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Abstract—AI and sensor technologies are transforming the way we monitor
and manage animals, from domestic pets to wildlife. Wearable and
environmental sensors collect data on animal physiology, location, and
behaviour, while AI and machine learning analyse this information to
provide valuable insights. Key applications include automated behaviour
classification, health monitoring, disease diagnosis, and emotion assessment.
Advanced tools like deep learning models, computer vision, and digital twins
are used for tasks such as individual identification, pose estimation, and
creating virtual replicas of animals to predict health issues.

However, the widespread adoption of these technologies faces
several challenges. These include technical limitations like short battery life
and poor connectivity, along with high initial costs and a lack of technical
expertise. There are also significant data management issues related to
storage, processing, and security, as well as ethical concerns about animal
privacy and welfare. Despite these hurdles, future advancements are
promising. Non-invasive sensors, like cameras and drones, are becoming
more sophisticated, and Al algorithms are improving, with a growing trend
toward transfer learning to reduce the need for large datasets. The
integration of multiple data sources, including the use of digital twins, is
expected to provide a more holistic understanding of animal health and
behaviour. These technologies have significant potential to extend beyond
livestock, revolutionizing wildlife conservation by helping to track elusive
species and manage disease spread.

Index Terms—AI animals, behaviour, environment, health, sensors,
technology.

I. INTRODUCTION

Across various animal species, from domestic pets to
wildlife, artificial intelligence (AI) and sensor technologies
are being used for advanced monitoring and management.
Wearable sensors, such as collars or ear tags, and
environmental sensors are used to collect physiological data
(e.g., body temperature) and track ambient conditions (e.g.,
temperature and humidity).

Al and machine learning technologies play a significant
role in behaviour and health analysis of animals. They enable
automated classification of behaviours via video, enhancing

efficiency over manual methods. Unsupervised deep
learning frameworks reveal complex behavioural patterns,
while time series neural networks support continuous health
monitoring

for disease diagnosis and intervention. Additionally,
sensor-based approaches assess emotions and welfare by
analysing facial expressions and vocalizations. In computer
vision, deep learning models assist in identifying individual
animals and tracking movements. Remote sensing
technologies, including UAVs, facilitate extensive
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monitoring  for and wildlife
conservation.

This integrated approach of using technology to collect
and analyse data offers a more efficient and accurate way to
understand, manage, and ultimately improve the lives of

animals.

livestock management

II. DATA COLLECTION METHODS

Numerous data collection techniques are used in research
studies involving animals, including:

A. Wearable sensors

These are electronic gadgets that are attached to animals in
order to collect information. These sensors are utilized by a
variety of species, including dairy cattle and pigs, and can be
fastened in different ways, such as ear tags, collars, or other
body attachments [2][14][46]. They make it possible to
gather a variety of data points, including location, activity
levels, and physiological metrics, which offers important
information for tracking the welfare, behaviour, and health of
animals.

B. Environmental sensors

These sensors are placed within an animal's surroundings
to collect data without direct contact. These systems, like the
Grow Safe System for beef cattle, measure data points such
as feed intake and efficiency. They provide insights into
animal behaviour, health, and productivity from a distance,
without needing to attach devices to the animal itself.

C. Imaging technologies

This involves using cameras and other visual systems to
monitor and analyse animal behaviour. Several documents,
including multi-animal pose estimation and identification,
highlight the use of computer vision and deep learning
models for tasks like pose estimation and individual animal
identification using muzzle images [36][37]. Practices and
Applications of Convolutional Neural also mentions the use
of RGB and infrared thermal cameras to predict things

[17[53].
D. Acoustic sensors

These sensors are used to record and analyse animal
sounds for monitoring purposes. These sensors can be used in
systems that classify vocalizations from various animals,
which aids in real-time livestock monitoring and provides
insights into animal health and behaviour [7][14].

E. Remote sensing

This is a method of collecting data from a distance,
typically using aerial vehicles like Unmanned Aerial
Vehicles (UAVs), also known as drones [13][20][29][52].
This technology allows for the monitoring of animals and
their environments without direct contact. It's used for a
variety of tasks across different species, including counting
animals, estimating their movements and postures, and
observing their behaviour from a safe distance.
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III. AI AND MACHINE LEARNING TECHNIQUES

A. Supervised Learning Methods

Supervised machine learning techniques have been
effectively applied to behaviour classification by directly
analysing raw video pixels. A notable example is the tool
DeepEthogram, which utilizes a supervised learning
approach to transform video data into an ethogram [42]. An
ethogram serves as a comprehensive record of specific
behaviours exhibited in each frame of the video.
Additionally, pose estimation methods are critical in the field
of animal behaviour studies, providing foundational insights
into how animals interact with their environment and with
one another. Such advancements in both behaviour
classification and pose estimation are essential for deepening
our understanding of animal behaviour.

