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Abstract: The poultry industry faces significant challenges in efficiently monitoring large
populations, especially under resource constraints and limited connectivity. This paper in-
troduces the Automated Counting and Monitoring System for Poultry Tracking (ACMSPT),
an innovative solution that integrates edge computing, Artificial Intelligence (AI), and
the Internet of Things (IoT). The study begins by collecting a custom dataset of 1300 high-
resolution images from real broiler farm environments, encompassing diverse lighting
conditions, occlusions, and growth stages. Each image was manually annotated and used
to train the YOLOV10 object detection model with carefully selected hyperparameters. The
trained model was then deployed on an Orange Pi 5B single-board computer equipped
with a Neural Processing Unit (NPU), enabling on-site inference and real-time poultry
tracking. System performance was evaluated in both small- and commercial-scale sheds,
achieving a precision of 93.1% and recall of 93.0%, with an average inference time under
200 milliseconds. The results demonstrate that ACMSPT can autonomously detect anoma-
lies in poultry movement, facilitating timely interventions while reducing manual labor.
Moreover, its cost-effective, low-connectivity design supports broader adoption in remote
or resource-limited environments. Future work will focus on improving adaptability to
extreme conditions and extending this approach to other livestock management contexts.

Keywords: livestock management; poultry monitoring; edge computing; artificial
intelligence (AI)

1. Introduction

As the world changes constantly, so does the way we produce our food. Recent
discoveries of various technologies have driven advancements in agro-industrial processes.
Among the most revolutionary technologies is edge computing, which has significantly
transformed diverse industries by bringing data processing closer to the point of generation,
reducing latency, and improving operational efficiency [1].

Edge computing is a data processing model that brings computation and storage closer
to where the data are generated rather than relying solely on centralized data centers. This
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technology represents a significant shift in how data is managed and processed, offering
faster, more efficient, and more secure solutions for various industries and applications [1].

Moreover, artificial intelligence (AI) has revolutionized the way we optimize and
automate processes in the agri-food industry. Beyond being a technical tool, Al has been
presented as a transformative force reshaping both the economy and social processes
through the analysis of large volumes of data [2].

Al allows for complex analysis, such as in predicting weather patterns, identifying
pests and diseases in crops, and enhancing agricultural yields, by optimizing resources
such as water and nutrients. In 2017, Katz highlighted that the resurgence of Al is deeply
tied to the use of big data and its ability to interpret metrics, redefining current techno-
logical expectations and applications. Furthermore, through the use of machine learning
algorithms, Al can identify problems in real time, allowing farmers to make informed
decisions and address issues before they become serious threats to production [2].

The combination of Al with sensor technologies in the Internet of Things (IoT) has
revolutionized the continuous monitoring of critical variables such as soil moisture and
temperature. A notable example is the system proposed by Wu et al. [3], also presented
in [4-6], which employs wireless sensors, mobile applications, and advanced deep learning
algorithms to measure and predict soil conditions in real time.

Based on systems such as wireless sensor networks and edge computing platforms,
this approach delivers fast and accurate results directly in the field, eliminating the need to
transmit large volumes of data to remote servers. Additionally, implementing strategies like
deep reinforcement learning enhances forecast accuracy, optimizes efficiency, and reduces
energy consumption in data processing [3].

Edge computing, A, and IoT are redefining modern agriculture by creating an intelli-
gent and connected ecosystem. These technologies not only enhance farmers’ productivity
and profitability but also promote sustainable and environmentally friendly production
by minimizing resource waste and reducing environmental impact. Thus, the agriculture
industry of the future is shaping up to be a dynamic, innovative, and resilient sector capable
of addressing global challenges related to food security and sustainability through the
strategic use of cutting-edge technologies.

Broiler farms face various challenges, with the prevention and control of diseases being
among the most critical. The rapid spread of illnesses and pathogens in densely populated
barns or sheds can lead to high mortality rates. Among these, ESBL-producing E. coli,
an opportunistic pathogen, can negatively impact the broiler growth cycle and presents
a serious threat to poultry production and public health through zoonotic transmission.
Consequently, developing early-stage control strategies is essential [7]. The inherent sus-
ceptibility of chickens to pathogens during early growth renders appropriate interventions
at this developmental phase beneficial for microbiome development [8]. Therefore, there is
a pressing need to develop tools for more dynamic health and administrative management,
enabling decision making during flock development based on highly reliable data. Al can
provide valuable insights through the monitoring of poultry populations, allowing farm
managers or those responsible for health management to take timely action.

Poultry facilities and similar hostile environments make it hard to count birds. There-
fore, robust and adaptive algorithms are needed to accurately detect and track them over
time, ensuring reliable data analysis [9]. Typically, poultry farmers rely on daily in-person
inspections to assess broiler health, using their experience to identify sick birds, which are
then manually removed to prevent disease spread [10].

As part of health and administrative management, poultry farmers estimate the
number of broilers in their population at two stages in the rearing process: at the begin-
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ning, when they enter the broiler house, and at the end, when the chickens are sent to
the slaughterhouse.

In response to these challenges, this study aims to develop and validate an Al-driven
automated poultry flock management system utilizing the YOLOv10 model. The scientific
objective of this research is to advance computer vision techniques in poultry monitoring by
addressing critical limitations in real-world farm environments. By integrating YOLOv10
with edge computing, our approach enables real-time, high-accuracy detection in resource-
constrained settings, distinguishing it from conventional cloud-based monitoring systems
that suffer from latency and connectivity issues.

From a practical standpoint, this research introduces a scalable and cost-effective
solution that facilitates automated poultry monitoring and data-driven decision making.
The proposed system enhances flock management by reducing manual labor, improving
tracking accuracy, and optimizing resource allocation. By mitigating economic losses and
promoting sustainable agricultural practices, this study offers a practical and impactful
solution to modern poultry farming challenges.

The remainder of this paper is organized as follows: Section 2 provides a compre-
hensive review of related work, Section 3 details the methodology, Section 4 presents the
findings, Section 5 offers an in-depth discussion, and Section 6 concludes with key insights
and directions for future research.

