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Poultry Detection on Hooks in Meat Processing Plant
Production Lines
Detecção de Aves em Ganchos em Linhas de Produção de Plantas de Processamento de
Carne

Leonardo dos Santos Valejo1, Marlon Marcon1, André Roberto Ortoncelli1*

Abstract: This study focuses on automating chicken production monitoring in a meatpacking plant, applying
YOLO to detect birds on hooks on production lines. We detect two objects in authentic images: a chicken (birds
hanging on the hook) and a hook (the metal support structure). By counting these objects in videos, we can
monitor daily production and identify faults on the production line. We annotated 400 images for the experiment
and used 320 to train seven YOLO versions, including lightweight variants (nano, tiny, and small) optimized for
low-end devices. In testing, YOLOv9-tiny achieved 0.9967 precision but had lower recall than other experimental
instances. YOLOv11-nano achieved an F1-score of 0.9924 and a mAP@50 of 0.9947, standing out in detection
quality. Despite minor differences, the results were close for the YOLO versions analyzed, demonstrating a
considerable ability to predict the analyzed objects.
Keywords: poultry detection — object detection — deep learning — YOLO

Resumo: Este estudo se concentra na automação do monitoramento da produção de frango em um frigorı́fico,
aplicando o YOLO para detectar aves em ganchos em linhas de produção. Detectamos duas classes de objetos
em imagens autênticas: frango (aves penduradas no gancho) e gancho (a estrutura metálica de suporte).
Ao contar esses objetos em vı́deos, podemos monitorar a produção diária e identificar falhas na linha de
produção. Anotamos 400 imagens para o experimento e usamos 320 delas para treinar sete versões do YOLO,
incluindo variantes leves (nano, tiny e small) otimizadas para dispositivos de baixo processamento. Nos testes,
o YOLOv9-tiny atingiu 0.9967 de precisão, porém obteve um recall inferior a outras instancias experimentais.
Já o YOLOv11-nano alcançou um F1-score de 0.9924 e um mAP@50 de 0.9947, se destancado em termos
de qualidade da detecção. Apesar de pequenas diferenças, os resultados foram próximos para as versões do
YOLO analisadas, demonstrando uma capacidade considerável de prever os objetos analisados.
Palavras-Chave: detecção de aves — detecção de objetos — aprendizado profundo — YOLO
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1. Introduction
The chicken processing industry is one of the most advanced
in mechanical automation, handling large production volumes
under strict health and quality standards. However, many
activities, such as counting contamination and fractures, are
still commonly performed with visual inspection, making the
process susceptible to errors [1].

Computer vision methods based on deep learning have
been successfully applied in various stages of the chicken
production process on farms and meat processing plant pro-
duction lines. Despite the volume of applications developed,
there is room for improvement and new solutions related to
the meatpacking plants’ production cycle [2, 3, 4, 5, 6].

This study presents preliminary results from a project
aimed at automating chicken production monitoring in a unit
that slaughters approximately 12 thousand poultry hour. This
project aims to demonstrate that modern object detection meth-
ods based on deep learning can accurately detect two classes
of objects: chicken and hook. The ”chicken” label refers to
the housed and plucked animal hanging from a hook. The
”hook” class refers to the metal structure that carries the chick-
ens. Counting these two classes in videos will allow us to
measure the number of chickens processed daily and iden-
tify production slots without chickens (hooks with a chicken
directly below), as shown in Figure 1.

Detecting poultry in meat processing plants production
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Figure 1. Examples of annotated images from the dataset
showing chickens and hooks on the production line

lines is important because: i) it is a preliminary step for other
Artificial Intelligence applications to improve tasks and au-
tomate manual tasks; ii) it allows the generation of accurate
reports counting the number of chickens that passed through
each stage of the production line; and iii) it allows for the
rapid identification of problems on the production line, is-
suing alerts quickly. Regarding alerts, chickens can fall to
the ground at different points due to the high speed of the
slaughter line. According to the law, if they fall to the ground,
the chicken becomes unfit for human consumption and must
be discarded or used for animal feed production, generating
waste and reduced revenue.

