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Abstract

Efficient livestock management is crucial for modern agriculture, yet
traditional methods remain labor-intensive and error-prone. This
research presents an optimized Al-powered real time livestock
monitoring system leveraging the YOLOv9 object detection algorithm.
The proposed system enhances livestock detection and counting by
incorporating advanced model optimization techniques, real-time
anomaly detection, and scalable deployment on embedded systems
like Raspberry Pi. By addressing challenges such as occlusions,
variable lighting conditions, and dynamic animal movement, this
system provides an accurate, cost-effective solution for farmers.
Additionally, integration with IoT sensors enables health monitoring
and behavioral analysis, facilitating data-driven decision-making.
Experimental results demonstrate high accuracy, low latency, and
improved  scalability, highlighting the system's potential to
revolutionize precision livestock management.

Detection

INTRODUCTION enabling  real-time monitoring, automated
Livestock management is a fundamental detection, and behavioral analysis of
aspect of modern agriculture, influencing livestock. Among various object detection

productivity, animal welfare, and overall farm
Traditional monitoring methods,
such as manual counting, periodic inspections,
and human supervised tracking, are not only
labour-intensive and time consuming but also
prone to inaccuracies, especially in large-scale
farms. As agricultural operations expand, there

efficiency.

models, YOLO (You Only Look Once) has
gained prominence due to its ability to
process high-resolution images and videos in

real-time. The latest version, YOLOv9,
introduces significant improvements in
accuracy, computational efficiency, and
robustness, making it highly suitable for

is an increasing demand for automated, dynamic farm environments where animals
intelligent, and scalable solutions that can move unpredictably and are often occluded.
enhance the efficiency and reliability of However, despite these advancements, several

livestock management.
(AD)
transformative technologies

Artificial Intelligence
and Computer Vision have emerged as
in this

challenges remain in deploying Al-powered
livestock monitoring systems.

domain, Factors such as occlusions, varying lighting
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conditions, extreme weather environments,
and limited computational resources in
remote farms pose significant obstacles to real-
time, high-accuracy detection. To address these
challenges, this research presents an
optimized Al-powered livestock monitoring
system leveraging YOLOv9, Edge Al, and IoT-
based health tracking for precision agriculture.
The proposed system is designed to overcome
real-world limitations by implementing model
optimization techniques such as quantization,
pruning, and federated learning to enhance
efficiency while reducing computational load.
Additionally, IoT-enabled  health tracking
sensors allow the system to detect behavioral
anomalies, track livestock movement patterns,
and identify early signs of disease, enabling
proactive farm management.

By deploying Edge Al on embedded devices like
Raspberry Pi and Jetson Nano, the system
ensures low-latency processing  without
reliance on cloud computing, making it cost-
effective and scalable for farms of all sizes. This
study aims to provide a real-time, Al-driven
decision-making system that enhances the
accuracy, efficiency, and sustainability of
livestock management. The experimental
results demonstrate that the proposed system
achieves high detection precision, real-time
anomaly detection, and seamless integration
with farm management tools, making it a
significant advancement in precision
agriculture. By automating livestock
monitoring, the system reduces labour costs,
minimizes errors, optimizes resource
utilization, and ensures better animal welfare,
ultimately leading to a more sustainable and
technologically agricultural ecosystem.

LITERATURE SURVEY

[1] Jeong, Y. D. & Cho, H. (2024): Enhanced
Swine Behavior Detection with YOLOs and a
Mixed-ELAN Architecture Jeong et al.
introduced a novel system that uses artificial
intelligence to detect critical pig behaviors like
crushing and lying down in real time. By
improving the capabilities of existing Al
models (YOLOv7 and YOLOV9), the system can
more accurately monitor pig behavior, helping
farmers prevent accidents and ensure better
animal welfare. The findings highlight the
potential of YOLOv9 for livestock behavior
monitoring and anomaly detection in farm
environments.

[2] Michielon, A, et al. (2024): Mind the Step: An
Artificial Intelligence-Based Monitoring Platform
for Animal Welfare Michielon et al. proposed an
Al-driven monitoring framework that evaluates
and maintains animal welfare by integrating
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deep learning models. The system automatically
computes relevant health and behavioral metrics
to improve livestock management. This study
supports the application of Al and computer
vision for enhancing farm productivity and
ensuring animal well-being.

[3] Araujo, V. M,, et al. (2025): Al-Powered Cow
Detectionin Complex Farm Environments
Araujo et al. developed a cow detection model
optimized for complex farm environments,
incorporating YOLOv8 with the Convolution
Block Attention Module (CBAM). The system
demonstrated superior accuracy in identifying
cattle despite challenges like occlusions, variable
lighting, and movement. The study suggests that
enhanced YOLO models can further improve
livestock detection accuracy in dynamic
conditions.