2. Background

The poultry industry is undergoing rapid transformation, driven by increasing global
demand for poultry products and technological advancements that enhance production
efficiency and sustainability. As global populations grow and consumer preferences shift,
the poultry sector plays a central role in addressing the rising need for affordable, high-
quality protein sources. However, numerous challenges persist, including with respect
to mitigating environmental impacts, improving animal welfare, and ensuring food secu-
rity [11,12].

To address these challenges, modern technologies are being integrated into poultry
farming. Precision livestock farming (PLF) systems, utilizing sensors, cameras, and Al
technologies, have emerged as key solutions for improving farm management, monitoring
animal welfare, and increasing production efficiency. These systems facilitate real-time
decision making, allowing farmers to undertake informed interventions before issues esca-
late [13,14]. Sustainability concerns have also driven efforts to reduce the environmental
footprint of farming practices by minimizing water use, reducing emissions, and transi-
tioning to more sustainable feed sources. Meanwhile, poultry welfare is being prioritized
through housing systems such as by adopting free-range and organic practices, which posi-
tively impact bird health and productivity [11,15]. Research such as that presented in [16]
focuses on the relationship between stocking density and gut microbiome development,
with findings supporting the hypothesis that an increase in space positively correlates with
improvements in weight and gut health. Despite their promise, the implementation of
these technologies faces barriers, including technical constraints, high initial costs, and the
need for skilled management [12,14].

The increasing adoption of the agricultural Internet of Things (IoT) has necessitated
efficient data processing solutions. Traditional cloud computing systems, though effective,
often suffer from latency and network congestion due to the vast amount of data gener-
ated in large agricultural areas. Edge computing addresses this challenge by processing
data closer to the source, reducing latency and alleviating the load on centralized cloud
servers [17,18]. In agriculture, edge computing enhances efficiency and enables immedi-
ate decision making, with applications in pest identification, product safety traceability,
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and agricultural machinery management [17]. By leveraging Al algorithms at the edge, real-
time analysis of sensor data becomes possible, allowing for faster responses to changing
farm conditions.

Artificial intelligence (Al) plays a crucial role in modern farming techniques, partic-
ularly in crop and livestock management. Al technologies, including machine learning
(ML), deep learning (DL), and neural networks, contribute to the prediction of crop yields,
the monitoring of plant health, and the detection of pests or diseases [19,20]. Al-powered
drones and sensors provide detailed insights into soil conditions, water usage, and crop
health, facilitating targeted interventions [21]. These capabilities optimize resource use,
reduce waste, and enhance yield quality. As shown in [22,23], the use of computer vision-
enabled robotic arms for automated decision making in vegetable and crop handling is
becoming more common, applying a YOLO implementation. By analyzing data from IoT
devices, Al can recommend optimal planting times, irrigation schedules, and fertilization
practices, thereby promoting sustainability [24]. Furthermore, Al can predict the optimal
harvesting time, maximizing productivity and minimizing losses [21].

The integration of edge computing and Al offers significant advantages in precision
agriculture. By deploying Al algorithms locally on farm devices, real-time data analysis
and decision making can occur without reliance on constant cloud connectivity. This in-
tegration enhances resource efficiency, improves crop management, and strengthens pest
control [18,24]. For example, Al can analyze data from soil moisture sensors, weather
stations, and crop health monitors at the edge, providing immediate feedback on soil con-
ditions, irrigation needs, and pest threats. These advancements help optimize operations
and reduce environmental footprints by minimizing water usage, pesticide application,
and fertilizer runoff [17,24]. The combination of these technologies is transforming agri-
culture, providing farmers with essential tools to improve efficiency, ensure better yields,
and promote sustainability.

In 2020, Ren et al. [20] analyzed agricultural robotics applications for poultry produc-
tion and classified them into three functional groups according to their functions: monitors,
harvesters, and combined monitor-harvesters. Ren et al. [20] reported that neural networks
have been employed for image-based detection across a wide range of farm animals, in-
cluding pigs, goats, and cows. The authors posited that the identified trajectory of research
and development will be maintained, with poultry management efficiency representing an
increasingly prominent area of scholarly inquiry.

The use of Al and computer vision in poultry farming has revolutionized monitoring
and management practices. Al-based object detection models such as YOLO (You Only
Look Once) [25] and Faster R-CNN [26] automate tasks like poultry counting, behavior
monitoring, and health assessment. These models demonstrate high accuracy in detecting
and tracking chickens, enhancing farm efficiency and resource management. Al-driven
monitoring systems using mainly YOLOv5 and YOLOvS have been particularly effective
in poultry counting and health assessments.

A dead chicken detection model utilizing YOLOv4 was trained, achieving a precision
of 95.24%, and a mobile robotic system was designed and constructed for the purpose of
removing detected carcasses from sheds [10].

Likewise, YOLOVS5 has successfully classified and counted different chicken breeds,
achieving precision and recall rates of 89.9% and 87.2%, respectively, providing a practical
alternative to manual counting [27]. YOLOVS5 has seen widespread use in various research
areas. In a study published in [28], a modified YOLOvV5 model was used for chicken
detection in farm settings, yielding an mAP of 90.0%. The authors also articulated the
shortcomings of current detection methodologies.
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Employing YOLOVS5 in conjunction with a Kalman filter, researchers have explored
chicken tracking to measure activity levels. This approach provides continuous monitoring
of chickens’ perching, walking, and environmental interactions [29].

An alternative approach to broiler weight estimation involves the integration of a
YOLOv5 model and a convolutional neural network employing a regression output [30].
The system was implemented using a Raspberry Pi board and achieved a 0.87 R? value.

The detection of diseases utilizing the YOLOvVS5 architecture was detailed in [31],
wherein a ResNet50 classification model was integrated to identify visual symptoms of
illness in chickens, leading to a 35% improvement in their overall health.

