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Abstract

This paper presents the design of a hardware–software system for non-invasive automated
monitoring of feeding behavior in livestock with biometric identification of individual
animals. Neural network models for animal identification from images and individual
recognition have been developed and trained. A solution is proposed to address the
challenge of acquiring a sufficient number of personalized animal images for training
the identification neural network. A transfer learning approach is introduced for pig
identification, where the network is first trained on a large-scale dataset of more than three
million human face images obtained from open sources and subsequently fine-tuned by
training the upper layers on a significantly smaller dataset consisting of 5610 pig face
images. Experimental results demonstrated the high effectiveness of the system: the Top-1
identification accuracy reached 95.1%, while the ROC AUC in open-set recognition tasks
achieved 0.95. The processing time per frame on an NVIDIA RTX 4090 GPU was 1.4 ms
(724 FPS).

Keywords: internet of things; automation of animal monitoring; smart feeder; neural
network; detection; face recognition; animal recognition; pig identification

1. Introduction
Global trends in livestock farming increasingly focus on non-invasive animal health

monitoring, where observation includes tracking movement patterns and behavioral indi-
cators for the early detection of diseases and abnormal conditions. Among these indicators,
feeding behavior—namely the frequency and duration of food and water intake—plays a
key role in assessing animal health and productivity.

Currently, video-based monitoring combined with automated image analysis is con-
sidered one of the most informative non-invasive approaches in livestock research. Existing
methods include object detection using bounding boxes [1,2], segmentation of individual
animals [3], trajectory tracking [4], image-based body weight estimation [5], and recognition
of behavioral and emotional states such as aggression [6].
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An essential component of intelligent monitoring systems is individual animal identi-
fication, which enables personalized behavioral analysis. Pigs housed in dense, dynamic
groups are of particular interest for the development of robust identification algorithms due
to their low inter-individual geometric variability. Early approaches proposed identification
based on back hair patterns [7]; however, such methods are not applicable to animals of the
same breed with similar appearance. Consequently, most recent studies employ face-based
pig identification using neural networks [8,9].

A review of the scientific literature indicates that, to the best of the authors’ knowledge,
existing methods predominantly operate in a closed-set identification paradigm, where
all individuals must be known during training. In contrast, open-set identification, which
allows previously unseen animals to be detected and incorporated into the system without
retraining the neural network, remains largely unexplored for pig face recognition. This
limitation significantly reduces the practical applicability of current solutions in real farming
environments with dynamically changing animal groups. Unlike traditional closed-set
classification methods, which require complete retraining of the neural network whenever
a new animal is added, the proposed open-set approach enables dynamic registration of
new individuals. This is achieved by simply computing a reference feature vector (centroid)
for the new animal, eliminating system downtime and making the approach scalable for
real-world farming conditions with a continuously changing herd. In this study, a biometric
neural network–based open-set pig face identification method is proposed.

A systematic comparison of recent livestock biometric identification approaches pub-
lished between 2023 and 2026 is presented in Table 1.

Table 1. Comparison of Recent Livestock Identification Methods.

Reference Year Species Identification
Paradigm Feature Representation

Supports New
Individuals

Without Retraining
Dataset Size Real-Farm

Validation

Hansen et al. [8] 2018 Pig Closed-set CNN + softmax classifier No ~1000 images Partial

Yin et al. [9] 2024 Pig Closed-set CNN + attention
mechanism No ~3000 images Yes

Zhuang et al. [10] 2023 Pig Closed-set CNN-based classifier No ~2000 images Yes

Li et al. [11] 2022 Pig Closed-set YOLO-based detection
+ classifier No Not specified Lab

Li et al. [12] 2024 Sheep Open-set
Metric embedding

(SheepFaceNet
+ Li-ArcFace)

Yes ~3800 images Yes

Hou et al. [13] 2024 Multi-species Open-world/
re-ID

Metric embedding
(person re-ID adapted) Yes Multi-species

datasets Partial

Ma et al. [14] 2025 Pig Open-set Three-stage metric
learning system Yes Not specified Yes

Xu et al. [15] 2025 Sheep Open-set Cross-modal metric
embedding (SheepNet) Yes Open &

closed sets Yes

This work 2025 Pig Open-set IRSE-50-like metric
embedding Yes 5610 images

(53 pigs) Yes

As shown in Table 1, the majority of existing pig face identification methods are for-
mulated as closed-set classification problems [8–11], which assume that all individuals are
known during training and require retraining when new animals are introduced. In recent
years, several studies have begun exploring open-set biometric identification, primarily in
sheep face recognition [12,15] and general animal re-identification frameworks [13]. How-
ever, open-set identification using pig facial images remains insufficiently studied, with
only limited recent attempts reported [14]. This gap highlights the need for scalable open-
set biometric identification methods specifically designed for pig farming environments
with dynamically changing herd composition, which is addressed in the present study.
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Feeding behavior analysis enables prediction of individual weight gain and provides
valuable insights into animal health. For example, reduced visits to feeders or drinkers
may indicate health problems; as reported in [16], pigs infected with influenza approach
waterers approximately 30% less frequently. While convolutional neural network-based
approaches for automatic recognition of pig feeding behavior have been proposed [17],
they typically lack individual identification. Similarly, existing smart feeder solutions with
video monitoring rely on paint markings rather than biometric identification [10].

