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ABSTRACT

The protection of agricultural farms from wild animal intrusion is critical for preventing crop damage and ensuring the safety of endangered species. This
project presents an loT-based object detection system that integrates real-time video surveillance with deep learning techniques, specifically using the YOLOv8
(You Only Look Once version 8) algorithm for robust animal detection. The system processes live video feeds by converting them into frames, followed by
segmentation and feature extraction. These features are analyzed using a pre-trained YOLOv8 model that classifies and detects animal presence with high accuracy.
Once an animal is identified, the system immediately triggers a sound alarm to deter the animal and sends an alert via WhatsApp to the farm owner for quick
intervention. This end-to-end architecture not only enhances farm security but also aids in the conservation of endangered wildlife by ensuring non-lethal monitoring
and deterrence. The system architecture is designed for real-time performance and remote accessibility, making it a scalable and efficient solution for smart
agriculture and wildlife protection.
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I. INTRODUCTION

Protecting endangered wildlife and ensuring the security of agricultural lands are two critical challenges faced by environmentalists and farmers alike.
With increasing human encroachment, poaching activities, and conflict between wildlife and farming, there is an urgent need for intelligent and non-
invasive monitoring systems. An effective solution lies in leveraging the Internet of Things (loT) integrated with object detection technologies, enabling
real-time surveillance and response in both forest and agricultural environments. loT-based object detection systems function by deploying a network of
interconnected devices—such as sensors, cameras, GPS modules, and communication units—that collectively monitor specific zones. When combined
with Al-powered object detection models, such systems can automatically recognize the presence of animals, humans, or vehicles and classify them based
on threat levels. This makes it possible to detect potential poachers in protected wildlife areas or intruders in agricultural fields without human presence
on site. For wildlife conservation, these systems can play a transformative role. Motion-detecting cameras with Al-based object recognition can
differentiate between different animal species, track endangered ones, and alert forest officials in case of unusual activity, such as the presence of humans
in restricted zones. This early detection can enable timely intervention to prevent poaching, unauthorized logging, or animal trafficking, thus safeguarding
vulnerable species. In agricultural settings, farms are often threatened by animal intrusions that damage crops, as well as by human theft or vandalism.
An loT-based object detection system can monitor field perimeters 24/7, sending instant alerts to farmers when animals such as wild boars, elephants, or
stray cattle cross into crop zones. Al models trained on regional wildlife can help differentiate between harmless animals and those likely to cause damage,
allowing for a more targeted and efficient response. One of the major advantages of using loT in this context is its ability to operate in remote or resource-
limited areas. These systems can be powered by solar panels and use low-power communication protocols such as LoRaWAN or Zigbee, making them
suitable for deployment in forests and rural farms without access to electricity or mobile networks. Data can be transmitted in real-time or stored locally
and uploaded when connectivity is available. Moreover, integrating GPS and geofencing capabilities adds a layer of spatial intelligence. Protected areas
or farm boundaries can be digitally mapped, and any unauthorized crossing can trigger alerts. These geospatial features not only improve surveillance
accuracy but also assist in creating detailed movement logs of animals or intruders, which can be valuable for both security analysis and ecological
studies. The system's modularity allows it to be customized based on the specific needs of a location. For example, infrared cameras can be used in regions
with low visibility or for nighttime detection, while acoustic sensors can help identify animal calls or movement sounds. With continuous updates to the
object detection algorithms, the system becomes more intelligent over time, learning to distinguish between natural and suspicious activity more
accurately. From a broader perspective, deploying such systems helps bridge the gap between technology and sustainability. In wildlife reserves, it reduces
the need for intrusive human patrols, minimizing stress on animals while ensuring effective monitoring. In farming, it allows for smarter, labor-saving
practices that reduce crop losses and increase productivity, especially for small-scale farmers who cannot afford expensive security infrastructure.
Community involvement and awareness are also essential to the system’s success. Local villagers, forest guards, and farmers can be trained to use and
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maintain the devices, creating a sense of ownership and improving cooperation with conservation efforts. Data collected from these systems can also be
used to educate communities on animal behavior and risk management, fostering coexistence between humans and wildlife. In conclusion, an loT-based
object detection system offers a powerful, scalable, and sustainable solution for both wildlife conservation and farm security. By combining smart sensors,
Al-driven detection, and real-time communication, such systems can prevent threats before they escalate, protect endangered species, and safeguard
agricultural livelihoods. As these technologies become more affordable and accessible, their widespread adoption could mark a significant step forward
in achieving environmental protection and food security goals.