For instance, YOLOv8 models have achieved an F1 score of 0.86, indicating high accu-
racy in detecting pathological features in chickens and monitoring crucial environmental
parameters like temperature and humidity [4].

A YOLOv8-based approach incorporating data augmentation was used to predict
pathological characteristics in chickens, yielding a test precision of 89.9% [4]. To keep
owners informed, this approach employs IoT devices to send notifications. A model based
on the YOLOVS architecture was developed by Chemme and Alitappeh [32] for chicken
detection within a cluttered environment, attaining an accuracy of 93%, thereby surpassing
the results yielded in [29].

The reported in [9], aimed to refine automated chicken identification in videos, tackling
the dynamic and inconsistent conditions of poultry farms. The YOLOv8n model was
selected for its portability in chicken detection. The methodology for chicken tracking,
subjected to testing with concurrent combinations of chickens, exhibited an accuracy rate
of 98.3% in scenarios characterized by multiple missing and coalescing chickens.

Elmessery et al. [33] presented a new method for chicken detection, combining com-
puter vision and YOLO-based algorithms to be applied to both thermal and visual images
with diverse, complex backgrounds. The detection was focused on pathological phenom-
ena of broilers. The authors conducted a comparative analysis of YOLO architectures,
specifically v8, v7, and v5, and determined that YOLOvS exhibited the highest performance
metrics, achieving mAP50 and mAP50-95 values of 0.829 and 0.679, respectively, for visual
images, demonstrating its superiority over the preceding versions.

Recognizing poultry locomotion as a key indicator of health, welfare, and productivity,
Yang et al. [34] introduced an enhanced Track Anything Model (TAM) for chicken track-
ing. This model, achieving an RMSE of 0.02 m/s in speed detection, provides a reliable,
non-intrusive method for locomotion analysis and outperforms YOLOv5 and YOLOVS in
chicken tracking. Beyond simple counting, Al-powered computer vision systems enhance
monitoring by detecting behavioral anomalies and identifying sick birds. These systems
integrate with IoT devices to measure environmental parameters, triggering alerts when
conditions deviate from optimal ranges. This approach provides real-time, non-intrusive
solutions for maintaining a stress-free and healthy environment, leading to improved
productivity and welfare standards [35]. For example, smart poultry management systems
based on IoT technology utilize sensors to monitor temperature, humidity, and ammonia
levels, automating farm management tasks such as feeding and watering. Remote monitor-
ing through mobile apps and websites further improves operational efficiency and ensures
optimal poultry conditions [36].

Wireless sensor networks (WSNs) also play a vital role in modern poultry farm man-
agement. These networks enable continuous monitoring of environmental conditions,
with real-time data transmission to centralized systems that analyze information for in-
formed decision making. WSNs are widely used for the monitoring of temperature, humid-
ity, and ammonia levels, ensuring optimal poultry health [37]. When integrated with Al
models such as Faster R-CNN, these systems can detect dead chickens and count live ones,
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offering a more automated and efficient approach to farm management [38]. The combina-
tion of Al-driven object detection, IoT sensors, and WSNs represents a powerful solution for
modern poultry farming, enhancing farm management, improving poultry welfare, and op-
timizing resource use, thereby contributing to the future of sustainable poultry farming. A
selection of projects employing the YOLO architecture for model training is illustrated in
Table 1. These projects concentrate on chicken tracking and detection within agricultural
environments. The presented results demonstrate that YOLOVS tends to display superior
performance when compared to prior versions.

Table 1. Models trained using the YOLO architecture for problems related to chicken detection on
farms. NA stands for not available data about this metric in the study.

Models Precision Recall F1-Score mAP@0.5 mAP@0.5:95 YOLO Version Approach
Liu et al. [10] 95.24 100 NA 100 NA vi Dead chicken
detection
Sun et al. [27] 89.9 87.2 NA NA NA v5 Detection
Zhang et al. [28] NA NA NA 90 62.7 v5 Detection
Chemme and Alitappeh [32] 87 85 NA 90 82 v8 Detection
Paramathma et al. [4] 93.8 77 4 86 82.1 NA v8 Disease detection
Mehdizadeh et al. [9] 98.3 992 992 NA NA v8 Detection and
tracking
Elmessery et al. [33] 86.1 69.1 76.7 82.9 67.9 v8 Detection
Cruz et al. [35] 93.1 93 91 93.1 62.5 v8 Detection

The review provided in [39] examined the diverse applications of the YOLO architec-
ture throughout its development. The study pointed out the different versions of YOLO
used in areas such as medicine, autonomous driving, industry, and agriculture. It stated
that, specifically in agriculture, YOLOvVS8 has achieved the most favorable results. Like-
wise [40] concentrated on analyzing the use of YOLO within agriculture, particularly in
crop cultivation. The authors detailed the architectural evolution and the enhancements
achieved with each subsequent version. Considering this information and the outcomes
of earlier studies [35], the decision was made to utilize the YOLOV10 architecture, repre-
senting the most current version during the development phase. An evaluation of version
enhancements, which have consistently yielded better results, justifies this determination.
Furthermore, Section 3.2.4 provides evidence that YOLOv10 is compatible with the project’s
chosen hardware.

3. Materials and Methods

3.1. Research Methodology
3.1.1. Description of the Approach

This study employs an applied research approach to develop an automated poultry
monitoring system using edge computing and artificial intelligence (AI). The system is
designed to address the challenges associated with the monitoring of large-scale poultry
populations in dynamic farm environments, which include variations in lighting conditions,
occlusions, and infrastructure constraints. By leveraging edge computing, data processing
is performed locally, reducing latency and dependence on cloud-based solutions—an
essential feature for farms with limited network connectivity [41].

