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Monitoring animal health, analysing behaviour, and preventing
disease are all being revolutionized by the application of
artificial intelligence (Al) and machine learning (ML) in
livestock welfare. This study investigates how Al-driven
models might improve cattle care by identifying patterns in a
variety of data sources, including biometric tracking, video
analysis, and sensor-based monitoring. Convolutional neural
networks (CNNs), recurrent neural networks (RNNs), and
generative adversarial networks (GANS) are examples of deep
learning architectures that are highlighted in the study for their
superiority over traditional methods in identifying stress,
forecasting illnesses, and improving farm management.
Numerous fields, including automated feeding, genetic
improvement, environmental monitoring, and precision
livestock husbandry, use Al and ML to improve the welfare of
animals.

This study also addresses the obstacles and potential paths for
Al adoption in livestock care, with a focus on data privacy,
ethical issues, and the requirement for flexible Al solutions
catered to various animal species.

Keywords— Artificial Intelligence, Machine Learning,
Livestock Welfare, Precision Livestock Farming, Deep
Learning, Animal Behavior Analysis, Stress Detection.

I. INTRODUCTION

Using artificial intelligence (Al) and machine learning (ML)
in livestock management, real-time behaviour analysis, stress
detection, and predictive analytics have revolutionized
animal welfare. PLF is aided by the monitoring of
physiological and behavioural changes, the identification of
stressors, and the optimization of farm productivity while
guaranteeing ethical treatment. By using Al-powered
automation, predictive analytics for disease prevention, and
sensor-based monitoring systems, Al plays a critical role in
sustainable livestock management, reducing environmental
impact and enhancing animal welfare.

Non-invasive Al-powered monitoring systems that analyze
audio-video data and environmental sensors to identify
vocalization changes, movement irregularities, and
environmental discomfort have been developed as Al-
driven systems for animal behaviour and stress detection.
These systems enable proactive intervention. By using aural
signals and gentle electrical pulses, virtual fencing
technology—which makes use of ML-driven GPS-enabled
collars—helps cattle respect invisible limits, eliminating the
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need for physical barriers and enhancing welfare through
adaptive learning. Early disease identification is made
possible by Al-assisted l0T systems in chicken farming that
examine microclimate variables and identify anomalous
behaviour like decreased mobility or unusual eating habits.
To evaluate eating habits and movement anomalies, which
are early signs of illness or discomfort, Al has also proved
crucial in the analysis of flock dynamics using deep
learning techniques.

Beyond physical health, Al chatbots have demonstrated
promise in human emotional support and stress detection,
with potential applications for cattle welfare through facial
recognition and sentiment analysis in vocalizations. By
analysing variations in vocal tone, frequency, and
behavioural reactions, Al-driven sentiment analysis can
determine an animal's level of stress and discomfort. A
deeper understanding of animal mental discomfort is being
made possible by the development of Al-assisted
behavioural analysis frameworks, which will allow vets and
farm owners to intervene promptly. Al has also been
researched in optimizing social welfare systems, with
possible applications in livestock care assuring
individualized, need-based solutions. The combination of
artificial intelligence (Al) and wearable sensors in
automated health tracking systems enables the early
identification of anomalies, such as abrupt changes in
movement, heart rate, or temperature, that may point to
underlying medical conditions. Furthermore, combining
blockchain technology with artificial intelligence (Al) can
improve cattle management's traceability and transparency,
guaranteeing moral and sustainable practices and lowering
food supply chain fraud.

By analysing motion patterns, eating patterns, and
biometric data to infer stress levels, advances in Al-driven
predictive monitoring have made it possible to detect illness
and discomfort in cattle early. Large volumes of historical
and real-time data are used by Al-powered disease
prediction models to spot patterns in disease outbreaks and
stop infections before they become serious. By using Al-
driven adaptive learning to minimize stress and improve
boundary conditions through movement monitoring, virtual
fencing has brought new approaches to livestock
containment. To minimize overgrazing and guarantee
sustainable pasture management, Al-powered tracking
systems continuously modify grazing areas based on
environmental circumstances. Al-based sensor networks
measure temperature, humidity, and air quality to forecast
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disease outbreaks, while computer vision and deep learning
algorithms use video-based movement tracking to detect
early indicators of diseases in hens.