[4] Bhujel, A, et al. (2024): Public Computer
Vision Datasets for Precision Livestock Farming:
A Systematic Survey Bhujel et al. conducted a
survey of publicly available livestock computer
vision datasets, emphasizing the need for high-
quality annotated datasets collected from
diverse environments. The research highlights
dataset limitations in existing livestock
monitoring studies and suggests improvements
for future Al-driven livestock detection models.
[5] Das, M, et al. (2024): A Model Generalization
Study in Localizing Indoor Cows with Cow
Localization (COLO) Dataset Das et al.
Investigated the generalization capabilities of
YOLOv8 and YOLOv9 models for cow detection in
indoor barn settings. The study found that
models struggle with side-view detections due
to lack of diverse training data. The findings
emphasize the importance of dataset quality
and diverse training conditions for improving
YOLO-based livestock monitoring.

[6] Tong, Q. et al. (2024): Edge Al-Enabled
Chicken Health Detection Based on Enhanced
FCOS-Lite and Knowledge Distillation Tong et
al. Proposed a lightweight edge-Al detector for
identifying chickens and assessing their health
status in real time. The system utilizes
knowledge distillation and a modified FCOS-Lite
model to achieve high accuracy while running
efficiently on edge devices. This study supports
the Deployment of Al-powered livestock
monitoring systems on embedded platforms for
real-time health tracking.

[7] Al-Enhanced Real-Time Cattle Identification
System through Tracking (2024)

This study presents a real-time cattle
identification and tracking system using RGB
image-based cameras. The research introduces
a novel tracking method for managing large-
scale livestock populations efficiently. The
study emphasizes the integration of Al-based
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tracking  systems  with real-time farm
management tools.

[8] Al for Livestock Monitoring: Enhancing
Animal Welfare and Farm Productivity (2024)
This research explores the role of Al in
monitoring livestock health, behavior, and
productivity. The study demonstrates how Al-
powered computer vision can provide insights
into animal movement, feeding patterns, and
disease detection, leading to improved animal
welfare and enhanced farming efficiency.

[9] Monitoring Animal Behavior Using Ultralytics
YOLOv8 (2024) this study investigates the
application of YOLOv8 for monitoring animal
behavior in livestock farms. By analyzing
movement patterns and feeding habits, the
system enables early detection of abnormalities,
which aids in proactive farm management. The
research supports the integration of advanced
YOLO models for real-time behavioral analysis in
agriculture.

[10] AI Livestock Monitoring: Enhancing Health
& Productivity (2024) This research focuses on
the implementation of artificial intelligence and
computer vision techniques for real -time
livestock monitoring. The study demonstrates
how Al models can improve livestock
management by enabling automated tracking,
disease detection, and predictive analytics,
ultimately enhancing farm productivity and
efficiency.

OBJECTIVES

The proposed Al-powered real-time livestock
management system seeks to revolutionize
traditional livestock management practices by
incorporating state of-the-art technologies such
as computer vision, object detection, and
machine learning. The objectives of this system
are outlined as follows: Comprehensive
Livestock  Monitoring Traditional livestock
monitoring systems often rely on manual
counting and observation, which are time
consuming and prone to errors. This project
aims to expand the scope by automating the
detection and counting of livestock using the
YOLOV9 object detection algorithm. The system
will monitor livestock in real time, capturing data
such as animal movements, positioning, and
behavior. By providing a comprehensive,
automated solution, the system enhances the
accuracy of livestock management and offers
deeper insights into the animals' health and
activities.

Real-Time Livestock Health Monitoring This
objective focuses on integrating Al and
computer vision techniques to not only count
livestock but also monitor their health. The
system will be designed to identify behavioral
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anomalies, such as signs of distress or illness,
and alert farm managers in real-time. This
includes detecting abnormal movement patterns
or interactions among livestock, providing early
warnings for disease outbreaks or other health
issues, improving the efficiency of animal welfare
management. Advanced Object Detection and
Tracking One of the challenges in livestock
management is tracking animals in dynamic
environments, where occlusions and varying
lighting  conditions can  hinder accurate
detection. This project seeks to enhance object
detection by leveraging YOLOvV9, a state-of-the-
art deep learning model. YOLOv9 will enable
accurate and efficient real-time counting and
tracking of livestock, even in challenging
environmental conditions, ensuring robust
performance in diverse farm settings.

Seamless Integration with Farm Management
Tools The system will be designed to integrate
seamlessly with existing farm management tools.
This will create a centralized platform for farm
managers to access real time livestock data,
including animal health status, movement, and
behavioral patterns. The goal is to enhance
decision-making processes and streamline farm
operations, improving resource management,
reducing labour costs, and minimizing errors
in livestock monitoring.