To achieve real-time monitoring, an object detection model based on the YOLO (You
Only Look Once) architecture was deployed on a low-power single-board computer (SBC),
an Orange Pi 5B. This device, equipped with a neural processing unit (NPU), enables
efficient on-device Al inference. The YOLO-based model has been widely recognized for
its superior performance in object identification and counting tasks within agricultural
monitoring applications [25,42].
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The integration of edge computing and Al aligns with current advancements in pre-
cision agriculture, where real-time decision making is critical for livestock management.
Studies have demonstrated that Edge Computing enhances autonomy and reduces opera-
tional latency, making it particularly effective for the monitoring of poultry farms [43,44].
Furthermore, automated detection of behavioral patterns, such as activity levels and mo-
bility changes, enables early interventions to mitigate disease outbreaks or stress-induced
anomalies [44].

Given the complexity of farm environments, robust object detection models such as
YOLO have proven effective for real-time image and video analysis [42]. The YOLO series
is well-suited for high-speed applications, processing entire video frames in a single pass.
This makes it an ideal candidate for the tracking and counting of poultry populations with
high accuracy. Additionally, deploying YOLO models on energy-efficient single-board
computers, such as an Orange Pi with an NPU, optimizes performance while maintaining
low power consumption—an essential factor for sustainable and resource-constrained
agricultural settings.

3.1.2. Tool Selection Process

The selection of hardware and software for this project was based on efficiency, scala-
bility, and suitability for real-time monitoring in environments with limited network access.
A key requirement was ensuring that the system could operate autonomously with minimal
reliance on external infrastructure [41].

Among various single-board computer (S5BC) options, the Orange Pi 5B was chosen
due to its Rockchip RK3588S processor, which integrates an eight-core CPU with a neural
processing unit (NPU) capable of 6 TOPS (Tera Operations Per Second). This hardware
enables low-latency inference of complex models such as YOLOv10, making it ideal for
edge computing applications on rural poultry farms, where speed and autonomy are
critical [45]. Furthermore, its architecture supports multiple sensors and cameras, allowing
for continuous real-time data collection [45].

For object detection, the YOLOv10 (You Only Look Once) model was selected due to
its superior balance of accuracy and computational efficiency in agricultural monitoring
applications. YOLOV10 efficiently processes video frames in real time, making it well-suited
for the tracking and counting of moving poultry. Alternative models, such as SSD and
Faster R-CNN, were considered but not chosen due to their higher computational demands,
which could reduce performance in resource-constrained environments [46].

To ensure high-quality training data, labellmg was used as the annotation tool due
to its widespread adoption in the computer vision community and its ability to facilitate
precise segmentation [47]. This step was crucial in maintaining consistency in dataset
labeling, particularly under challenging conditions such as occlusion and variable light-
ing [48]. Additionally, a manual review of annotations was conducted to further enhance
label accuracy.

The selection process prioritized adaptability and scalability. The combination of the
Orange Pi 5B and YOLOV10 allows for autonomous, real-time monitoring with minimal
connectivity requirements. This design enables poultry farmers to quickly detect changes
in bird activity and population dynamics, ultimately improving efficiency and decision
making in farm management [46].

3.1.3. Dataset Creation

The dataset was developed to ensure the YOLOv10 detection model could accurately
and reliably operate in poultry farm environments. Real-time images were captured
from a broiler chicken farm using ceiling-mounted cameras to cover the entire rearing
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area. Over six weeks, 1300 high-resolution images (1920 x 1080 pixels) were collected,
representing different chicken growth stages, activities, lighting conditions, and occlusions.
Figure 1 presents sample images from the dataset, categorized by location: the left col-
umn corresponds to the small shed, while the right column represents the commercial shed.
The dataset encompasses various growth phases: the initial stage (Figure 1a,b) shows
less clutter, the middle stage (Figure 1c,d) exhibits increased clustering around feeders,
and the final stage (Figure 1le,f) captures fully grown chickens in a crowded environment.

szs—gdza n); 122;50

Haodd.!
%

amera 01 J

Figure 1. Sample images of the dataset, depicting different chicken growth stages in the small shed
(left column) and commercial shed (right column). The first row (a,b), captures the early growth
stage. The middle row, (c,d) illustrates mid-stage clustering. The bottom row, (e,f) shows the fully
grown stage with increased crowding and lighting variations.

To replicate real farm conditions, image collection included both natural and artificial
lighting, as well as shadowed areas, capturing the daily behavioral variations of chickens.
This diversity ensures the Al model’s robustness in handling varying environmental factors.

All images were manually annotated using the labellmgtool [47], which is widely
used in computer vision for precise dataset labeling. Each chicken was marked with a
bounding box to ensure accurate detection, even under occlusion and varying viewing
angles. To enhance labeling consistency, each annotation was reviewed by at least two
individuals based on predefined criteria, ensuring only visible chickens were marked with
precise boundaries [48].
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For model training, the dataset was split into two subsets: 70% for training and 30% for
testing and validation. This allocation ensures that the model learns from diverse scenarios
while being evaluated on unseen data to assess its generalization ability. Additionally,
data augmentation techniques such as rotation, scaling, cropping, and brightness/contrast
adjustments were applied to improve model robustness to environmental variations.

The accuracy of the YOLOv10 model relies heavily on the quality of the dataset. This
carefully curated dataset enhances detection and counting precision while maintaining
adaptability for real-world deployment. Furthermore, the dataset is expandable for future
research, enabling applications in other livestock monitoring scenarios.

3.1.4. Structure of the Poultry Sheds

The study was conducted in two different poultry shed environments: a small shed
housing 100 chickens and a commercial-sized shed. In the commercial shed, data collection
was limited to a designated quarter of the facility, as illustrated in Figure 2a,b. To contextu-
alize the study area, Figure 2b presents a Google Earth image of the shed, where the red
square marks the specific region used for image acquisition. The commercial shed features
a robust metal-frame structure, equipped with ventilation systems and optimized lighting
conditions to ensure effective monitoring of a large poultry population.

(a) Commercial poultry shed.

(b) Section of the shed used for data capture.