The main objective of this study is to develop a hardware–software system for non-
invasive automated monitoring of livestock feeding behavior, implementing a neural
network-based open-set biometric identification method using facial images captured
by cameras.

2. Functional Model of the Software and Hardware System for
Noninvasive Monitoring of the Feeding Process of Farm Animals

During the development of the structure and prototype of the software and hardware
system for non-invasive monitoring of the feeding process of farm animals, its main
functions were identified and analyzed in detail. These functions form the foundation of the
system, enabling comprehensive monitoring and control of animal feeding behavior, with
a focus on individual tracking and data-driven decision-making. The primary functions of
the system include the following:

Detection (highlighting) of animals in images: This involves identifying the location
of animals within an image or video frame. The system employs advanced neural network
models for this task, ensuring accurate detection even in crowded enclosures.

Identification of animals by images (in an open set): This function enables the system
to recognize and differentiate individual animals based on their unique features. Identifi-
cation is particularly challenging in an open-set scenario, where new, previously unseen
individuals may be encountered.

Automatic counting of the number of individuals in the enclosure: This feature
provides an automated method to tally the total number of animals present in the monitored
area, which is essential for managing large groups of livestock.

Calculating the number of approaches each animal makes to the feeder and waterer:
By tracking individual movements, the system records how often animals visit feeding and
drinking stations, offering valuable insights into their behavioral patterns.

Calculating the duration of food and water consumption for each animal: This function
provides precise measurements of the time spent by each animal at the feeder and waterer,
enabling a detailed analysis of feeding and drinking behavior.

Data analysis to determine integral indicators: The system aggregates and analyzes
data to generate comprehensive indicators of food and water consumption, tracks the
dynamics of each animal’s feeding behavior, and identifies deviations from normative
patterns. Based on this analysis, predictions of individual weight gain can also be made.

Generating recommendations for responsible personnel: The system produces action-
able recommendations for farm staff, including optimizing feeding schedules and adjusting
housing conditions, such as the temperature regime in the enclosure. These recommenda-
tions are based on the detected changes in feeding behavior, which may indicate discomfort
or adverse environmental conditions.

Notifying operators of detected deviations: The system generates real-time notifi-
cations for responsible personnel regarding deviations from normal feeding behavior,
facilitating early detection of diseases or other problematic conditions that may affect
animal health.

https://doi.org/10.3390/technologies14020127
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Among these functions, the identification of individual animals is considered the most
challenging to implement. This complexity arises from the need to accurately detect animals
in images, generate unique feature representations, and match these representations to
reference data in a robust and reliable manner.

The identification process is illustrated by the functional diagram shown in Figure 1.
This process involves several interconnected stages:

 

Figure 1. Functional Diagram of the Animal Identification Process.

Preprocessing: At this stage, the raw image data is converted into a format suitable
for processing by the neural network responsible for detecting animals. This step ensures
consistency in input data and prepares it for subsequent analysis.

Detection: Using advanced object detection techniques, the system calculates the coor-
dinates of bounding boxes around the animals in the images. This stage isolates the relevant
portions of the image, reducing noise and focusing the analysis on individual animals.

Feature vector formation: Once the animals are detected, a neural network generates
a vector of distinctive features for each animal. These feature vectors encapsulate the
unique visual characteristics of the detected animals, such as texture, shape, and other
biometric attributes.

Feature vector comparison: The system compares the generated feature vectors with
those stored in the database (DB, Database) containing reference images of known animals.
The comparison involves calculating the similarity between the vectors, typically using
cosine or Euclidean distance metrics. The neural network is trained to ensure that the
distance between vectors of different images of the same animal is small, while the distance
between vectors of different animals is large. A predefined similarity threshold determines
whether the target image matches any image in the database.

The process of analyzing animal feeding behavior (including drinking behavior) is
equally sophisticated and is presented in the form of a functional diagram in Figure 2.
This analysis is performed based on data obtained from video cameras placed strategically
within the enclosure. The key aspects of the analysis include the following:

https://doi.org/10.3390/technologies14020127
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Figure 2. Functional Diagram of the Feeding Behavior Analysis Process.

Number of approaches to the feeder and waterer: For each individual, the system
tracks and records the number of times the animal visits the feeding and drinking stations
over a specified period. This data helps identify trends and patterns in feeding behavior.