Another new development in animal welfare is the use of
Al to improve feed management through predictive
analytics. The best food compositions for each animal are
determined by machine learning models that examine
feeding patterns and nutritional data, guaranteeing balanced
nutrition and avoiding deficits. Al-enabled smart feeding
systems can precisely dispense feed, reducing waste and
increasing overall efficiency. Furthermore, early detection
of health problems in dairy cattle by Al-driven anomaly
detection in milk production can lower financial losses and
enhance milk quality.

The use of Al in farming has progressed beyond improving
the welfare of individual animals to maximizing the health
of entire agricultural ecosystems. Al is used by smart
farming technology to improve pasture rotation techniques,
optimize irrigation schedules, and monitor soil conditions.

. LITERATURE SURVEY

Incorporating Al and ML into livestock management has
revolutionized animal welfare by facilitating real-time
behaviour analysis, stress detection, and predictive analytics.
It also supports Precision Livestock Farming (PLF) by
tracking behavioural and physiological changes, identifying
stressors, and maximizing farm productivity while
guaranteeing ethical treatment. Al is essential to sustainable
livestock management because it reduces environmental
impact while enhancing animal welfare through the use of
sensor-based monitoring systems, predictive analytics for
disease prevention, and Al-powered automation.

Non-invasive Al-powered monitoring systems that analyze
audio-video data and environmental sensors to identify
vocalization changes, movement irregularities, and
environmental discomfort have been developed as Al-driven
systems for animal behaviour and stress detection. This
enables proactive intervention. By using aural signals and
gentle electrical pulses, virtual fencing technology—which
makes use of ML-driven GPS-enabled collars—helps cattle
respect invisible limits, eliminating the need for physical
barriers and enhancing welfare through adaptive learning.
Early disease identification is made possible by Al-assisted
loT systems in chicken farming that examine microclimate
variables and identify anomalous behaviour, such as
decreased mobility or irregular feeding patterns. Al has also
played a key role in flock dynamics analysis, evaluating
eating habits and movement irregularities—early signs of
illness or distress—using deep learning techniques.

Beyond physical health, Al chatbots have demonstrated
promise in human emotional support and stress detection,
with potential implications for cattle welfare through facial
recognition and sentiment analysis in vocalizations. By
analysing variations in vocal tone, frequency, and
behavioural reactions, Al-driven sentiment analysis can
determine an animal's level of stress and discomfort. A
deeper understanding of animal emotional discomfort is
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being made possible by the development of Al-assisted
behavioural analysis frameworks, which will allow vets and
farm owners to intervene promptly. With possible uses in
animal care that provide individualized, need-based
responses, artificial intelligence has also been investigated
in the optimization of social welfare systems.

By analysing motion patterns, feeding habits, and biometric
data to infer stress levels, advances in Al-driven predictive
monitoring have made it possible to identify illness and
discomfort in livestock early. Large volumes of historical
and current data are used by Al-powered disease prediction
models to spot patterns in disease outbreaks and stop
infections before they become serious. Al-driven adaptive
learning has brought new techniques for livestock
containment using virtual fencing, reducing stress and
improving boundary conditions through movement
analysis. In order to minimize overgrazing and guarantee
sustainable pasture management, Al-powered tracking
systems continuously modify grazing areas based on
environmental circumstances. Al-based sensor networks
check temperature and air quality, while computer vision
and deep learning algorithms use video-based movement
monitoring to detect early indications of infection in hens.