Scalable and Cost-Effective Solution for Diverse
Farm Sizes The proposed system aims to be
highly scalable and deployable across farms of
all sizes. By utilizing embedded platforms such
as Raspberry Pi, the system remains cost-
effective, making it accessible to small family-
owned farms as well as large commercial
agricultural operations. The focus will be on
delivering a solution that is affordable while
maintaining high performance and reliability.
Enhancing Operational Efficiency and Resource
Allocation By automating livestock counting
and health monitoring, the system seeks to
optimize farm operations. This includes efficient
allocation of resources, such as feed, medical
supplies, and labour based on the real-time
insights provided by the system. Reducing
manual labour and errors will result in
improved operational efficiency and better
resource management, contributing to increased
productivity and profitability for farmers.

Future Enhancements and System Optimization
The project will also explore future
improvements and optimizations in Al and
computer vision technologies. This may include
the integration of additional sensors (such as
thermal cameras for night monitoring),
advanced Al models for more accurate
behaviour analysis, and further improvements
to the system’s scalability and ease of
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deployment. The goal is to create a dynamic,
continuously evolving system that adapts to
emerging needs in precision livestock farming.

METHODOLOGY
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Fig-1: System Architecture

The proposed system utilizes drone-based HD
video recording, Al-driven object detection, and
a web-based visualization dashboard to achieve
real-time livestock counting. The methodology
comprises the following steps:

Data Acquisition

Drone Deployment: Drones equipped with
high- definition (HD) cameras are deployed
over fields and farms to capture videos at 30
frames per second (fps). The drones provide

a top-down perspective, ensuring
comprehensive  coverage of livestock
movements.

Image Capture: From the videos, individual
frames are extracted to create a robust
dataset of livestock images under different
lighting conditions, angles, and
environments to ensure diverse data.

Data Preprocessing Image Annotation:
The extracted frames are manually labelled
to mark livestock objects. Tools like Labeling
are used to define bounding boxes around
cattle or sheep.

Noise Reduction: Frames with poor
visibility, occlusions, or distortions are
filtered out to maintain high-quality training
data.

Dataset Splitting: The dataset is split into
training, validation, and testing subsets,
typically at a ratio of 70:20:10.

Model Development

Model Selection: The YOLOv9 (You Only
Look Once, Version 9) algorithm is chosen
due to its high speed and accuracy for real-
time object detection.
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Transfer Learning: Pretrained weights from
large-scale datasets are fine-tuned with the
labeled livestock dataset to accelerate
training and improve accuracy.

Hyper parameter Optimization:
Parameters like learning rate, batch size, and
epochs are optimized to enhance model
performance.

Training Process: The model is trained on a
GPU- enabled environment for efficient
computation and faster convergence.

Real-Time Live stock Detection

Drone Live Feed Processing: The trained
YOLOV9 model processes live video streams
from drones. Livestock is detected in real-
time by identifying and classifying objects in
the video frames.

Counting Mechanism: Detected objects are
counted using the model's output.
Overlapping and double- counting are
prevented through tracking algorithms like
SORT (Simple Online and Real time
Tracking).

Data Storage and Management

Database Integration: Detection results,
including livestock counts and metadata
(time, location, etc.), are stored in a
centralized database.

Data Security: The database is secured
using encryption protocols to ensure the
integrity and confidentiality of collected data.
Backup and Scalability: Regular backups and
a scalable storage structure are implemented
to handle large volumes of data.

Dash board and Visualization

Web-Based Interface: A user-friendly
dashboard is developed to display real-time
data, historical trends, and visual insights
like graphs and heat maps.

Livestock Monitoring Reports: Users can
generate detailed reports for tracking
livestock populations, monitoring movement
patterns, and managing resources.

Testing and Validation

Field Testing: The system is deployed in
different terrains and under varying
environmental conditions to validate its
robustness.

Performance Metrics: Metrics such as
precision, recall, F1-score, and mean average
precision (MAP) are calculated to assess
detection accuracy.
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System Design and Implementation

Fig-2: System Architecture

System Architecture

The system design and implementation aim to
develop an efficient, automated livestock
counting system using image processing
techniques, drones, and deep learning
technologies. The design is optimized for real-
time data handling, accuracy, and ease of use,
providing a seamless interface for monitoring
and management. The system architecture
comprises key modules such as data collection,
model training, and detection, as well as data
storage and dashboard visualization. Drones
equipped with HD cameras capture video
streams of livestock, which are processed into
individual frames for further analysis. A
YOLOv9-based deep learning model, trained on
annotated livestock images, detects and counts
animals in real-time. The detection results are
stored in a cloud-based database and presented
on a web-based dashboard developed using
Django or Flask for the backend and React JS for
the frontend.