Duration of food and water consumption: The system calculates the precise time spent
by each animal consuming food and water. This metric is crucial for understanding the
nutritional and hydration needs of the animals, as well as identifying any deviations from
normal behavior.

Behavioral dynamics and deviations: By analyzing the data over time, the system
identifies trends and detects deviations from expected behavioral patterns. For example,
a sudden decrease in feeding time or frequency could indicate potential health issues,
environmental discomfort, or changes in social dynamics within the group.

Predictive insights: Based on the collected data, the system generates predictive
insights, such as forecasts of individual weight gain. These predictions allow farm managers
to optimize feeding strategies and ensure that each animal receives adequate nutrition.

The integration of these functions creates a comprehensive system capable of moni-
toring and analyzing animal behavior in real time. This level of detail not only enhances
the understanding of feeding patterns but also enables proactive management of livestock
health and welfare. The diagrams in Figures 1 and 2 provide a clear visualization of the
functional workflows, illustrating the interplay between detection, identification, data
analysis, and actionable outcomes.

Feeding Behavior Event Definition and Computation of Individual Indicators

The monitoring objective of the proposed system is to transform a continuous video
stream into individual-level feeding/drinking events and aggregated behavioral indicators.
This is achieved by combining (1) robust face detection, (2) biometric identification in an
open-set setting, and (3) event segmentation around the feeder and waterer entrances.

Regions of interest (ROIs) are defined for the feeder and waterer zones based on
the fixed camera geometry and the known feeder layout. A feeding/drinking “visit”
event is defined as a continuous temporal interval, during which (a) an animal face is
detected within the corresponding ROI and (b) the same individual identity is assigned
with stable confidence. To reduce spurious events caused by short-term occlusions, a visit is
initiated only if the ROI presence is maintained for at least N consecutive frames (temporal
persistence criterion), and it is terminated when the face is absent from the ROI for more
than M consecutive frames (gap criterion). In practical deployment, N and M are chosen to
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be small to preserve sensitivity while suppressing frame-level noise; their role is to provide
simple temporal debouncing rather than to alter the underlying recognition decisions.

Identity assignment for an event is based on the metric embedding produced by the
identification network. For each detected face, an embedding vector is computed and
compared to the database of reference embeddings (centroids) using a similarity measure
(cosine similarity or Euclidean distance). If the best match exceeds a predefined similarity
threshold, the sample is assigned to the corresponding known individual; otherwise, the
sample is labeled as “unknown”. In the open-set operational mode, a new individual can
be registered by accumulating several embeddings captured under typical conditions and
computing a reference centroid for this new identity. This procedure does not require re-
training of the neural network and enables scalable operation under dynamically changing
herd composition.

For each individual i and each station s ∈ {feeder, waterer}, the system computes the
following primary indicators over a chosen monitoring interval (e.g., per hour or per day):
(1) the number of visits V(i,s), defined as the count of segmented events; (2) total duration
D(i,s), defined as the sum of event lengths; (3) mean visit duration, defined as D(i,s)/V(i,s)
for V(i,s) > 0; (4) temporal dynamics, represented as time series of V(i,s) and D(i,s) in sliding
windows. These indicators are stored in the system database together with timestamps and
confidence values, enabling retrospective analysis and automated detection of deviations
from individual baselines.

The design of the feeder ensures that only one animal can access each compartment at
a time, which substantially simplifies event segmentation and reduces identity ambiguity
at the entry zone. Consequently, the computed behavioral indicators can be reliably
attributed to a single individual and used for individualized monitoring and subsequent
decision support.

3. Method for Biometric Identification of Animals in an Open Set
To accurately identify an animal by its image, it is first necessary to detect the animal

within the image. In the context of scientific and technical literature on neural networks,
this process is commonly referred to as “detection,” which involves the use of bounding
boxes to locate objects within an image. Detection is a critical first step in the broader
task of identification, as it isolates the relevant area of the image for subsequent analysis.
This study proposes a method for identifying pigs by their “faces,” emphasizing the need
for robust detection techniques before the identification phase. The proposed approach
is integrated into the automated animal health monitoring system, where images are
continuously received from cameras monitoring livestock in real time.

The specific task of detecting pig “faces” in images—particularly in challenging scenar-
ios such as dense groups where multiple animals are in close proximity—requires advanced
methods. This issue has been addressed in several studies co-authored by the authors of
this article [18,19]. Their method achieves a detection accuracy of mAP = 94.05%, which
represents a significant improvement over the accuracy levels reported in similar studies
(e.g., in [11]). This high detection accuracy is a crucial foundation for the subsequent identi-
fication stage, as errors in detection can propagate through the system, adversely affecting
identification accuracy and overall system reliability. In the present study, this method
was further improved, resulting in an increase in detection accuracy to mAP@50 = 99.5%,
where mAP denotes mean Average Precision, which provides a reliable foundation for
subsequent identification.