Figure 2. Schematic views of the commercial poultry shed used during data collection and
model testing.
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Conversely, the small shed (Figure 3a,b) housed a smaller flock of 100 chickens and
was designed for small-scale operations. This environment featured a compact layout with
a simplified ventilation and lighting system, making it suitable for detailed behavioral
observations. The shed’s smaller dimensions facilitated close monitoring of individual
chickens but also posed certain spatial limitations.

i
i
Iy 0
L1

U

(a) Small poultry shed. The red area indicates the
designated growing space.

é
H

(b) Lateral view of the small poultry shed.

Figure 3. Schematic views of the small poultry shed used during data capture and model testing.

These two environments (Figures 2 and 3) provided diverse datasets, which were
essential for the training of the YOLOvV10 detection model to function effectively under
different poultry farm conditions.

Figure 4 presents images from the interior of the commercial shed. In Figure 4a, red
squares indicate the positions of the installed cameras used for data collection. Figure 4b
provides an overview of the camera arrangement on the ceiling, while Figure 4c offers a
close-up view of a single camera setup.
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(a) The interior of the commercial shed, with red squares indicating camera positions.

(b) Camera arrangement on (c) Camera configuration for

the shed ceiling. image acquisition.
Figure 4. Interior of the commercial shed used for data capture.

3.2. Project Architecture
3.2.1. General Description

The system architecture follows the edge computing paradigm, ensuring all data
processing occurs locally, on-site at the poultry farm. This eliminates reliance on external
servers, which is a crucial feature for rural environments where Internet connectivity is
often limited or unstable. The system is designed to operate autonomously and efficiently,
with the Orange Pi 5B serving as the central processing unit. Equipped with a 6-TOPS
(Tera operations per second) neural processing unit (NPU), this device enables low-latency,
real-time inference, ensuring continuous and accurate monitoring of poultry activity and
population counts.

The hardware infrastructure includes high-resolution surveillance cameras mounted
on the shed ceilings, covering the entire breeding area. These cameras, capable of capturing
images at a 1920 x 1080 pixel resolution, are connected to a Network Video Recorder
(NVR), which centralizes and manages video streams. The Orange Pi 5B, linked to the
NVR, processes these images using the YOLOvV10 object detection model. The model,
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pre-optimized on a GPU workstation, is adapted for efficient execution on the device’s
NPU, enabling fast on-site analysis.

The YOLOv10 model identifies and counts birds in real time, distinguishing between
active and resting chickens. This capability is critical for flock health and welfare monitor-
ing, enabling early detection of potential stress indicators, anomalies, or disease outbreaks.
By performing on-device processing, the system provides instant responses, minimizes
cloud dependency, enhances data privacy, and reduces bandwidth usage.

In addition to its hardware components, the architecture includes a Web-based user
interface accessible from any device within the farm’s local network. This interface provides
real-time visualizations of detected chickens, their activity status, and historical data
analytics. The system also incorporates time-series analysis, allowing for the early detection
of behavioral anomalies that may indicate potential health issues within the flock.

By integrating optimized hardware and software, this scalable and cost-effective
solution enables efficient adaptation to varying farm conditions. The system maximizes
productivity, reduces operational costs, and ensures autonomous monitoring through an
edge computing approach tailored for real-world poultry farming challenges.

3.2.2. System Proposal

The proposed system integrates optimized hardware and software to enable real-time
monitoring and counting of chicken activity. Built on an edge computing architecture,
the solution deploys an artificial intelligence model on the Orange Pi 5B, ensuring au-
tonomous on-site processing. Each system component is detailed below.

e  Hardware Configuration
The core hardware consists of the Orange Pi 5B, powered by the Rockchip RK35885
octa-core processor and a 6-TOPS neural processing unit (NPU). This configuration
enables efficient Al inference while maintaining low power consumption. The on-
device processing capability of the NPU eliminates reliance on external servers, mak-
ing it ideal for environments with limited connectivity or where data privacy is a
key concern.
The system also incorporates high-resolution surveillance cameras mounted on the
poultry shed ceilings to capture flock images at a 1920 x 1080 pixel resolution. These
cameras are connected directly to the Orange Pi 5B via dedicated input ports, ensuring
continuous real-time data acquisition across the entire breeding area.

*  Software Configuration
The software framework is built around YOLOvV10, an advanced object detection
model that balances speed and precision for real-time monitoring tasks. Initially
trained on a GPU workstation, the model is subsequently optimized and deployed on
the Orange Pi 5B for efficient on-site inference.
YOLOV10 is configured in its small variant, which optimizes computational efficiency
while maintaining high detection accuracy. This variant is specifically suited for
resource-constrained edge devices, such as the Orange Pi, which requires rapid and
continuous inferences to effectively monitor poultry activity in real time.

3.2.3. Model Training

The YOLOv10 model was trained using a dataset of 1300 images captured from the
farm, each pre-labeled with bounding boxes to identify individual chickens. To optimize
model performance, several key hyperparameters were employed, as summarized in
Table 2.

e Epochs: The model was trained for 100 epochs, a value determined through prelimi-
nary experiments to ensure convergence without overfitting.
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*  Batch Size: A batch size of 16 images per iteration was chosen to balance GPU memory
utilization and maintain stable training.

* Learning Rate: The initial learning rate was set to 0.001, with a gradual decay sched-
uler to refine model weights and enhance convergence.

¢  Optimizer: AdamW was selected for its efficiency in computer vision tasks and its
ability to handle large datasets with precise, adaptive weight updates.

¢ Data Augmentation: To improve the model’s generalization capability, various data
augmentation techniques were applied, including rotation, scaling, cropping, bright-
ness, and contrast adjustments. These augmentations simulate diverse lighting and
occlusion conditions, ensuring robustness in real-world environments.

Table 2. Training hyperparameters for the YOLOv10 model.

Hyperparameter Value
Epochs 100
Batch Size 16
Learning Rate 0.001
Optimizer AdamW

Rotation, scaling, cropping, brightness,
and contrast adjustments
Summary of the hyperparameters used for YOLOv10 model training.

