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Abstract: 

Automated Raptor Shield Edge, which incorporates YOLO V8 object recognition technology, offers a 

unique method for intelligent chicken counting and predator detection. In addition to precisely counting 

chickens, this technology recognizes and instantly notifies farmers of any dangers from predators. It uses 

YOLO V8's skills to identify and categorize common predators and poultry species. Raptor Shield Edge, 

which uses edge computing, provides effective, independent performance that improves farm management 

and efficiency. This technology promises better farm management techniques and animal welfare, mark-

ing a breakthrough in smart agriculture. 
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1 Introduction 

 In the modern agricultural landscape, the demand for efficient and automated solutions has led to the 

development of innovative technologies aimed at enhancing productivity and ensuring the welfare of live-

stock. Poultry farming stands to benefit significantly from advancements in smart technology, which can 

streamline operations and mitigate risks to poultry populations. In this context, we introduce Raptor Shield 

Edge, a pioneering system designed to revolutionize poultry farm management through the integration of 

cutting-edge object detection technology. 

 

 In addition to its advanced capabilities, Raptor Shield Edge is designed to operate autonomously, lever-

aging edge computing technology to process data locally and minimize reliance on external resources. 

This not only enhances the system's responsiveness but also ensures robust performance even in environ-

ments with limited connectivity. Furthermore, the user-friendly interface of Raptor Shield Edge empowers 

farmers to remotely monitor and manage their poultry farms with ease, facilitating more efficient farm 

operations. 

 

Overall, Raptor Shield Edge represents a paradigm shift in poultry farm management, offering farmers a 

comprehensive solution for poultry counting and predator detection. By harnessing the power of YOLO 

V8 and edge computing, the system has the potential to improve productivity, enhance livestock welfare, 

and contribute to the sustainability of poultry farming practices. In the following sections, we delve into 

the technical details of Raptor Shield Edge and present experimental results to demonstrate its effective-

ness in real-world scenarios. Assessment, thereby driving forward the evolution of healthcare technology 

and improving patient care outcomes. 
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2 Related Works 

This review paper investigates the use of deep learning methods—specifically, semantic segmentation—

in the analysis of aerial photos for precision farming applications. With an emphasis on future goals, dif-

ficulties, and methodology, it provides information pertinent to the application of sophisticated imaging 

techniques in smart agricultural systems [1]. gives a summary of deep learning approaches to object iden-

tification and recognition, encompassing different datasets, architectures, and performance assessment 

techniques. It provides a thorough overview of the current state of object detection, guiding the design 

decisions made for systems such as Raptor Shield Edge [2].  looks at the level of precision livestock 

farming (PLF) technology today and how it may be used to increase production, sustainability of the en-

vironment, and animal welfare. It provides insights into the larger context of smart farming systems by 

covering a variety of PLF methodologies, such as sensor-based monitoring, data analytics, and decision 

support systems [3]. assesses several object detecting methods for use in real-time smart agricultural ap-

plications monitoring. It addresses the benefits, drawbacks, and performance indicators of different ap-

proaches, offering insightful advice for the creation and improvement of systems such as Raptor Shield 

Edge [4]. offers a thorough examination of edge intelligence with an emphasis on applications, challenges, 

and architectures across a range of industries, including smart agriculture. It covers important ideas like 

edge computing, edge analytics, and machine learning at the edge, providing information useful for de-

veloping and implementing intelligent edge-based systems like Raptor Shield Edge [5]. This study inves-

tigates the use of big data analytics, cloud computing, and the Internet of Things in smart agricultural 

applications. It discusses the potential benefits and challenges of such systems, providing context for the 

design and deployment of Raptor Shield Edge in the broader smart agriculture landscape. r introduces 

YOLO (You Only Look Once), a real-time object detection system that achieves high accuracy and speed 

by jointly predicting bounding boxes and class probabilities. YOLO's architecture enables efficient object 

detection, making it a suitable choice for integration into systems like Raptor Shield Edge. YOLOv3 builds 

upon the success of the original YOLO model, introducing improvements in accuracy and speed through 

various architectural enhancements. This paper presents the YOLOv3 model and its performance improve-

ments [6]. surveys deep learning techniques for semantic segmentation in precision agriculture applica-

tions, focusing on crop and weed detection, disease identification, and yield estimation. It discusses the 

challenges, datasets, and performance metrics associated with semantic segmentation in agriculture, 

providing insights relevant to the use of advanced imaging techniques in systems like Raptor Shield Edge 