B. Unsupervised Learning Methods

VAME (Variational Autoencoder for Motion Extraction)
is an innovative probabilistic deep learning framework
designed to uncover the latent structure within complex
behavioural data derived from animal motion [35]. This
framework operates without supervision, allowing it to
identify patterns and behaviours that may remain unnoticed
through human observation. By utilizing unsupervised
methods, VAME provides a powerful tool for analysing
dynamic animal movements, thereby enhancing our
understanding of behavioural patterns in various contexts.

C. Deep Learning and Neural Networks

Deep learning techniques, particularly Convolutional
Neural Networks (CNNs), have been successfully applied
across several domains in animal recognition and monitoring.
In facial and vocal recognition, these technologies are
utilized for identifying features such as facial expressions in
giant pandas and determining pain levels in domestic cats
through facial imagery [1]. Furthermore, they are employed
to classify vocalizations in cattle. For health and behaviour
classification, deep learning models analyse continuous
tracking data, enabling accurate assessment of animal
behaviour, location, and health status. Additionally, time
series artificial neural networks contribute to physiological
monitoring by forming part of integrated frameworks
designed to observe and assess the health of pets in real-time.

D. Computer Vision Algorithms

Computer vision plays a vital role in animal monitoring
through various applications. Firstly, it facilitates tracking
and identification by allowing systems to distinguish
individual animals, count them, and monitor their
movements, which aids in population management and
behavioural studies. Secondly, it serves as a tool for assessing
health indicators by integrating different camera
technologies, such as RGB and infrared thermal cameras,
enabling predictions of physiological metrics, like body
temperature and milk quality in dairy animals, through
non-invasive methods [28]. Lastly, computer vision supports
continuous monitoring, allowing the analysis of animal
behaviour and posture without the need for attached physical
sensors. This offers a steady flow of data enhancing the
understanding of animal well-being.
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IV. APPLICATIONS IN ANIMAL RESEARCH

A. Behaviour Analysis and Classification

Machine learning and deep learning are increasingly
employed in the classification and analysis of animal
behaviour. One noteworthy application is the deep learning
framework known as VAME, which identifies behavioural
structures by analysing deep variational embeddings derived
from animal motion data. Additionally, machine learning
techniques are utilized to classify behaviours in pigs,
particularly via information gathered from ear tag sensors,
enabling more nuanced insights into their activities. Another
significant area of application is acoustic analysis, where
deep learning models have been developed to classify animal
vocalizations, as seen in cattle. This advancement facilitates
real-time monitoring and enhances our understanding of
animal communication, thus bridging the gap between
technological innovation and ethological study.

B. Pose Estimation and Tracking

Computer Vision and Deep Learning has made significant
advancements in the field of multi-animal pose estimation,
identification, and tracking. Notably, the tool DeepLabCut is
highlighted for its robust capabilities in managing complex
scenarios that involve multiple similar-looking animals and
frequent occlusions [27][37]. This tool leverages deep
learning techniques to enhance accuracy in tracking animal
movements. Additionally, the development of large-scale
benchmark datasets, such as AP-10K, is crucial for training
these models effectively. AP-10K comprises images of 54
different animal species, providing a diverse set of data that
aids in refining algorithms to achieve precise pose estimation
in natural environments [47]. Such resources are essential for
improving the overall performance and reliability of
computer vision applications in wildlife monitoring and
research.

C. Health Monitoring and Disease Detection

The integration of advanced technologies in monitoring
and diagnosing animal health highlights the application of
time series artificial neural networks for tracking the health of
pets, showcasing how these models analyse data over time to
identify potential health issues. Furthermore, artificial
intelligence is being employed to tackle complex challenges
in animal health, particularly in disease diagnosis and case
detection, enhancing prediction reliability and expediting
intervention decisions. Additionally, the use of computer
vision, including infrared thermal cameras, is noted for its
role in predicting physiological indicators, such as eye
temperature in cows, which is directly associated with their
health status.

D. Emotion and Welfare Assessment

Artificial intelligence (Al) is used to understand animal
emotions by analysing their facial expressions and
vocalizations. Al can recognize pain in animals, such as cats,
using facial images, while analysing vocalizations can
provide insights into their emotional states. This area of study
is gaining traction within agricultural technology.
Furthermore, the review concerning the measurement of
emotions in farm animals emphasizes the utilization of
various sensors and algorithms for processing biometric data.
It suggests that an effective evaluation of an animal's
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emotional changes necessitates a multifaceted approach that
combines different measurement techniques, such as
analysing facial expressions and physiological indicators.
Additionally, the concept of digital twins is introduced; this
refers to creating a digital replica of a real-world entity,
which can simulate an animal's physical and biological
conditions and behaviours. Such digital models can
significantly enhance predictive capabilities and improve
decision-making processes related to animal welfare.