Hardware components include drones with HD
cameras and GPS for geotagging, GPU-enabled
servers for efficient processing, and a cloud
database for scalable and secure storage. The
software design integrates YOLOv9 for accurate
object detection, Open CV for image processing,
and a user-friendly web dashboard that displays
real-time counts, heat maps, and trends.
Implementation  involves  capturing and
annotating HD video frames, training the
YOLOv9 model with optimized hyper
parameters, and deploying the model for real-
time livestock detection. Detected results, along
with metadata like time and location, are logged
into the system for visualization on the
dashboard.
The system livestock

features real-time
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counting, scalability through cloud
infrastructure, and integration with farm
management tools, ensuring efficient resource
allocation. Testing and validation under varying
conditions, such as different lighting, weather,
and terrains, ensure the system's accuracy and
robustness. Comparison of system outputs with
manual counts validates its reliability, offering a
scalable, accurate, and user-friendly solution for
automated livestock monitor

Challenges and Limitations

The development and implementation of an
automated livestock counting system, while
promising, face several challenges and
limitations. These issues must be addressed to
ensure the system’s efficiency, scalability, and
practical utility in diverse agricultural
environments.

Data Collection Challenges Lighting and
Weather Conditions: Variability in natural
lighting and weather conditions (such as
shadows, overcast skies, or rain) can adversely
affect image clarity and detection accuracy.
Inconsistent lighting can lead to shadows or
overexposure, complicating the task of animal
detection in outdoor environments [1].

Camera Limitations: The quality of the video
captured by drones is often constrained by the
camera’s resolution and frame rate. Low-
resolution cameras may produce images that are
insufficient for accurate animal identification,
particularly in high-speed or large-scale
monitoring tasks [9].

Animal Movement: The rapid and erratic
movement of livestock introduces challenges in
maintaining clear and stable footage. Motion
blur and occlusion can complicate the system's
ability to detect and count animals accurately,
particularly when animals move in groups or
are obscured by environmental factors [3].
Model Training Challenges

Insufficient Training Data: Effective machine
learning models require large, diverse datasets
for training. Obtaining such datasets,
particularly for specific livestock species under
various environmental conditions, is both time-
consuming and expensive [4]. Inadequate data
can result in models that are not sufficiently
generalized to real-world conditions.

Class Imbalance: In real-world scenarios, certain
livestock species or subgroups may be
underrepresented, which can result in biased
model predictions. A model trained on
imbalanced data may struggle to identify less
frequent animal types, leading to inaccuracies in
counting [5].

Over fitting: Ensuring that the model
generalizes well to new, unseen data is crucial
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for  effective  deployment in  diverse
environments. Over fitting occurs when a model
is too closely tailored to the training data,
reducing its ability to adapt to new conditions or
unseen animal behaviors [16].

Real-Time Detection Limitations

e Processing Speed: Real-time detection of
live stock from drone video streams
demands substantial computational
resources, especially when handling high-
resolution footage. Limited computational
power can introduce delays in data
processing, making it difficult to provide
timely and accurate live stock counts [7].

e Occlusion: When animals overlap or stand in
close proximity, they may obstruct one
another, making it difficult for detection
algorithms to accurately identify and count
each individual animal. In environments with
dense vegetation or cluttered backgrounds,
the system’s ability to distinguish livestock
from the surroundings may be further
compromised [18].

o False Positives and Negatives: Detection
algorithms may produce false positives
(incorrectly identifying non-animal objects
as livestock) or false negatives (failing to
detect animals). These errors significantly
undermine the system’s reliability, leading to
inaccurate livestock counts and potentially
affecting downstream applications such as
herd management and resource allocation
[11].

Ethical and Privacy Concerns

e Animal Welfare: The use of drones may
have unintended consequences on animal
behaviour. Drones operating in close
proximity to livestock may induce stress or
alter animal activities, which could impact
herd dynamics and overall well-being [3].

e Data Privacy: The collection and
transmission of video data from drones raise
concerns about the privacy and security of
both livestock-related and farm-specific data.
Safeguarding against unauthorized access or
misuse of this data is essential to maintain
ethical standards and build trust among
users [10].

CONCLUSION

Automated livestock counting systems, driven
by advancements in image processing and
artificial intelligence, offer significant benefits in
improving efficiency, accuracy, and data-driven
decision-making in agriculture. These systems
address the challenges of manual counting,
providing scalable solutions for monitoring
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large herds and optimizing resource allocation.
However, limitations such as environmental
factors, hardware constraints, and user adoption
pose challenges. Issues like low-resolution data,
occlusion, and real-time processing demand
further research to improve detection accuracy
and system reliability. Cost barriers and
technological literacy among farmers must also
be addressed to encourage adoption. Future
developments should focus on enhancing
algorithms, expanding datasets, and integrating
edge computing to reduce internet dependency.
Collaboration among researchers, developers,
and end-users will be essential to overcome
ethical concerns and ensure practical utility.
With continued innovation, automated livestock
counting systems have the potential to
revolutionize livestock management and
contribute to sustainable agricultural practices.
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