Data Augmentation

3.2.4. Deployment on the Orange Pi 5B

After training, the YOLOv10 model was deployed on the Orange Pi 5B, where the
neural processing unit (NPU) was configured for real-time inference. To ensure compat-
ibility, the model was first converted to the ONNX format. This conversion addresses
the operational compatibility between the original YOLOv10 and the Rockchip NPU in-
tegrated on the Orange Pi 5B board. The modifications include replacing operations that
were not recognized by the compiler and transforming the single output into three sepa-
rate outputs. After conversion, the ONNX model was optimized using the rknn-toolkit
(https:/ /github.com/airockchip /rknn-toolkit2/, accessed on 30 October 2024) to generate
the RKNN format, which is specifically designed for the RK3588S processor’s NPU archi-
tecture. The aim of this optimization is to decrease model weight, increase inference speed,
and refine convolutional layers and activation functions for optimal inference efficiency.
The official model documentation provides support for these procedures [49-53]. Figure 5
illustrates this conversion process.
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Figure 5. Diagram of the model conversion process.

Leveraging the Orange Pi 5B’s efficient on-device processing, the system can handle
multiple images per second and provide real-time responses to variations in flock activity.
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This setup enables the detection of movement and inactivity patterns, allowing operators
to receive alerts for abnormal behaviors and intervene promptly when necessary.

3.2.5. System Microservices

The system architecture is divided into four key microservices, each handling a spe-
cific function:

1. Image Processing and Inference Microservice: This microservice receives images
from the surveillance cameras, applies preprocessing steps (e.g., color normalization
and resizing), and executes YOLOV10 inference (https://docs.ultralytics.com/es/
models/yolov10/, accessed on 5 October 2024) for chicken counting and motion
detection. The processed data are then filtered and consolidated before being passed
to the backend.

2. Backend Microservice for Data Management: Acting as an intermediary between the
inference microservice and the database, this component receives and processes detec-
tion results, forwarding them to a MongoDB database (https://www.mongodb.com/
es, accessed on 17 August 2024). Additionally, it manages business logic, including
real-time alert generation and notifications for the Grafana dashboard.

3. Grafana Microservice for Data Visualization: Responsible for managing the Grafana
instance (https://grafana.com/, accessed on 21 June 2024), this microservice extracts
stored data from MongoDB and visualizes real-time metrics as interactive graphs
and dashboards. Users can monitor chicken activity and receive visual alerts for
unusual behaviors.

4. Database Microservice (MongoDB): MongoDB serves as the primary data storage
system, chosen for its scalability and flexibility in handling unstructured data. It
ensures the persistence of historical records, facilitates fast queries, and supports
efficient trend analysis over time.

3.2.6. Docker for Container Management

To ensure portability and replicability, all microservices are encapsulated within
Docker containers (https://www.docker.com/, accessed on 13 June 2024). Docker simpli-
fies deployment across different environments by maintaining consistent dependencies and
configurations. This modular approach is particularly beneficial for resource-constrained
agricultural settings, allowing the entire system to run on a single Orange Pi 5B unit while
ensuring scalability.

3.2.7. Data Visualization in Grafana

The Grafana interface provides real-time visual monitoring of key poultry parameters,
including the following:

e Number of chickens detected;
e  Motion status (active vs. inactive birds);
¢  Average movement speed.

The dashboard also features line and bar charts displaying behavioral trends over
time, helping farmers identify potential health issues. Automated alerts notify operators
of abnormal inactivity levels or sudden changes in movement patterns, enabling quick
intervention when necessary.

3.2.8. Access to Historical Data and Automated Reports

Grafana, integrated with MongoDB, allows for quick access to historical data, support-
ing long-term behavioral analysis. Users can generate automated reports at configurable
intervals (daily, weekly, or monthly) and export them in formats such as CSV or PDE.
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This feature facilitates external data analysis and integration with other farm management
systems, providing a comprehensive monitoring solution.

3.2.9. User Interface

The system features a user interface accessible via the local network, enabling opera-
tors to monitor real-time poultry activity, including chicken count and movement status,
as well as access historical data. Designed with an intuitive dashboard, the interface in-
corporates charts and visual alerts to facilitate quick and informed decision making for
flock management.

As illustrated in Figure 6, the system architecture consists of three main components:

* Image Capture System: Surveillance cameras continuously capture poultry activity.

*  Processing Unit (Orange Pi 5B): The YOLOv10 model performs real-time object
detection and data analysis.

e  Dashboard for Visualization: Displays real-time insights using Grafana.

The interface is implemented using Grafana, providing real-time visualization and
historical analysis. Operators can access the dashboard from any device on the local
network, enabling centralized monitoring of chicken population dynamics and behavioral
trends on the farm.

The system infrastructure follows a microservices architecture, with all services encap-
sulated in Docker containers to enhance scalability, portability, and dependency manage-
ment. This design ensures the system remains modular and easy to manage, allowing for
flexible deployment across different farm setups.

The integration of Grafana and MongoDB delivers a comprehensive, user-friendly
experience, supporting both real-time monitoring and historical analysis of poultry activity,
providing valuable insights for farm management.

[ Image capture

[ Orange Pi 5B J
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Figure 6. System architecture: Image capture, processing via Orange Pi 5B, and data visualization on
the dashboard.

4. Results

4.1. Workflows
Testing Process

The system’s testing process was designed to verify the functionality and accuracy of
the Al model, as well as the integration and communication between the various microser-
vices that comprise the system’s architecture. This process included a series of steps for
model inference and evaluation, as well as the testing of each microservice under simulated
production conditions. Below are the key steps and components:

1.  Preprocessing, Inference, and Postprocessing Microservice:
This microservice performs three integrated functions:

*  Preprocessing: Upon receiving an image captured by the cameras, the microser-
vice conducts initial preprocessing, including color normalization, resizing,
and formatting of the image to ensure that the input data for the YOLOv10
model are consistent and optimized.
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¢ Inference: The preprocessed image is sent to the YOLOv10 model, which per-
forms real-time object detection, identifying and counting chickens in the cap-
ture area.