Al-driven automation must put animal wellbeing ahead of
productivity gains, necessitating those systems be built for
well-being rather than efficiency alone. This raises ethical
questions. It is necessary to address issues including over-
reliance on automation, psychological anguish from Al
interventions, and false positives in stress detection.
Maintaining ethical standards in Al-assisted cattle care
requires making sure Al systems are open, comprehensible,
and impartial. To eliminate algorithmic biases, Al models
must be transparent and equitable. At the same time, data
privacy and security must be preserved to avoid
misunderstandings and insufficient welfare measures.
Because stress behaviours vary among livestock species, Al
flexibility is essential. This is because different animals
have different vocalizations and movement patterns, which
call for species-specific models. Al models are more
dependable and efficient in identifying welfare issues when
they can learn about and adjust to livestock breeds.

Using non-invasive monitoring systems, loT-enabled
sensors, virtual fencing, and Al-driven disease prediction
models, the integration of Al and ML in livestock welfare
has greatly improved stress detection, disease prevention,
and behaviour analysis, thereby promoting humane,
sustainable, and effective livestock management. Robotic
feeding, cleaning, and monitoring systems powered by Al
lessen farm operators' workloads while preserving the best
possible living conditions for cattle. To guarantee that Al
serves as a tool that improves wellbeing rather than just as
an efficiency tool, ethical issues, openness, and flexibility
must be considered. Real-time multimodal stress detection,
species-specific Al models, and moral Al frameworks for
animal welfare should be the main areas of future study.

Through the use of loT-enabled sensors, virtual fencing, Al-
driven disease prediction models, and non-invasive
monitoring systems, the integration of Al and ML in
livestock welfare has greatly improved stress detection,

DOI: 10.55041/IJSREM46227 |  Page?


http://www.ijsrem.com/

SJIF Rating: 8.586

ISSN: 2582-3930

disease prevention, and behaviour analysis, resulting in more
humane, sustainable, and effective livestock management.
Al-powered robotic feeding, cleaning, and surveillance
devices lighten farm operators' workloads while preserving
the best possible living circumstances for animals. However,
to guarantee that Al serves as a tool that improves welfare
rather than just as an efficiency-boosting technology, ethical
issues, transparency, and flexibility must be addressed.
Future studies should concentrate on real-time multimodal
stress detection, species-specific Al models, and moral Al
frameworks for the wellbeing of livestock. The ethical and
long-term sustainability of Al in livestock care will depend
on how it is used responsibly, making sure that new
developments in technology are consistent with the values of
caring and humane animal care. Furthermore, more research
into Al-powered early warning systems and remote sensing
technologies can enhance biosecurity protocols and protect
animals from newly emerging infectious diseases. Al's
ability to improve cattle welfare decision-making will
depend on how well ethical duty, sustainable agricultural
methods, and technology innovation are balanced.

Al-driven automation must put animal wellbeing ahead of
productivity gains, necessitating those systems be built for
well-being rather than efficiency alone. This raises ethical
questions. It is necessary to address issues including over-
reliance on automation, psychological anguish from Al
interventions, and false positives in stress detection.
Maintaining ethical standards in Al-assisted cattle care
requires making sure Al systems are open, comprehensible,
and impartial. To eliminate algorithmic biases, Al models
must be transparent and equitable. At the same time, data
privacy and security must be preserved to avoid
misunderstandings and insufficient welfare measures.
Because stress behaviours vary among livestock species, Al
flexibility is essential. This is because different animals have
different vocalizations and movement patterns, which call
for species-specific models.

Waste management is a significant aspect of farming
operations that Al is helping to improve. A lot of waste is
produced by livestock production, including manure and
byproducts, which can pollute the environment if improperly
managed. Al-powered waste management systems reduce
the environmental impact of livestock operations by
analysing waste production rates and creating optimized
recycling, composting, and biofuel conversion plans. Farms
can establish circular economies by utilizing Al to transform
waste into valuable resources like biogas, organic fertilizers,
or renewable energy sources.

Al is transforming breeding systems by using genetic data
analysis to increase the productivity and health of animals.
Al assists in identifying desirable features like disease
resistance, increased milk yield, and improved growth rates
by analysing genetic markers using deep learning models.
Al-driven selective breeding initiatives make cattle herds
healthier and more resilient by lowering the need for
chemical and antibiotic interventions.  Al-driven
reproductive health monitoring in conjunction with genetic
optimization increases breeding success rates while
guaranteeing moral concerns in livestock reproduction.