Building on this robust detection framework, the authors developed a specialized
neural network model to identify pigs by their “faces.” The model is designed to pro-
cess images of pig “faces” that have been detected using the aforementioned detection
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method. For effective implementation within the monitoring system, the authors propose
a neural network with a structure similar to IRSE-50 (Improved Residual Squeeze-and-
Excitation Network) [20]. This architecture is well-suited for image recognition tasks and is
particularly advantageous when combined with a transfer learning approach.

The training process of the network is divided into two stages to optimize both
performance and computational resource utilization. In the first stage, the network is
pre-trained on a large-scale human face dataset comprising more than 3 million images of
85,000 individuals. This pre-training allows the network to learn general-purpose visual
representations, such as edges, textures, and shapes, which are transferable across different
domains. In the second stage, the network is fine-tuned on a smaller, domain-specific
dataset of pig face images, consisting of approximately 5610 images from 53 individual
animals. The increased dataset size compared to earlier prototypes substantially enhanced
the model’s generalization capability. During fine-tuning, the upper layers of the network
are adapted to capture subtle, species-specific facial features of pigs, while the deeper layers
responsible for extracting low-level and generic features are frozen and excluded from
further training.

The goal of the identification module in this work is not generic visual categorization
but biometric discrimination of individuals, i.e., learning an embedding space where
samples of the same individual are close and samples of different individuals are far apart.
Large-scale human face datasets are specifically curated for identity-level separation and
typically contain high intra-class variability in pose, illumination, occlusion, and image
quality, which matches the target challenges in pig-face identification under farm conditions.
In addition, our training objective (SubCenterArcFace/AdaFace-style margin losses) is
widely adopted in face-recognition pipelines and is naturally aligned with face-domain
pretraining. Therefore, face pretraining provides a strong prior for metric embedding
learning and stabilizes convergence when the target dataset is relatively small.

At the same time, we acknowledge that our current experiments primarily demonstrate
that transfer learning outperforms training from scratch, while a systematic comparison
with other common pretraining strategies (e.g., ImageNet classification pretraining or
self-supervised representation learning) was not included in the present study. Such a
comparison will be addressed in future work to further quantify the relative benefits of
different pretraining sources for livestock biometric identification.

Transfer learning is a widely used technique in neural network development because
it allows models to leverage the knowledge gained from a large, readily available dataset
to perform well on a smaller, more specialized target dataset. This approach is particularly
beneficial in cases like this, where obtaining a large dataset of personalized pig “face”
images is technically challenging. The need for manual labeling of training data, coupled
with the inherent difficulties of distinguishing pigs due to their similar features, dirt
accumulation, and frequent clustering in dense groups, makes transfer learning a highly
justified choice. By freezing the deep layers, which extract general image features, and
focusing training on the top layers to refine species-specific characteristics, the authors
ensure that the network achieves high accuracy without overfitting the smaller dataset.

As the loss function, the authors developed and applied a modified SubCenterAdaFace
loss. This loss function combines the advantages of two state-of-the-art approaches: Sub-
Center ArcFace and AdaFace.

Sub-Center (sub-centroids): Instead of using a single centroid for each class (pig),
K sub-centroids (K = 3) are employed. This allows the model to effectively handle intra-
class variability, where the same animal may appear differently depending on pose
(e.g., frontal or profile views) or illumination conditions. During training, only the sub-
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centroid closest to the current sample is selected, which improves convergence on noisy
data [21].

AdaFace (adaptive margin): This component dynamically adjusts the angular margin
based on image quality, estimated via the feature vector norm. For high-quality images, the
margin is increased to encourage the learning of more discriminative features, whereas for
blurred or low-quality frames, the margin is reduced to prevent overfitting to unreliable
data [22].

The combination of these two mechanisms significantly improves recognition robust-
ness under challenging real-farm conditions, including contamination, animal motion, and
suboptimal lighting.

Fine-tuning the network on the pig “face” dataset is expected to yield optimal identifi-
cation accuracy, but this process requires careful experimental adjustments. Key parameters
that need to be optimized include the number of “frozen” layers, the method for minimiz-
ing the loss function (typically a variant of gradient descent), the learning rate for gradient
descent, and other hyperparameters governing the training process. These adjustments
ensure that the network achieves the best balance between generalization and specificity,
allowing it to perform well in real-world scenarios.

The creation of the pig face dataset involved significant technical and logistical chal-
lenges, as it required collecting a sufficiently large, diverse, and representative set of
images under real farming conditions. The total dataset comprises 5610 images. Of these,
2000 images of 23 pigs were obtained from publicly available online sources, while the re-
maining 3610 images of 30 individual animals were collected by the authors through direct
photo and video recording at the Agricultural Production Cooperative (APC) “Kolkhoz
named after Gorin” located in the Belgorod region.