In our experiment, we recorded a video of chickens hang-
ing from overhead hooks. We manually annotated the objects
of interest in 400 selected frames, each containing different
instances of chickens. We used 320 frames to train models
based on the You Only Look Once (YOLO) architecture, one
of the most popular families for object detection in images
and videos [7].

We trained seven versions of YOLO (v5-Nano, v8-Nano,
v9-Tiny, v10-Nano, v11-Nano, v12-Nano, and v12-Small).
Since we aim to deploy the developed solution on edge de-
vices in the future, we chose the nano, tiny, and small variants
designed explicitly for hardware with limited computing re-
sources, such as cell phones, drones, and embedded systems
[8]. We obtained an average mean average precision (mAP)
of 0.9942 for each YOLO version analyzed, considering an
Intersection of Union (IoU) of 0.5. The best result in terms
of mAP@50 was 0.9948, obtained with YOLOv11-nano. Re-
garding precision and F1-score, the best results were 0.9967
(99,67%) and 0.9924 with the YOLOv9-tiny and YOLOv1-
nano versions of YOLO, respectively. Despite these minor
differences, the results across the evaluated YOLO versions
were consistently close, demonstrating a robust ability to de-
tect the analyzed objects. This indicates that even lightweight
YOLO models are suitable for accurate and efficient deploy-
ment in real-world scenarios involving resource-constrained
devices.

The remainder of this work is organized as follows. Theo-

retical aspects for understanding the project and related works
are in Section 2.3. The experimental methodology is in Sec-
tion 3. The results obtained are in Section 4. Finally, conclu-
sions and proposals for future work are in Section 5.

2. Related Works and Foundations
2.1 Poultry production line
This Subsection aims to present a roadmap of the entire pro-
cess that poultry follows in the meat processing plant produc-
tion lines (considering the partner company of this project),
aiming to contextualize the moment of application of the de-
tection methods presented in this work and highlighting their
importance in different stages of the process.

The chicken arrives at the slaughterhouse alive, is man-
ually hung upside down on the overhead conveyor, and is
then stunned by passing through a blue-lit environment and
an electrically charged water bath with controlled current. An
automatic machine then cuts the neck, and if the cut is not
sufficient, a worker completes the bleeding manually. The
bird remains in the bleeding area for about 90–120 seconds.

Each chicken then goes through the following steps: i)
scalding, where it is immersed in hot water to loosen the feath-
ers; ii) mechanical defeathering, performed by automated
machines with rotating rubber fingers; iii) feces removal, by
suction machines; iv) cloaca extraction, performed by a dedi-
cated machine (if the removal is not well executed, bile and
feed can contaminate the carcass); v) abdominal opening;
vi) washing of the carcass and evisceration, where machines
remove the viscera (heart, liver, etc.); vii) inspection by the
Federal Inspection Service (SIF) of viscera and carcasses; viii)
removal of lungs, crop, and trachea by automatic equipment;
ix) inspection at critical control points (PCC); x) rewashing of
the carcass; xi) automatic unhooking from the hook; xii) pre-
chilling, where the carcass is immersed in large tanks of cold,
chlorinated water for about one hour; xiii) rehanging, where
workers manually place carcasses back on the line to drain;
xiv) finally, the chicken is sent to the cutting room, where it is
portioned and directed to different processing lines.

We trained the chicken detector proposed in this work with
images collected immediately after the removal of the crop
and trachea. Nevertheless, we intend to extend the approach
to monitor all processing stages.

2.2 Object detection
Over the past two decades, object detection has established
itself as one of the main challenges in computer vision, receiv-
ing significant attention in the field. The development of this
technique has advanced considerably, primarily driven by the
use of Deep Learning-based methods [9]. Generally, advances
have focused on two main approaches: i) two-stage detectors,
such as the R-CNN family [10] and its variations [11]; and
ii) single-stage detectors, exemplified by YOLO [12] and its
more recent versions [13].

