanger" curve exhibits moderate discriminative
ability with an AUC of 0.70, indicating its effectiveness in distinguishing instances of high danger from other conditions. Similarly,
the "MediumDanger" curve shows slightly improved discrimination with an AUC of 0.72. Notably, the "Normal" curve achieves
an ideal AUC of 1.00, signifying flawless discrimination of the normal condition from others. Additionally, the dashed diagonal
line represents random guessing, serving as a baseline for comparison. Curves above this line denote better-than-random
performance, while those closer to the diagonal indicate less effective classification. In essence, this ROC curve graphically
illustrates the trade-off between sensitivity and specificity for our classifier at different threshold settings, providing valuable
insights into its performance across diverse conditions.

Fig. 5. Multiple Object Detection Feature of our System

The multiple object detection feature of our system signifies its capability to identify and delineate multiple objects within an image
or video feed. This functionality is fundamental for comprehensive surveillance and intrusion detection, particularly in environments
where diverse types of animals or objects may coexist. Leveraging advanced algorithms such as YOLO (You Only Look Once),
our system can simultaneously detect and classify multiple objects with high accuracy and efficiency. This feature enables our
system to provide a holistic view of the environment under surveillance, allowing users to identify and respond to potential threats
or anomalies promptly. Whether it's detecting various animal species, distinguishing between livestock and wildlife, or identifying
objects of interest in agricultural settings, the multiple object detection capability enhances the system's utility and effectiveness
across diverse applications.
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Fig. 6: Image classified by our Animal Intrusion Detection System

The image classified by our Animal Intrusion Detection System showcases the system's proficiency in accurately identifying and
categorizing objects within a given scene. In this specific instance, the image depicts the presence of a cow and a dog, both of which
have been successfully detected and classified by our system. This classification process involves several stages of analysis,
including object detection, localization, and classification. Leveraging advanced deep learning algorithms such as the YOLO (You
Only Look Once) model, our system is capable of efficiently processing images in real-time, enabling rapid and accurate
identification of objects of interest.

VI. CONCLUSION

The development and evaluation of the Animal Intrusion Detection System employing the YOLO v5 Algorithm represent a
significant step forward in addressing the challenges of protecting farm animals from intrusions. Through meticulous design,
implementation, and testing, FAIDS has demonstrated its efficacy in accurately detecting and classifying farm animals in real-time,
thereby empowering farmers to mitigate losses due to predation, theft, and wandering animals. The streamlined architecture of
YOLO v5, coupled with advanced data preprocessing, model training, and optimization strategies, has enabled system to achieve
state-of-the-art performance in object detection tasks within agricultural settings. Moreover, the flexibility of the system, evidenced
by its scalable model architecture and efficient training strategies, underscores its potential to adapt to diverse farm environments
and operational scenarios. Moving forward, continued refinement and deployment of in real-world farm settings hold promise for
enhancing farm security, minimizing losses, and promoting sustainable agricultural practices. By leveraging cutting-edge
technology to safeguard livestock, contributes to the resilience and prosperity of the agricultural sector while fostering harmonious
coexistence between humans and farm animals.
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