To ensure training stability and class representativeness, a filtered subset of 4907 images
corresponding to 53 individual pigs was selected from the full dataset, excluding classes
containing fewer than 15 images. The distribution of the number of samples per individual
is illustrated in Figure 3. The resulting class distribution is inherently imbalanced, ranging
from 15 to 357 images per individual, which reflects realistic farm operating conditions.

Figure 3. Distribution of the number of images per individual pig in the selected dataset.

Model performance was evaluated using an independent test set comprising at least
12% of the data. To ensure strict reproducibility, the split between training and test sets
was performed using a fixed random seed. This approach, combined with the size and
diversity of the independent test set, ensures the statistical reliability of the reported
evaluation metrics and is consistent with standard practices for training deep neural
network architectures.

All images and videos used for training and evaluation were acquired under real
commercial farming conditions without any staged setups or artificial constraints, ensuring
ecological validity of the collected data.

https://doi.org/10.3390/technologies14020127
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Figure 4 presents a general view of the pig pen where the data acquisition was con-
ducted, illustrating the typical environment in which the animals were observed.

 

Figure 4. General View of the Pen Where Pigs Were Filmed Using Photo and Video Cameras.

Figure 4 illustrates the real operating environment in which the proposed system is
deployed. This environment defines key visual challenges for identification and behav-
ior analysis, including variable illumination, partial occlusions, animal clustering, and
contamination of visual surfaces.

The recording process involved capturing images and videos under various conditions
to ensure that the dataset captured a wide range of pig appearances and behaviors. Table 2
lists the specific methods used for recording, including details on camera positioning,
lighting conditions, and strategies for isolating individual pigs within groups. Table 2
summarizes the practical data acquisition strategies applied during photo and video
recording, highlighting their advantages and limitations under real commercial farming
conditions. The authors prioritized creating a dataset that would reflect the challenges
encountered in real-world applications, such as variations in lighting, partial occlusions,
and the presence of dirt or debris on the pigs.

Table 2. Data acquisition strategies and recording conditions used for constructing the pig face image
dataset under real-farm conditions.

Way Peculiarities

Taking photos manually It is advisable to mark animals with paint whose photographs
have already been taken to avoid repeated imaging.

Video recording using cameras attached to ceiling beams. Next,
it is necessary to track the movement trajectory of each pig and

select frames containing the animal’s “face”.

Efforts should be made to avoid identification errors when
reviewing video footage. Errors may arise due to similarities
between pigs, dirt on their bodies, and their rapid movement.

Filming pigs during herding using three video cameras
mounted above and on the sides of the passage.

It is advisable to illuminate the passage. Since the pigs’ “faces”
are mostly not visible when they move along the passage, this

method yields only a small number of images.

4. Description of the Prototype Software and Hardware System for
Non-Invasive Monitoring of the Pig Feeding Process

The developed prototype of the hardware and software system represents a comprehen-
sive solution for automated monitoring of the feeding process of agricultural animals. This
system addresses one of the key challenges in modern livestock management—ensuring ac-
curate monitoring and control of animal feeding behavior to improve productivity and animal
welfare. The central component of the system is an advanced feeder, specifically designed to
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combine functionality and durability in demanding agricultural environments. The feeder
is equipped with two dedicated compartments for feed and water, ensuring separation of
functions for optimal monitoring.

Each compartment is engineered to accommodate only one animal at a time, a critical
feature that ensures the precise operation of the identification system. By preventing
overlapping and merging of “faces” in video recordings, the system can reliably identify
individual animals and track their feeding behavior with a high degree of accuracy.

The video surveillance system is implemented using high-quality IP cameras (Hikvi-
sion DS-2CD2T43G2-2I/4I) with a focal length of 2.8 mm and a maximum resolution
of 2688 × 1520. The cameras are installed at a height of 1.5 m and at a distance of 1.5 m
from the feeding area, with an installation angle of 45◦, providing sufficient image clarity
for reliable animal identification.

The cameras are housed in durable protective enclosures, ensuring stable operation
under harsh livestock farming conditions characterized by dust, moisture, and temperature
fluctuations. To enhance functionality, the cameras are equipped with infrared illumination,
enabling reliable monitoring under low-light conditions, such as at night or in poorly lit
environments. This feature ensures continuous 24/7 operation, allowing uninterrupted
data acquisition.

For continuous video streaming from a 4-megapixel camera, the required communica-
tion bandwidth is approximately 5–10 Mbps per camera, depending on the compression
settings and frame rate.