Two-stage algorithms generally divide the detection task
into two distinct stages: proposition and classification. Single-
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stage algorithms, on the other hand, perform object detection
and classification in a single pass through the image. Each
strategy has strengths and limitations: single-step methods
tend to be faster but more difficult to handle small or partially
occluded objects. On the other hand, two-step methods tend
to achieve higher accuracy, although they require more pro-
cessing time due to the intermediate region-proposition step
[14].

Researchers have successfully applied YOLO variations in
the literature, achieving high accuracy rates in detecting differ-
ent objects in images. These applications include bird/chicken
detection [15, 16] and the recognition of other animals, such
as bees [17] and cats [18]. They have also explored YOLO
in other domains, including plant detection [19], defect iden-
tification in production lines [20], and medical applications
[21].

The YOLO framework, developed by Joseph Redmon,
revolutionized real-time object detection by introducing a
grid-based approach to predict bounding boxes and class prob-
abilities simultaneously [12]. Since its inception, the YOLO
architecture has continuously evolved, with each version, from
YOLOv1 to the most recent, introducing accuracy, speed, and
efficiency improvements. Significant advancements include
introducing anchor boxes, which improve the model’s ability
to detect objects of varying shapes and sizes, and new loss
functions to optimize performance. Additionally, each YOLO
iteration features optimized backbones that contribute to faster
processing times and better detection capabilities [7].

In this work we explore six YOLO versions: i) YOLOv5
[22]; ii) YOLOv8 [23]; ii) YOLOv9 [24]; iv) YOLOv10 [25];
v) YOLOv11 [26]; e vi) YOLOv12 [27].

In addition to the versions, YOLO also has architectural
variations within the same version, adjusted to balance per-
formance and computational cost, such as the tiny, small,
and nano versions. The nano versions are aimed at extremely
hardware-constrained devices, with top priority given to speed
and low memory consumption. The tiny versions are designed
to be lightweight compared to the whole model, maintaining
a reasonable balance between speed and accuracy. The small
versions are intermediate between the tiny and the standard
model, offering more layers and parameters than the tiny ones,
with gains in accuracy, while maintaining a reduced compu-
tational cost. These variations make YOLO a flexible family
of models that are adaptable to mobile and embedded device
applications and systems with higher processing power [8].
We use nano, small, and tiny variations of the selected YOLO
versions.

2.3 Artificial Intelligence in the poultry industry
In recent years, the poultry industry has made significant
progress with adopting automation, driven by various tech-
nological innovations such as monitoring tools, IoT devices,
and smart sensors. In this context, Artificial Intelligence (AI)
has become crucial in various sectors, including poultry pro-
duction. Machine Learning and Deep Learning technologies,

subfields of AI, have shown promise in addressing the sector’s
challenges, enabling data-driven agriculture and optimizing
various task management systems in the production chain.
Recent literature reviews highlight computer vision-based
methods used to support chicken farming [28, 29, 2].

In addition to AI methods applied to chicken farms, this
technique has also been applied to support meat processing
plant production lines. In this section, we present details
of some of these recent applications directly related to our
project.

On a production line, the process begins with electrical
stunning of the animal, which is performed before slaughter.
In [3], an algorithm is presented that recognizes three stun-
ning conditions: insufficient stunning, moderate stunning, and
excessive stunning. A model was developed based on Convo-
lutional Neural Networks (CNNs) to detect stunning broilers’
conditions. When applied to a boosted dataset containing
27,828 images of stunned chickens, the model’s identification
accuracy was 98.06%.

With the chicken already placed on hooks on the produc-
tion line, the work of [4] stands out, focusing on recogniz-
ing wing breakage and/or disarticulation. The authors used
color and morphology segmentation techniques to detect and
count the birds, achieving promising results (97.67% accu-
racy). Although the method is effective in controlled contexts,
its approach relies on manual adjustments. It is sensitive to
variations in lighting and positioning, which limits its scala-
bility in more complex industrial environments.