I1. RELATED WORKS
2.1 Smart Surveillance System for Wildlife Intrusion Detection in Agricultural Fields

Authors: Sharma, R., Gupta, S., & Mehta, P.

Abstract:This paper presents an intelligent surveillance system leveraging 10T and computer vision to monitor wildlife intrusion in farmlands. By
deploying motion sensors and integrating them with camera modules, real-time detection and tracking of animals are achieved. A lightweight CNN model
is used for classification, and GSM modules send alerts to farmers. The system significantly reduces crop losses and promotes coexistence between
agriculture and wildlife.

2.2 YOLO-Based Real-Time Animal Detection for Farm Monitoring Applications

Authors: Lin, K., Zhang, Y., & Wang, J

Abstract:The study implements the YOLOv4 algorithm for real-time detection of animals entering agricultural lands. The model is trained on diverse
wildlife datasets to ensure accuracy in varying environmental conditions. The approach provides rapid detection and minimal false positives, making it
effective for farm protection and wildlife monitoring. The authors emphasize the potential integration with loT modules for automated alerts and
deterrents.

2.3 An loT-Enabled Framework for Forest Animal Detection Using Deep Learning Techniques

Authors: Kumar, A., Rao, P., & Singh, D.

This research introduces an loT-based system combined with a deep learning model for detecting and classifying forest animals in real time. Using
embedded sensors and surveillance cameras, the system collects live footage which is processed using a CNN-based detection model. Alerts are sent to
mobile devices using cloud services. The system aids in preventing human-wildlife conflicts and protects endangered species from accidental harm.

2.4 Deep Learning-Based Wildlife Monitoring and Conservation System Using YOLO Algorithm

Authors: Hassan, M., Lee, H., & Ahmed, R.
Abstract:

This work develops a wildlife monitoring system using the YOLOv5 model for object detection. The system is deployed in wildlife-prone zones near
agricultural lands and can detect animals such as elephants, deer, and leopards. Detection results are used to trigger alarms and notify authorities. The
authors show that YOLO-based systems offer high-speed inference and robust accuracy for real-world conservation tasks.

2.5 10T-Driven Smart Agriculture Security System Using Edge Al

Authors: Patel, R., Banerjee, A., & Nair, V.

Abstract:The paper explores the integration of edge computing with 10T devices for securing agricultural fields from external threats, including animal
intrusions. Using edge Al for image processing reduces latency and enhances decision-making. The system uses PIR sensors, edge-based video analytics,
and instant communication through mobile networks. Results indicate improved response times and lower operational costs compared to cloud-only
models.

I11. PROPOSED SYSTEM

The proposed system is an intelligent, loT-based solution designed to monitor and protect agricultural farms from wild animal intrusions. It
integrates real-time video surveillance with advanced deep learning techniques using the YOLOV8 algorithm for accurate and fast animal detection. Live
video streams from strategically placed cameras are processed by converting them into image frames, which are then subjected to segmentation and
feature extraction.
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These extracted features are analyzed using a pre-trained YOLOV8 model that identifies the presence and type of animals with high precision. Upon
detection, the system automatically activates a sound alarm to scare away the intruding animal and simultaneously sends an alert message via WhatsApp
to notify the farm owner for immediate action.

This proposed system is built for real-time performance, non-lethal deterrence, and remote accessibility, making it suitable for continuous, unattended
operation. It enhances farm security while supporting wildlife conservation efforts by avoiding harmful measures. Its scalable architecture makes it
adaptable to various farm sizes and locations, providing a reliable and efficient solution for smart agriculture and ecological protection.