Figure 5 illustrates the schematic design of the hardware component of the feeder,
highlighting the integration of non-invasive monitoring technologies specifically tailored
for tracking the feeding behavior of pigs. The system’s hardware is complemented by
advanced processing capabilities. Video streams captured by the cameras are processed on
a dedicated server equipped with a high-performance processor and a powerful graphics
accelerator, which are essential for running sophisticated neural network algorithms in real
time. The server infrastructure also includes large-capacity data storage devices to archive
observation results over extended periods. This long-term data storage capability facilitates
trend analysis and supports evidence-based decision-making in livestock management.

The software architecture of the system is modular, offering flexibility and ease of
updates. Key components include a database that stores reference images of pigs’ “faces,”
biometric parameter vectors, and comprehensive observation histories. This database
serves as the foundation for the system’s neural network module, which implements
algorithms for detecting and identifying animals. Operating in real time, the module
ensures continuous analysis of the video feed, with a high level of precision. Additionally,
an analytical subsystem processes the gathered data, producing detailed reports on animal
behavior, feeding patterns, and any detected anomalies. These reports provide valuable
insights for livestock managers, enabling them to take timely corrective actions to optimize
feeding strategies and ensure animal health.

Special attention was devoted to the development of user interfaces to make the system
accessible and functional for various categories of personnel. Automated workstations (AWS)
are provided for system administrators, livestock operators, and other staff, each configured
with software tailored to their specific roles and levels of authority. For example, system
administrators can access advanced configuration tools, while livestock operators are provided
with simplified interfaces for day-to-day monitoring and management tasks. The intuitive
design of these interfaces minimizes the training required for staff and ensures efficient
system operation.

A mobile application was also developed as part of the system, aimed at enhancing
operational flexibility and on-site functionality. The application, designed for the Android
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platform, allows livestock facility staff to identify pigs directly in production environments
using the camera of a mobile device. The identification process is seamless and occurs in
real time: After capturing an animal’s “face” using the smartphone’s camera, the image is
processed by a built-in neural network optimized for mobile devices. The neural network
performs rapid analysis, displaying the animal’s unique identification number and current
status on the device screen. The application also allows users to add new animals to the
database by capturing a series of reference photographs on-site. Integration between the
mobile application and the central system is achieved via a secure connection, ensuring
real-time data synchronization and up-to-date information across all system components.

Figure 5. Schematic of the Hardware Part of the Feeder Equipped with Non-Invasive Monitoring
Tools for the Pig Feeding Process.

The system implements a wide range of functions for monitoring the feeding process,
including continuous tracking of animal visits to the feeder, measurement of feeding dura-
tion, analysis of feed and water consumption rates, and detection of irregularities in feeding
behavior. A notable feature of the system is its ability to automatically generate notifica-
tions for personnel when non-standard situations are detected, such as unusual feeding
patterns or signs of potential health issues. These notifications ensure timely intervention
and contribute to maintaining the overall health and productivity of the livestock.

The developed system is highly scalable and can be adapted for use in livestock
facilities of various sizes, from small farms to large industrial complexes. Its modular
architecture not only facilitates easy upgrades and component replacement but also enables
integration with existing livestock management systems, offering a seamless transition for
facilities looking to modernize their operations.

To ensure reliability under challenging conditions, all components of the system are
designed to withstand the demanding environment of livestock facilities. The hardware
is vandal-proof, resistant to aggressive substances, and compliant with IP66 protection
standards, ensuring durability and consistent performance. Additionally, the system is
equipped with uninterruptible power supplies (UPS), guaranteeing operation during brief
power outages. This feature ensures data integrity and uninterrupted monitoring, even in
areas where power supply is unstable.

Figure 5 demonstrates how the physical design of the feeder directly supports the
computational pipeline. By restricting access to a single animal per compartment, the
hardware layout simplifies identity assignment and enables unambiguous attribution of
feeding events to individual animals.
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5. Experimental Results
To validate the effectiveness of the proposed system, quantitative evaluation of the

detection and identification modules was conducted using independent test datasets that
were not used during training.

5.1. Detection Performance Evaluation

To assess the robustness of the detection algorithm, an independent test dataset
consisting of 768 images, which was not used during training, was employed. The results
are summarized in Table 3.

Table 3. Quantitative performance metrics of the detection module on the independent test set.

Metric Value Description

Precision 1.000 No false positives were produced by the model

Recall 0.997 Only a negligible number of objects were missed

mAP@50 0.995 High average precision at the standard IoU threshold

mAP@50–95 0.970 Highly accurate bounding box localization
Achieving Precision = 1.000 with Recall = 0.997 indicates highly reliable separation of pig faces from the back-
ground, providing a robust basis for subsequent identification.

5.2. Identification Performance Evaluation

The performance of the identification module was evaluated using an independent
test dataset. The key quantitative metrics are presented in Table 4.

Table 4. Quantitative performance metrics of the identification module on the independent test set.