V. APPLICATIONS IN LIVESTOCK
MANAGEMENT

A.  Animal Identification and Tracking

Artificial Intelligence (Al), particularly through computer
vision and deep learning, is used for non-invasive animal
identification. Instead of traditional ear tags or branding,
systems can use unique biometric features such as muzzle
patterns in cattle or facial recognition in other animals to
identify individuals [36]. This technology allows for
continuous tracking of animal locations and behaviours,
providing valuable data without the need for physical
devices.

B. Precision Feeding and Nutrition Management

Artificial Intelligence (Al) helps optimize animal nutrition
by analysing data from various sensors to create customized
feeding plans. This includes using sensors to monitor feed
intake, body weight, and activity levels. Machine learning
models can then analyse this data to adjust feed composition
and quantity in real-time, ensuring each animal receives the
precise nutrients it needs for optimal growth and health.

C. Reproductive Management

Artificial Intelligence (AI) plays a role in improving
reproductive outcomes by monitoring key indicators and
predicting optimal breeding times. Sensors can track an
animal's activity, body temperature, and other physiological
data, which are then analysed by Al algorithms to detect signs
of heat. This enables farmers to more accurately time
artificial insemination, increasing the success rate and
efficiency of breeding programs.

D. Environmental Monitoring and Control

Al-powered systems are used to monitor and regulate the
environment within livestock facilities to improve animal
welfare and productivity. Sensors collect data on factors such
as temperature, humidity, and ammonia levels. Al algorithms
analyse this data to automatically adjust ventilation, heating,
or cooling systems, creating an ideal environment for the
animals and reducing the risk of disease. Al can also analyse
acoustic data, such as a cow's vocalizations, to monitor for
signs of distress or illness.

VI. CHALLENGES AND LIMITATIONS

A. Technical Challenges (e.g., battery life, connectivity)

Technical limitations are a significant hurdle in the
widespread adoption of precision animal farming. The
effectiveness of wearable sensors, for example, is often
limited by a short battery life, requiring frequent replacement
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or recharging, which can be labour-intensive. Additionally,
poor connectivity and a limited data range can be
problematic, especially in large or remote farm
environments, leading to gaps in data collection. The
reliability of these systems is also a concern, as sensors can
fail or be damaged by the animals themselves.

B.  Data Management and Integration Issues

The implementation of advanced technologies for animal
monitoring generates a massive amount of data, creating
significant big data challenges. These challenges are related
to the storage, processing, and analysis of this information.
Data can originate from various sources (e.g., Sensors,
cameras, robots), and integrating these disparate datasets into
a unified system can be complex. Furthermore, ensuring data
privacy and security is critical, as sensitive information about
animal behaviour, health, and location is being collected.

C. Cost and Accessibility Barriers

Implementing advanced monitoring systems for animals
faces several significant barriers that hinder their adoption
and deployment. One of the most pressing challenges is the
high initial cost associated with these systems. The
investment encompasses various components, including
hardware such as sensors, cameras, and robotics, along with
software and the necessary infrastructure to support the
systems. This financial outlay can be particularly
burdensome for small to medium-sized enterprises, which
may struggle to allocate sufficient resources for such
technology. Furthermore, the complexity of these monitoring
systems requires a level of technical expertise that is often
lacking among potential users. This skills gap forces
individuals or organizations to either invest time in learning
how to operate and maintain these systems themselves or
incur additional costs by hiring specialists with the requisite
knowledge. As a result, the dual challenges of cost and
expertise create significant barriers to the widespread
implementation of advanced animal monitoring technology.

D. Ethical Considerations and Animal Welfare Concerns

Ethical considerations surrounding the use of technology
in the monitoring and management of animals are
increasingly prominent. There is a debate about the potential
for technology to dehumanize animal care by reducing direct
human-animal interaction and observation. The continuous
monitoring of animals can also be seen as an invasion of their
privacy or a source of stress. Critics also raise concerns about
the potential for these systems to be used to maximize human
gain (such as production or data collection) at the expense of
animal well-being, rather than genuinely improving their
welfare.