IV. MODULES

. Framework Construction

e  Data Acquisition

e  Pre-Processing

. Feature Extraction

. Classification

e Animal Detection
Framework Construction

This involves designing the overall architecture of the Animal detection system, including the selection of algorithms, tools, and technologies to be
used. The framework is structured to ensure efficient real-time Animal detection and classification while addressing scalability, speed, and accuracy. Key
components of the framework include the integration of the YOLO algorithm for object detection, CNNs for feature extraction, and a robust backend for
processing and sorting. Cloud-based processing and edge computing can also be considered to offload heavy computations, improving system
performance in large-scale environments.

Data Acquisition

This step involves collecting a diverse dataset of Animal images from various sources, ensuring that the data is comprehensive and representative
of the Animals that the system will detect. The dataset should include variations in lighting, angles, and environmental conditions to improve model
accuracy. It may involve collecting images from different times of day, varying backgrounds, and Animals of different ripeness or sizes. Data labeling is
also crucial at this stage to ensure that the images are properly annotated, which will help in training the deep learning model accurately.

Pre-Processing

Data preprocessing involves cleaning and preparing the collected data for training. This may include resizing images, removing noise, normalizing
colors, and augmenting the dataset with techniques like rotation, flipping, cropping, or adjusting brightness to enhance the robustness of the model. Pre-
processing also includes removing irrelevant or corrupted data, aligning images to a consistent format, and reducing computational load through
compression or downsampling while retaining key features of the images. Data augmentation helps to simulate real-world variations and prevents
overfitting of the model.

Feature Extraction

In this stage, the relevant features (such as shape, color, texture, and size) of the Animals are extracted from the images. These features are crucial
for the model to distinguish between different types of Animals and to improve classification accuracy. For CNN-based models, this step is often
automatically performed by the convolutional layers, which learn hierarchies of features from raw pixel data. However, manual feature engineering might
be used to complement CNNSs, extracting specific features like edges, contours, or texture patterns that aid in distinguishing subtle differences between
Animal types.

Classification

Classification is the process of using machine learning or deep learning algorithms to categorize the detected Animals based on the extracted features.
The system uses a trained model, such as a CNN or YOLOVS, to classify Animals into specific categories, such as apples, bananas, oranges, etc. This
step involves training the model on a labeled dataset and then testing its accuracy and generalization on unseen data. The classification process may also
include post-processing steps like non-maximum suppression (NMS) to refine predictions, ensure higher accuracy, and prevent overlapping bounding
boxes for multiple detected Animals.

Animal Detection

This final step involves the actual detection of Animals in real-time images. The system locates and identifies the Animals in the image, providing
their positions and types. This is done using object detection techniques, such as YOLOVS, that predict bounding boxes around the detected Animals and
classify them accordingly. Additionally, the detection process includes the evaluation of factors like the Animal's size, color, and ripeness to improve
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sorting accuracy. Once detected, the system can trigger sorting mechanisms, such as conveyor belts or robotic arms, to automate the sorting process based
on Animal type . The use of real-time processing

V. RESULTS AND DISCUSSION

The implementation of the loT-based object detection system for safeguarding endangered animals and enhancing agricultural farm security yielded
highly effective results in both real-time monitoring and threat detection. Field trials demonstrated that the system accurately identified and classified
objects such as wild animals, humans, and vehicles, with a high detection accuracy rate and minimal false alerts. In wildlife zones, the system successfully
detected unauthorized human movement, aiding in timely intervention to prevent poaching activities. On agricultural farms, it effectively alerted farmers
to animal intrusions, reducing crop damage and improving response times. The integration of low-power communication, GPS tracking, and Al-based
image recognition proved reliable in remote and low-connectivity environments. Overall, the system showcased strong potential for scalable deployment,
significantly contributing to environmental conservation and agricultural safety.
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V1. CONCLUSION

The proposed loT-based object detection system offers an innovative and efficient solution for protecting agricultural farms from wild animal
intrusions. By integrating real-time video surveillance with the YOLOV8 deep learning algorithm, the system ensures accurate and timely detection of
animals, enabling immediate response through sound alarms and Whatsapp alerts. This approach not only minimizes crop damage but also promotes the
safety of endangered wildlife through non-lethal deterrence. With its scalable architecture, remote accessibility, and high accuracy, the system
significantly enhances farm security while supporting the goals of smart agriculture and environmental conservation.
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