Metric Value Interpretation

Top-1 Accuracy 95.09% Probability of correct individual identification on the first
attempt

Top-5 Accuracy 100.00% Correct individual consistently appears among the top five
candidates

F1 Score 0.842 Balanced measure of precision and recall

Inference Speed 724 FPS Processing speed (frames per second) on an NVIDIA RTX
4090 GPU

The Top-1 accuracy reached 95.09%, while Top-5 accuracy achieved 100%, indicat-
ing that the correct identity is consistently retained among the most probable candidates.
This property enables effective application of temporal smoothing and decision aggre-
gation across video sequences, resulting in near-perfect system reliability in practical
deployment scenarios.

It should be noted that the metrics reported in Table 3 correspond to the closed-
set identification scenario, where all test identities are known to the system and a fixed
similarity threshold is used. In this setting, Top-1 and Top-5 accuracy metrics are well-
defined and commonly used to evaluate identification reliability, while the reported F1-
score reflects the system performance under a fixed operating point.

The reported inference speed of 724 FPS corresponds to single-frame inference
(batch size = 1) on an NVIDIA RTX 4090 GPU and includes both face detection and feature
embedding extraction stages. This value represents an upper-bound performance estimate
under high-performance hardware conditions and is provided to demonstrate the real-time
capability of the proposed system. For improved interpretability, this throughput corre-
sponds to an average processing latency of approximately 1.4 ms per frame. Such latency
enables real-time operation even when multiple video streams or feeders are processed
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concurrently on a single GPU. Direct comparison of FPS values with existing studies is often
unreliable due to differences in hardware platforms, input image resolution, network archi-
tectures, and evaluation protocols. Therefore, inference latency per frame is reported as a
more hardware-agnostic indicator of computational efficiency and practical deployability.

5.3. Demonstration of System Outputs for Feeding and Drinking Monitoring

The behavioral indicators computed in this section directly correspond to the func-
tional workflow illustrated in Figure 2, transforming conceptual monitoring stages into
measurable system outputs.

Beyond detection and biometric identification accuracy, the proposed system produces
individual-level monitoring outputs by assigning identities to feeder and waterer visit
events and aggregating behavioral indicators over time. Each recorded event is stored in
the database as a structured entry containing the following: (1) timestamp of event start and
end, (2) station type (feeder or waterer), (3) assigned identity (known ID or “unknown”),
(4) similarity/confidence values associated with the decision, and (v) auxiliary metadata
(camera ID, frame indices).

From these event logs, the system computes individual behavioral summaries such as
the number of visits and total consumption duration per individual and per station within a
specified interval. These outputs directly correspond to the monitoring objectives illustrated
in Figure 2 and represent the final operational product of the hardware–software system.
The feeder geometry (single-animal access per compartment) ensures that each event corre-
sponds to one individual, enabling unambiguous attribution of feeding/drinking behavior.

The practical relevance of the open-set identification paradigm is particularly evident
at the system-output level: when an unregistered animal appears in the monitored group, its
events are recorded as “unknown” rather than being forcibly assigned to an existing identity.
After registration, subsequent events are consistently attributed to the new identity via
its reference centroid, without retraining the network. Therefore, the monitoring pipeline
remains operational under changing herd composition and produces complete longitudinal
behavior records for all registered animals.

5.4. Open-Set Identification Analysis

To evaluate the system’s ability to reject unknown individuals, an open-set recognition
test was conducted. The ROC curve is shown in Figure 6.

Figure 6. ROC curve for open-set recognition.
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The system achieved an AUC of 0.95, indicating a high discriminative capability
between known and unknown animals. At a false acceptance rate (FAR) of 1%, the true
acceptance rate (TAR) exceeds 80%.

5.5. Threshold Optimization and F1-Score

To achieve a balance between identification precision and recall in the open-set recog-
nition scenario, the effect of the similarity threshold on the final performance metrics was
analyzed. Unlike the closed-set evaluation presented in Table 3, this analysis considers
the open-set setting, where both known and unknown individuals may appear, and the
decision threshold plays a critical role in controlling false acceptances and false rejections.

Figure 7 illustrates the dependence of the F1-score on the selected similarity threshold.
The maximum value of F1 = 0.976 is achieved at a threshold of 0.30. This value corresponds
to the optimal operating point identified during off-line threshold optimization and was
selected for real-world system deployment.

Figure 7. F1-score as a function of the similarity threshold.

The difference between the F1-score reported in Table 3 and the maximum F1-score
observed in Figure 7 is explained by the different evaluation protocols: fixed-threshold
closed-set testing versus threshold-optimized open-set analysis.

5.6. Convergence Analysis Under Transfer Learning

The effectiveness of knowledge transfer from human face representations is confirmed
by a comparison of training convergence curves (Figure 8).