Also, for slaughtered chickens hanging on hooks, in [30],
a hyperspectral-multispectral line-scan imaging system was
developed to differentiate healthy and systemically diseased
chickens. Tests were conducted on chickens in a line moving
at a speed of 70 birds per minute. The calibration dataset
was used to develop the imaging system parameters for multi-
spectral inspection based on fuzzy logic detection algorithms
using selected key wavelengths. The classification achieved
97.6% accuracy for healthy birds and 96% for systemically
diseased birds.

In poultry slaughter, accurate positioning of viscera is crit-
ical to avoid damage. [5] presents an improved region-based
active contouring method with a level-set formulation. This
method, combined with several color space conversion and
top-low-hat transformation operations, accurately extracted
the viscera contour and removed noise. The results showed
that the recognition accuracy of the heart-liver and fat areas in
the viscera was 98.98% and 99.75%, respectively, while the
overall accuracy for poultry viscera was 98.96%.

It is worth highlighting that detecting chickens and/or parts
of chickens slaughtered on production lines is an important
step for the methods mentioned and for new methods that can
be developed, considering all the production stages described
in Subsection 2.1.
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3. Methodology
In a real meat processing plant production line, we recorded
a video of plucked chickens passing through hooks during
the production process. We recorded the production line with
a smartphone camera. From the video, we extracted 400
frames (ensuring distinct chickens in each image), which
were manually annotated into two classes (chicken and hook)
using the MakeSense.ai platform1.

We randomly selected 320 images (80%) for the training
set and allocated the remaining 80 images (20%) to the val-
idation set. As for the objects annotated in each image, in
the training set, there are 1381 instances of chicken and 604
of hook, while in the validation set, the chickens appear 325
times, and the hooks 295 times. We resized all images to 640
× 640 pixels and applied several data augmentation techniques
to the training set, including mirroring, brightness variations,
and scaling. We exported the annotations in YOLO format
with normalized coordinates.

We conducted experiments with seven different versions/
variations of YOLO: i) YOLOv5-Nano; ii) YOLOv8-Nano;
iii) YOLOv9-Tiny; iv) YOLOv10-Nano; v) YOLOv11-Nano;
vi) YOLOv12-Nano; and vii) YOLOv12-Small.

For both experiments, the following hyperparameters were
configured: the batch size was fixed at 5, while the other set-
tings remained at the Ultralytics YOLO framework’s default
values, including the Stochastic Gradient Descent (SGD) op-
timizer and the initial learning rate of 0.01. During training,
performance was monitored by evaluating validation metrics,
learning curves, and periodic weight saving.

We conducted the experiments on a Dell notebook equipped
with Intel® UHD Graphics (128 MB VRAM), 8 GB RAM,
and a 12th Gen Intel® Core™ i5-1235U processor.

Considering that Intersection over Union (IoU) is a metric
used to evaluate how well a box predicted by the detector
overlaps with the ground truth in object detection tasks, we
computed the following experimental metrics to evaluate the
experiments:

• mAP@50: Measures the average precision (AP), con-
sidering that a prediction is correct if the IoU is greater
than or equal to 0.50.

• mAP@50-95: Measures the AP at 10 different IoU
thresholds (0.50, 0.55, 0.60, ..., up to 0.95). This metric
is more difficult to achieve high values, but it better
reflects the model’s overall quality in terms of accurate
object localization.

• Precision: Measures the proportion of correct detec-
tions relative to the total number of detections made
by the model. High precision indicates that the model
makes few false positives.

• Recall: Measures the proportion of correctly detected
objects relative to the total number of objects present in

1https://www.makesense.ai/

the images. High recall indicates that the model misses
few true objects (false negatives).

• F1-score: The harmonic mean between precision and
recall, providing a balanced metric that considers both
false positives and false negatives.

• FPS: Indicates the number of frames the model could
process per second during the tests performed. FPS was
computed when the trained model was applied to object
detection in the validation set, on the same computer
used for training.

4. Results
Table 1 presents the experimental metrics computed for each
trained version of YOLO applied to the validation set. Figure
2 presents a confusion matrix of the results obtained with the
trained model that had the best accuracy. Figure 3 presents an
example of object detection, also for the best model, consider-
ing the same images presented in Figure 1.