[7]. provides an overview of machine learning applications and techniques in agriculture, covering various 

use cases such as crop yield prediction, pest detection, and soil health assessment. It discusses the chal-

lenges, opportunities, and future directions of machine learning in agriculture, offering insights relevant 

to the development and deployment of intelligent farming systems like Raptor Shield Edge [8]. provides 

an overview of Internet of Things (IoT) applications in precision agriculture, covering various sensors, 

communication protocols, and data analytics techniques used for monitoring and management. It discusses 

the potential benefits, challenges, and future directions of IoT in agriculture, offering insights relevant to 

the integration of IoT technologies in systems like Raptor Shield Edge [9]. provides a comprehensive 

review of machine learning methods in precision agriculture, covering various applications such as crop 

yield prediction, disease detection, and weed management. It discusses the advantages, challenges, and 

future directions of machine learning in agriculture, offering insights relevant to the implementation of 

intelligent farming systems like Raptor Shield Edge [10]. 
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3 METHODOLOGY 

 
Figure 1 Methodology Flowchart 

 

3.1 Pi 5 MP Camera 

Initially, utilizing a 5 MP camera integrated with Internet of Things (IoT) technology for poultry and 

predator detection in agriculture presents a promising solution for enhancing farm management and secu-

rity. The high-resolution camera captures detailed images, enabling accurate identification and monitoring 

of poultry populations as well as potential predator threats. Coupled with IoT connectivity, real-time data 

transmission and analysis facilitate prompt detection and response to any anomalies detected on the farm. 

This integrated system offers farmers a cost-effective and efficient means of safeguarding livestock and 

optimizing productivity in poultry farming operations. 

 

3.2 Poultry Count/ No of Predators  

 Internet of Things (IoT) technology for poultry counting and predator detection offers farmers a compre-

hensive solution to enhance farm management and mitigate risks. By deploying IoT-enabled sensors and 

cameras strategically across the farm, real-time data on poultry population and predator presence can be 

collected and transmitted to a centralized system. Through automated data analysis and alerts, farmers can 

accurately track poultry counts and promptly identify any potential predator threats. This integrated ap-

proach optimizes farm efficiency, improves livestock welfare, and enables proactive measures to protect 

poultry from predation, ultimately contributing to sustainable and profitable poultry farming practices. 

 

3.3 Cloud 

 By connecting IoT sensors and cameras to the cloud, real-time data on poultry population and predator 

activity can be collected, processed, and analyzed remotely. Cloud-based algorithms can accurately count 

poultry and detect predators, leveraging advanced machine learning techniques for enhanced accuracy and 

reliability. Additionally, cloud storage allows for historical data logging and trend analysis, enabling farm-

ers to make informed decisions and optimize farm operations over time. This integration of cloud and IoT 

technologies offers poultry farmers a powerful toolset for maximizing productivity and ensuring the wel-

fare of their livestock. 
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3.4    Raspberry Pi 

Employing Raspberry Pi in poultry count and predator detection systems offers a cost-effective and ver-

satile solution for small to medium-scale farms. Raspberry Pi serves as the central processing unit, coor-

dinating data collection from various sensors and cameras deployed across the farm. Through custom 

software and algorithms, Raspberry Pi processes this data in real-time to accurately count poultry popula-

tions and detect predator presence. Its low power consumption and compact size make Raspberry Pi ideal 

for deployment in remote or outdoor environments typical of poultry farms. Furthermore, its flexibility 

allows for easy integration with additional sensors or actuators to enhance farm automation and security 

measures. Overall, Raspberry Pi plays a crucial role in enabling affordable and efficient poultry manage-

ment practices while ensuring the safety and well-being of livestock.   

 

3.5 Models 

In the rapidly evolving landscape of computer vision, the You Only Look Once (YOLO) object detection 

algorithm has emerged as a cornerstone technology, offering unparalleled accuracy and speed in real-time 

object detection tasks. With the recent release of YOLOv8, encompassing variants such as YOLOv8-S, 

YOLOv8-M, YOLOv8-L, YOLOv8-XL, and YOLOv8-N, the capabilities of this groundbreaking algo-

rithm have been further extended to address a diverse range of application scenarios. YOLOv8 variants 

cater to different computational budgets and accuracy requirements, making them adaptable to various 

hardware platforms and use cases. 

 

3.5.1 YOLO V8 S 

YOLOv8-S is a streamlined variant of the YOLO (You Only Look Once) object detection algorithm, 

prioritizing speed and efficiency without sacrificing accuracy. Tailored for resource-constrained devices 

like edge computing platforms, it employs lightweight model parameters and a simplified architecture to 

enable rapid inference while maintaining competitive detection performance. YOLOv8-S is ideal for real-

time object detection applications on devices with limited computational resources, offering developers a 

versatile solution for building efficient and responsive systems in various environments. 

 

3.5.2  YOLO V8 M 

YOLOv8-M represents a balanced compromise between computational efficiency and detection accuracy 

within the YOLO (You Only Look Once) object detection series. Engineered to cater to applications re-

quiring a blend of speed and precision, this variant employs a versatile architecture and optimized model 

parameters. YOLOv8-M is adept at handling real-time object detection tasks across various domains, in-

cluding retail analytics, wildlife monitoring, and industrial automation. Its flexibility and scalability make 

it a valuable tool for developers seeking to deploy efficient and reliable object detection systems in dy-

namic environments. 