*  Postprocessing: Once the inference results are obtained, the microservice applies
postprocessing to consolidate the information, removing redundant detections
and adjusting the bounding-box coordinates. Additionally, extra metrics are
calculated, such as movement status (active or inactive chickens) and average
movement speed.

This microservice ensures that the data are fully prepared before being sent to the
backend for storage and visualization.

2. Backend Microservice (API):
The back end functions as an API service responsible for receiving the postprocessed
data from the image processing microservice and sending them to the MongoDB
database. This service acts as an intermediary, connecting the image processing
microservice with the storage system, ensuring smooth and real-time data commu-
nication. The backend also manages the business logic necessary to store the data
correctly, making it accessible later for visualization in Grafana.

3. Database Microservice (MongoDB):
MongoDB stores all the postprocessed data it receives from the backend. This database
not only saves real-time information but also facilitates access to historical data.
The data structure in MongoDB is designed to support fast and efficient queries, allow-
ing for optimal integration with Grafana, which is used for visual data representation.

4.  Visualization Microservice (Grafana):
Grafana is responsible for displaying the results stored in MongoDB, providing a
complete visual interface for the user. Through interactive dashboards and charts,
Grafana enables farm operators to monitor real-time chicken counts, movement status,
and other relevant metrics. It also offers the ability to generate visual alerts when
values exceed certain thresholds and allows for access to historical data for analysis of
flock activity patterns.

4.2. Performance Metrics

The performance of the proposed model is evaluated using multiple metrics to demon-
strate its robustness and efficiency under various conditions.

4.2.1. F1-Confidence Curve

The analysis of the F1-confidence curve demonstrated an optimal model performance
with an average F1 score of 0.90 at a confidence threshold of 0.328. This result highlights
the model’s ability to maintain a proper balance between precision and recall in real-time
inferences (Figure 7a).

4.2.2. Precision—-Confidence Curve

The model’s performance in terms of precision reached a maximum value of 1.00 at a
confidence threshold of 0.937, indicating the system’s ability to correctly identify detected
objects without compromising prediction quality (Figure 7b).

4.2.3. Precision-Recall Curve

The analysis of the precision-recall curve reflects an average precision of 0.928 at a 50%
threshold, validating the model’s robustness in handling data with variability in capture
conditions (Figure 7c).
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4.2.4. Recall-Confidence Curve

The recall-confidence curve showed an average recall of 0.92, with an optimal thresh-
old at 0. This result indicates the system’s ability to minimize false negatives, detecting
most of the objects of interest present in the images (Figure 7d).
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Figure 7. Visual representation of the performance metrics of the proposed model: (a) F1-confidence
curve, showing an average F1 score of 0.90 at a confidence threshold of 0.328; (b) precision—confidence
curve, achieving a maximum precision of 1.00 at a confidence threshold of 0.937; (c) precision-recall
curve, indicating an average precision of 0.928 at a 50% threshold; (d) recall-confidence curve, with an
average recall of 0.92 and an optimal threshold of 0.

4.2.5. Real-Time Detection Visualization

In addition to numerical metrics, Figure 8 demonstrates the model’s real-time detection
capability in a complex barn environment. Bounding boxes represent identified poultry
with associated confidence scores, illustrating the model’s practical implementation and its
ability to handle variable conditions such as changes in lighting and occlusion.

The YOLOv10 model demonstrated a precision of 93.1% and recall of 93.0% under real-
time farm conditions, with an average inference time below 200 milliseconds. Additionally,
during a test run of 5 min, the system processed 2359 images. This translates to the
following metrics:

*  Average Inference Time per Image: 0.0491 s.
¢ Inference Speed: 20.35 FPS (Frames Per Second).
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These results confirm the efficiency of the YOLOv10 model in real-time poultry detec-
tion and counting tasks, meeting the demands of low-latency, high-accuracy requirements

in agricultural environments.

Figure 8. Example of poultry detection using the YOLOv10 model in real time. Bounding boxes
and associated confidence scores highlight the model’s successful identification and monitoring of
individual poultry in a complex farm environment.

4.2.6. Real-World Testing

Real-world tests were conducted for one hour with a camera installed in a commercial
poultry barn. During this period, the system detected 1548 chickens, corresponding to
the birds that entered the camera’s field of view. These results demonstrate the system’s
effectiveness in an operational environment, under real-world lighting and movement
conditions. The YOLOvV10 detection model’s ability to accurately identify and count the
birds remained high, showcasing the system’s robustness under changing conditions.

The tests validated the model’s accuracy for automatic bird counting, a key feature of
the system that enables efficient and precise management of poultry populations in real
time, minimizing the need for manual intervention. The system is designed to operate
within a closed, isolated network, disconnected from the Internet due to the geographical
constraints of the available poultry shed. This isolation provides a fundamental level of
security by restricting access to only those devices that are physically connected to the
network. For deployment in varied locations, a careful evaluation is crucial to imple-
ment security and data access strategies that achieve a balance among usability, efficiency,
and safeguarding against unauthorized access.

Figure 9 presents the results panel and the hardware setup used during testing.
Figure 9a displays the captured image with labeled chickens alongside the Orange Pi’s
operational status at the time of execution. Figure 9¢ provides an overview of the complete
system, while Figure 9b offers a detailed view of the hardware components. An architec-
tural overview of the constructed system is depicted in Figure 9d, showcasing the input
image source, storage device, and processing node powered by an Orange Pi board running
the adapted YOLOv10 model.
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Figure 9. The experimental setup employed for real-world testing. This setup runs on a non-Internet-
connected network.