Figure 2. Confusion matrix of the best trained model

In the experiments, six versions of YOLO achieved an
F1-score higher than 0.96, with the best F1-score (0.9924)
obtained with YOLOv11-nano. In terms of mAP@50, all
the models presented results above 0.99, with the best re-
sults (0.9948) also obtained with YOLOv11-nano. In this
context, YOLOv11-nano stands out for its best detection re-
sults. Although YOLOv9-tiny has 0.9967 of precision, it has
considerably lower recall, which may preclude its use.

Although it excelled in detection quality in the experiment,
YOLOv9-tiny performed considerably worse in FPS, being
approximately 40% slower than YOLOv11-nano. Considering
both FPS, YOLOv11-nano may represent a more balanced
choice.

To visually analyze the relationship between FPS and
the F1-score and mAP@50 values obtained for each model,
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Model Precision Recall F1-score mAP@50 mAP@50-95 FPS
YOLOv5-nano 0.9933 0.9886 0.9909 0.9948 0.7849 11.98
YOLOv8-nano 0.9900 0.9905 0.9902 0.9948 0.7826 11.87
YOLOv9-tiny 0.9967 0.9791 0.9879 0.9946 0.7270 7.07
YOLOv10-nano 0.9637 0.9607 0.9622 0.9906 0.7890 10.55
YOLOv11-nano 0.9915 0.9934 0.9924 0.9948 0.7820 11.73
YOLOv12-nano 0.9892 0.9915 0.9903 0.9948 0.7771 9.32
YOLOv12-small 0.9890 0.9943 0.9916 0.9948 0.7855 5.14

Table 1. Experimental results obtained with the different versions of YOLO used

we created two graphs in Figures 4 and 5. In Figure 4, the
x and y-axes represent the mAP@50 x FPS rates for each
trained model. Figure 5 is similar, but presents the F1-score
obtained instead of the mAP@50. We believe that, despite
the good results obtained in terms of detection quality, in
future work we will need to adapt these models for edge
deployment, such as network pruning, weight quantization,
and other compression techniques [31, 32].

Figure 3. Objects detected with the best trained model

Figure 4. Relation of mAP@50 x FPS for all YOLO versions
evaluated

5. Conclusion
This study presented preliminary results on automating the
monitoring of poultry production lines using YOLO-based
object detection models. We focused on directly detecting two
relevant classes—chickens and hooks—on a real slaughter-
house production line. The experimental results demonstrated
that even lightweight YOLO variants, such as Nano and Tiny,

Figure 5. Relation of F1-score x FPS for all YOLO versions
evaluated

achieved high precision, recall, and F1-scores, confirming the
feasibility of the proposed approach.

This study demonstrated the feasibility of applying light-
weight YOLO models for detecting chickens and hooks on
poultry processing plant production lines. The experimental
results showed that even compact architectures such as nano,
tiny, and small versions achieved high performance, with F1-
scores above 0.96 and mAP@50 values close to 0.99 in most
cases. These results confirm the robustness of YOLO mod-
els in distinguishing objects of interest under real industrial
conditions, even when trained with a relatively small dataset.

Although YOLOv11-nano achieved slightly higher detec-
tion metrics (F1 = 0.9924, mAP@50 = 0.9948), YOLOv5-
nano delivered nearly identical accuracy while reaching the
highest inference speed (11.98 FPS). Therefore, YOLOv5-
nano stands out as the most efficient option, offering the best
balance between detection performance and processing speed
for real-time deployment.

Despite the promising results, the experiments were con-
ducted on a computer that does not represent the computa-
tional limitations typically found in embedded or low-cost
devices. As future work, we intend to adapt the models for
edge deployment through techniques such as network prun-
ing, weight quantization, and knowledge distillation, enabling
real-time operation with minimal accuracy loss.

Additionally, the detection system could be extended to
other stages of the poultry processing chain. For example, it
could automatically verify the effectiveness of stunning and
bleeding before scalding, helping to prevent animal mistreat-
ment, ensure regulatory compliance, and minimize product
waste. Such developments would further enhance the sys-
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tem’s contribution to automation and quality control in meat
processing plants.
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