VII. FUTURE DIRECTIONS AND OPPORTUNITIES

A. Advancements in Sensor Technologies

Future developments in
significantly dependent on advancements in sensor
technology that emphasize less invasive and more
comprehensive approaches. Key growth areas include the
implementation of non-invasive sensors such as RGB and
infrared thermal cameras, radar sensors, and acoustic
monitoring systems. These technologies allow for continuous

animal monitoring are
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observation of animals without physical contact, reducing
stress levels and minimizing the risk associated with losing
tracking devices. For example, radar sensors can accurately
detect specific activities, like parturition in sows, which is
essential for effective animal management. Additionally, the
evolution of smaller and more efficient wearable sensors,
including ear tags, enhances real-time location tracking and
physiological monitoring, measuring metrics such as body
temperature and heart rate, while aiming for minimal
invasiveness. Moreover, the utilization of Unmanned Aerial
Vehicles (UAVs) or drones is increasingly prevalent in
livestock management and wildlife observation. Drones
provide aerial perspectives that greatly assist in monitoring
animal locations, population counts, and overall behaviours
over expansive areas such as rangelands, thereby improving
management practices and contributing to better outcomes in
animal welfare and conservation efforts.

B. Improvements in Al Algorithms and Models

Artificial intelligence (Al) plays a crucial role in analysing
the extensive data produced by modern sensors, significantly
enhancing the monitoring of animal behaviour. This progress
is largely attributed to the use of deep learning and computer
vision technologies, particularly Convolutional Neural
Networks (CNNs), which facilitate a range of complex
activities. These include individual animal identification
through facial recognition, movement analysis via pose
estimation, and the categorization of animal vocalizations.
The field of behavioural analysis is progressing as
researchers innovate Al frameworks that can dissect animal
movement into organized motifs, uncovering nuanced
behavioural shifts that traditional manual observations might
overlook. Moreover, the increasing trend of transfer learning,
which involves adapting pre-trained Al models designed for
human motion to animal monitoring tasks, lessens the
dependence on large, species-specific datasets. This
advancement makes advanced monitoring methodologies
more accessible and practical for diverse applications in
animal research.

C. Integration of Multiple Data Sources

By combining data from many sources to produce a
thorough overview, future animal monitoring systems will
completely transform our knowledge of animal lives and
surroundings. The emergence of integrated frameworks that
utilize time series artificial neural networks represents a
pivotal advancement in monitoring the health of pets and
livestock. These frameworks combine various data points
collected over time, allowing for more accurate health
assessments. A notable innovation in this domain is the use of
"digital twins," which are virtual representations of physical
entities, such as individual animals or entire herds. These
digital replicas harness data from an array of sensors,
including location tracking, biometric readings, and
behavioural analyses, to mirror the physical and biological
conditions of the animals. Such simulations facilitate the
prediction of potential health issues, thereby aiding in more
informed management decisions.

However, a critical challenge remains: transforming the
extensive volumes of "big data" produced by these
monitoring frameworks into valuable "smart data." This
transformation demands the development of advanced
analytical tools and platforms capable of processing intricate
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datasets. The insights derived from these sophisticated
analyses are crucial for stakeholders such as farmers,
researchers, and conservationists, driving improvements in
animal care and management practices. Ultimately, the
integration of these technologies promises to revolutionize
how we monitor, manage, and support animal health and
welfare.

D. Potential for Broader Ecological and Conservation
Applications

Current research focuses mainly on livestock; however,
technologies created for animal monitoring show
considerable potential for wider applications in ecology and
conservation. Al-driven computer vision and acoustic
monitoring systems have been developed to track and
identify individual wildlife within their natural habitats,
which assists in estimating population sizes and monitoring
health without the requirement for direct human
involvement, this is particularly crucial for elusive or
endangered species. Moreover, employing Al to analyse data
on animal movement and health enables researchers to
forecast and curb the spread of diseases in wildlife
populations, which is essential for informing efficient
conservation strategies and interventions. The integration of
various data sources further enhances our comprehension of
ecosystem dynamics by illustrating the interactions between
animals and their environments. This knowledge is
instrumental in modelling potential effects of environmental
changes and human activities on diverse ecosystems. This
all-encompassing approach not only bolsters wildlife
conservation efforts but also promotes a nuanced
understanding of ecological relationships in an era of rapid
change.

CONCLUSION

In conclusion, using artificial intelligence (AI) and sensor
technologies in animal research and livestock management
marks a significant change in how we observe and understand
animal behaviour and health. New tools like deep learning
models, computer vision, and digital twins allow us to
monitor animals more accurately and without being intrusive,
overcoming many of the challenges of older methods.
However, we still face difficulties in turning large amounts of
data into helpful insights and ensuring that sensors work well
in different environments. As research continues, these
technologies are also being applied to wildlife monitoring
and conservation, greatly improving our ability to track
hard-to-find species, manage disease spread, and understand
ecosystems better. This progress could lead to a deeper
understanding of how animals interact with their
surroundings. Overall, these advancements are set to
transform how we manage and conserve animals in the
future.
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