Figure 8. Convergence curves for training from scratch and fine-tuning.
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Training from scratch exhibits loss stagnation during the first five epochs, whereas
fine-tuning demonstrates immediate performance improvement, which is critical when
operating with limited domain-specific data.

5.7. Error Analysis

Visualization of the confusion matrix (Figure 9) and analysis of challenging cases
indicate that the primary sources of errors are severe motion blur and extreme occlusions,
such as contamination of the camera lens.

Figure 9. Confusion matrix for the identification process.

A manual inspection of the independent test set indicates that frames affected by
severe motion blur constitute approximately 6–8% of the total samples. These cases are
primarily associated with rapid head movements near the feeder entrance and represent
extreme conditions rather than typical operating scenarios.

Representative examples of such challenging recognition scenarios are shown in
Figure 10.

The examples shown in Figure 10 correspond to extreme operating conditions rather
than typical system behavior and are provided to illustrate the main sources of residual
errors under real-farm conditions.

While Figure 10 presents representative examples of recognition failures, a compre-
hensive assessment of the proposed system also requires qualitative analysis of successful
identification cases. Figure 11 illustrates examples of correct recognition selected from the
independent validation dataset.

Despite challenging conditions such as low illumination, partial facial occlusion, and
extreme head poses, the model consistently assigns the correct identity with high confidence.
From an analysis perspective, these examples indicate that the learned embedding captures
stable identity-related facial structures rather than transient visual artifacts caused by pose
variation, lighting changes, or partial occlusions. This qualitative evidence complements
the quantitative evaluation and confirms the robustness of the proposed open-set biometric
identification approach under realistic farm operating conditions.

Taken together, Figures 10 and 11 provide a balanced qualitative assessment of the
proposed system, illustrating both rare failure modes and typical successful operation
under real-farm conditions.
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Figure 10. Examples of failure cases and challenging recognition scenarios.

Figure 11. Examples of successful pig face recognition under challenging conditions. The figure
presents eight representative cases in which the proposed model correctly identifies individual pigs
despite adverse conditions, including low illumination, partial facial occlusion, and extreme head
poses. For each image, the ground-truth identity (True), predicted identity (Pred), and confidence
score (Conf) are shown. All examples are taken from the independent validation dataset and were
not used during training.
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6. Conclusions
This study presented a hardware–software system for non-invasive monitoring of

feeding and drinking behavior in livestock, integrating computer vision modules with
a dedicated feeder design that supports reliable individual-level event attribution. The
proposed approach combines face detection, biometric identification in a metric-embedding
space, and an open-set operating mode that enables registration of previously unseen
animals without retraining the neural network.

Quantitative experiments demonstrated strong performance of the perception pipeline
on independent test data. The detection module achieved high accuracy (Precision = 1.000,
Recall = 0.997, mAP@50 = 0.995, and mAP@50–95 = 0.970), providing a robust basis for
downstream identification. In closed-set identification testing, the system reached Top-1 ac-
curacy of 95.09% and Top-5 accuracy of 100%, indicating stable identity ranking for known
individuals. In open-set recognition analysis, the ROC AUC reached 0.95, confirming a
high capability to separate known and unknown animals. Threshold optimization further
identified an operational point (similarity threshold = 0.30) that maximizes the F1-score in
the open-set setting (F1 = 0.976), supporting practical deployment where false acceptances
and false rejections must be balanced.

The system is designed to deliver monitoring outputs that directly match the targeted
behavioral indicators. By assigning identities to segmented feeder and waterer visit events,
the software produces individual-level metrics such as the number of approaches and
total consumption duration over time, enabling personalized monitoring and deviation
detection. The open-set paradigm ensures that the monitoring pipeline remains functional
under dynamic herd composition: unknown individuals are explicitly rejected and can be
registered via centroid formation without model downtime.

Real-time feasibility was demonstrated by an inference throughput of 724 FPS (ap-
proximately 1.4 ms per frame) on an NVIDIA RTX 4090 GPU for single-frame processing,
including both detection and embedding extraction stages. While FPS values are hardware-
dependent, the reported per-frame latency indicates that the proposed pipeline can support
real-time multi-stream operation in farm environments.

The main limitations of the present study include the absence of a systematic com-
parison of alternative pretraining sources (e.g., ImageNet or self-supervised strategies) for
metric embedding learning, as well as the dependence of performance on image quality
under extreme conditions such as severe motion blur and strong occlusions. Future works
will focus on expanding such comparisons, improving robustness under challenging visual
conditions, and validating long-term stability of behavioral monitoring outputs in extended
farm deployments.

Overall, the proposed system provides a practical and scalable solution for precision
livestock farming by combining open-set biometric identification with continuous video-
based monitoring of feeding behavior, contributing to improved animal management,
welfare, and productivity.
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