5. Discussion

The findings of this study emphasize the significant potential of integrating advanced
Al models like YOLOv10 with edge computing for poultry monitoring. The evaluation
of our system highlights its high precision and recall, demonstrating its applicability for
real-world farm environments. However, a thorough discussion of its relevance, as well as
comparisons with existing approaches, limitations, and future implications, is necessary.
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5.1. Relevance of the Results

The ACMSPT system achieved a precision of 93.1% and recall of 93.0% for poul-
try detection and tracking, positioning it as a highly reliable tool for automated poultry
monitoring. Similar Al-driven systems have been reported in the literature. For instance,
Liu et al. (2021) developed a YOLOv4-based dead chicken detection system with a precision
of 95.24% [10], while in 2024, Sun et al. [27] applied YOLOVS5 for classified poultry counting,
with an accuracy of 89.9% [27]. Our results align with these studies, confirming the system’s
ability to address key challenges such as occlusions and variable lighting conditions.

The integration of edge computing plays a crucial role in real-time monitoring applica-
tions. Unlike traditional cloud-based architectures, which often introduce network latency,
edge Al solutions can process data locally, reducing dependency on high-bandwidth net-
works [17]. This approach enhances the efficiency of automated livestock monitoring,
making it a viable solution for farms in resource-limited settings [35].

5.2. Comparison with Previous Studies

Existing poultry monitoring solutions primarily rely on cloud-based architectures,
which can introduce latency and require robust network infrastructure. Ren et al. (2020)
emphasized the need for real-time processing in poultry automation, stating that cloud-
based methods often face delays [20]. Our approach significantly improves upon these
issues by achieving an inference time of less than 200 milliseconds, outperforming cloud-
based alternatives which range between 500 and 1000 milliseconds [29].

Furthermore, alternative deep learning models, such as Faster R-CNN and SSD, have
been used for poultry monitoring, but their computational demands are significantly
higher [28]. In contrast, YOLO-based models, particularly YOLOvV10, provide a balance
between speed and accuracy, making them more practical for real-time edge computing
applications, as shown in Table 3 where several architectures are compared with the results
obtained by the ACMSPT approach.

Table 3. Comparison of poultry monitoring approaches.

Method Latency (ms) Accuracy (%) Computational Demand Deployment
Cloud-based Systems [29] 500-1000 90.5 High Cloud-dependent
Faster R-CNN [28] 250-800 91.0 Very High Edge/Cloud
SSD [28] 300-700 88.5 High Edge/Cloud
YOLOvV4 [10] 50-250 95.2 Moderate Edge
YOLOVS5 [27] 40-200 89.9 Moderate Edge
YOLOv10 (ACMSPT) <200 93.1 Optimized Edge

5.3. Implications for Poultry Welfare and Productivity

Automated monitoring systems have been recognized for their potential to enhance
poultry welfare. Al-based behavioral analysis tools can identify anomalies in movement
patterns, which may indicate health concerns. Mohialdin et al. (2023) demonstrated that
real-time tracking and analysis of chicken behavior contribute to early disease detection
and improved flock management [54]. Furthermore, Al-driven environmental control has
been shown to optimize conditions such as temperature, ventilation, and humidity, thereby
reducing stress and improving growth rates [55].

Additionally, studies have explored the impact of stocking density on poultry health.
Kim et al. (2025) [16] reported that increasing the available space per bird positively
influenced weight gain and gut microbiome health, highlighting the importance of precision
monitoring to optimize space utilization [16]. Our system’s ability to provide real-time
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tracking supports precision agriculture strategies that enhance poultry welfare while
maintaining operational efficiency.

5.4. Limitations and Future Research

While the ACMSPT system has demonstrated promising results, several limitations
should be addressed. The dataset used for model training was limited to a specific farm
environment. To improve generalizability, future research should expand the dataset to
include different lighting conditions, poultry breeds, and environmental settings.

Another limitation concerns hardware scalability. Although the Orange Pi 5B provides
a cost-effective edge computing platform, larger-scale farms may require more powerful
hardware solutions, such as NVIDIA Jetson or FPGA-based implementations [17]. Future
research should explore the trade-offs between computational efficiency and scalability to
optimize system performance for large-scale applications.

Furthermore, while the current system focuses on tracking and counting, integrating
predictive analytics for disease detection would enhance its functionality. Recent studies
on gut microbiome analysis suggest that microbiome composition can serve as an early
indicator of poultry health [8]. Incorporating such data sources could improve early
intervention strategies and reduce disease-related losses in poultry farming.

5.5. Section Conclusion

This study contributes to Al-driven livestock management by demonstrating the
feasibility of a low-latency, edge Al-based poultry monitoring system. By leveraging
YOLOvV10 and edge computing, ACMSPT achieves real-time poultry tracking with high
precision and recall, outperforming conventional monitoring approaches. The system’s
advantages in speed, scalability, and operational autonomy make it a viable solution for
modern poultry farming.

Future work should focus on expanding dataset diversity, integrating predictive analyt-
ics for disease detection, and optimizing hardware for large-scale deployment. With contin-
ued advancements in Al and IoT, automated livestock monitoring systems hold significant
potential to revolutionize the agricultural industry.

6. Conclusions

The proposed and implemented automated monitoring system based on artificial
intelligence and edge computing has proven to be an effective and efficient tool for
managing chicken populations on poultry farms. Its main benefits include the ability
to perform accurate real-time counts, identify movement patterns, and issue alerts for
abnormal behaviors, enabling timely interventions. Additionally, the system reduces re-
liance on human resources and operational costs while enhancing animal welfare through
constant monitoring.

In the future, the system could benefit from the integration of additional sensors to
evaluate environmental parameters such as temperature and humidity, providing a more
comprehensive view of farm conditions. Moreover, the implementation of more advanced
Al models could improve the system’s accuracy in complex environments. Exploring ways
to miniaturize the hardware could also make the technology more accessible for small farms,
while integrating predictive capabilities could help anticipate health or behavioral issues.

This work contributes to the advancement of technologies applied to the agribusiness
sector, offering an innovative and scalable solution for automated animal monitoring on
farms. By combining artificial intelligence, edge computing, and IoT, the system not only
enhances operational efficiency but also establishes a sustainable and replicable model
for other applications in precision agriculture. Furthermore, it promotes a transition
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toward more modern and responsible practices in the agricultural industry, improving
sustainability and animal welfare.
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