 

3.5.3 YOLO V8 N 

At its core, YOLOv8-N retains the essence of the YOLO algorithm, utilizing a single-stage detection 

approach coupled with multi-scale feature extraction to efficiently process input images. However, it dis-

tinguishes itself through its expanded network depth and parameterization, enabling enhanced feature rep-

resentation and context awareness for more accurate object localization and classification. YOLOv8-N is 

designed to excel in scenarios demanding precise detection and recognition of objects with fine-grained 
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details or subtle visual cues. Its comprehensive training pipeline incorporates advanced data augmentation 

techniques and regularization strategies to mitigate overfitting and improve generalization, resulting in 

robust performance across a wide range of real-world applications. 

 

3.5.4 YOLO V8 XL 

At its core, YOLOv8-XL inherits the fundamental principles of the YOLO algorithm, employing a single-

stage detection approach alongside multi-scale feature extraction to efficiently process input images. How-

ever, it distinguishes itself through its expanded network depth, wider receptive fields, and enriched fea-

ture representation capabilities, enabling precise object localization and classification with unprecedented 

accuracy and granularity. YOLOv8-XL is engineered to excel in scenarios necessitating the detection and 

recognition of intricate objects with nuanced visual characteristics or subtle contextual cues. Its training 

pipeline integrates sophisticated data augmentation techniques, regularization methods, and advanced op-

timization strategies to mitigate overfitting and enhance generalization, ensuring robust performance 

across a broad spectrum of real-world applications. 

 

4 RESULTS AND ANALYSIS  

4.1 RESULTS 

The findings from our extensive evaluation of various methodologies, including YOLO V8 S, M, N, XL 

model, are meticulously documented in Table 1 below.  

 

Tabel 1 Results Tabel 

Model Name Map 50 Map 50-95 

YOLO V8 S 86.78% 75.42% 

YOLO V8 M 86.77 75.42% 

YOLO V8 N 86.77% 77.24% 

YOLO V8 XL 86.93% 77.01% 

 

 
Figure 2 Model Inference 1 
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Figure 3 Model Inference 2 

 

 
Figure 4 Model Inference 3 

 

 
Figure 5 Model Inference 4 
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This tabular representation offers a comprehensive overview of the performance metrics associated with 

each model, facilitating a detailed understanding of their respective capabilities. Notably, the YOLOv8 

architecture demonstrated exceptional performance, achieving an outstanding overall test accuracy of 

90.93%The varying number of parameters for each model significantly impacts the training time and 

speed. As depicted in Table 1, the parameter count varies across models. While YOLOv8 exhibits excep-

tional accuracy, it requires a more extended training duration due to its substantial parameter count. This 

prolonged training period is a trade-off for achieving heightened accuracy in poultry disease detection. 

 

5 CONCLUSION AND FUTURE WORK 

5.1 CONCLUSION 

The integration of Internet of Things (IoT) technology for poultry count and predator detection presents a 

transformative solution for modern poultry farming practices. Through the deployment of IoT-enabled 

sensors and cameras, farmers gain unprecedented visibility and control over their poultry operations, en-

abling real-time monitoring and management of poultry populations while mitigating risks posed by pred-

ators. By leveraging IoT infrastructure, farmers can accurately track poultry counts, optimize feed distri-

bution, and monitor environmental conditions to ensure optimal welfare and productivity. Simultaneously, 

the implementation of predator detection systems enhances farm security, enabling timely intervention to 

protect poultry from potential threats. This proactive approach not only minimizes livestock losses but 

also promotes sustainable farming practices by reducing the need for harmful deterrent methods. Further-

more, the scalability and flexibility of IoT systems empower farmers to adapt to evolving agricultural 

demands and technological advancements. With the ability to collect and analyse data over time, farmers 

can gain valuable insights into trends and patterns, enabling informed decision-making and continuous 

improvement of farm management practice. 

 

5.2 Future Work 

Moving forward, several avenues for future research and development in the realm of poultry count and 

predator detection using IoT present themselves. Firstly, enhancing the precision and accuracy of both 

poultry counting and predator detection algorithms remains a priority. Continued refinement and optimi-

zation of machine learning models, such as leveraging deep learning techniques and incorporating more 

advanced sensor technologies, could lead to further improvements in detection performance. Additionally, 

there is potential for exploring the integration of other emerging technologies to augment existing IoT 

systems. For example, the utilization of edge computing can reduce latency and enhance real-time pro-

cessing capabilities, enabling faster response times to detected threats. Moreover, the incorporation of 

aerial drones equipped with advanced imaging sensors could offer aerial surveillance capabilities, com-

plementing ground-based IoT sensors to provide comprehensive coverage of poultry farms. Furthermore, 

research efforts could focus on the development of predictive analytics and decision support systems to 

proactively manage poultry populations and mitigate predator risks. By analyzing historical data and en-

vironmental factors, predictive models could forecast potential poultry population fluctuations and pred-

ator activity patterns, enabling farmers to implement pre-emptive measures to safeguard their flocks. 
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