Another new development in animal welfare is the use of Al

to improve feed management through predictive analytics.
To create the best diet formulas for each animal, machine
learning algorithms examine feeding habits and nutritional
data to provide balanced nutrition and avoid deficits. Al-
enabled smart feeding systems can precisely dispense feed,
reducing waste and increasing productivity. Furthermore,
early detection of health problems in dairy cattle by Al-
driven anomaly detection in milk production can minimize
financial losses and enhance milk quality.

I11. Proposed System

The intended AI/ML platform for animal wellbeing
monitoring extends conventional observation practices with
multimodal data fusion and deep learning. Modular by
design, it combines  behavioral,  physiological,
environmental, and managerial data to support proactive and
real-time welfare monitoring. A behavioral analysis of
motions and interactions module, a stress pattern
identification of signs of distress module, and a sensor
monitoring data acquisition layer are of primary importance.
Large Language Models and Generative Al are two instances
of advanced Al approaches that improve anomaly detection
and vocalization analysis. By fusing many data sources, the
system outperforms unimodal approaches and offers a
flexible and scalable precision livestock hushandry solution.

By integrating multiple sensors, the proposed cattle welfare
system employs Al and ML to scrutinize stress behaviors and
animal responses. It employs environmental monitoring
devices, on-animal sensor wearables, high-resolution
imagers, and microphones for capturing behavioral,
physiological, environment, and manager data. Al/ML
models process Kinematic data to track activity, audio data
for emotional state characterization, and imagery data to
monitor movement and distinguish between individuals.
Wearable and implant sensors monitor physiology
continuously, e.g., temperature and heart rate. While
management data  enhances  predictive  analytics,
environmental data provides situational awareness. Real-
time data preparation is facilitated by edge computing that
reduces latency and increases responsiveness.  Such
multimodal sources of data are integrated by Al-driven
algorithms to detect abnormalities, predict health issues, and
enhance animal welfare.

To analyze and compare cattle behavior, the Behavioral
Analysis Module employs AI/ML techniques such as
computer vision, time-series analysis, and natural language
processing (NLP). Although DeepLabCut supports pose
estimation for posture, stride, and mobility analysis,
computer vision utilizes YOLOv8 for object detection and for
markerless tracking.

Deep learning models such as CNNs, RNNs, LSTMs, Bi-
LSTMs, and CNN-LSTM hybrids extract space and time
information from video for behavior classification.
Kinematic data from wrist-worn sensors are processed using
time-series analysis, which uses feature engineering to
extract frequency domain features, statistical features, and
Overall Dynamic Body Acceleration (ODBA). RNNs and
LSTMs are among the sequential Al models that utilize
accelerometer and gyroscope data to identify activities. For
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greater accuracy, preprocessing frameworks are used to
prevent data leaks.

Through the combination of physiological data and
behavioral analysis, the Stress Pattern Identification Module
improves livestock welfare monitoring by identifying stress
patterns. Based on behavioral data of the Behavioral
Analysis Module, it applies anomaly detection algorithms to
detect changes in mobility, social interaction, feeding, and
activity levels. Al/ML models, such as computer vision for
postural stress indicators, time-series analysis for restlessness
detection, and natural language processing (NLP) for distress
vocalization analysis, improve stress recognition.

Physiological time-series streams are fed to anomaly
detection algorithms, which monitor physiological
information in real-time, like respiration rate, body
temperature, and heart rate, for anomalies. Thermal imaging
is a non-contact technique for monitoring temperature
fluctuations caused by stress.

Through the correlation of behavioral and physiological
abnormalities, multimodal fusion techniques improve the
reliability of stress measurement. Through multimodal
information fusion into a shared measure, the module
analyzes composite stress indices. Al models enable
proactive management of livestock and the early detection of
stress through both the analysis of internal physiological
reactions and external behavior.

The capability of the proposed animal welfare monitoring
system to merge and integrate data from multiple sensor
sources is crucial. Livestock monitoring data is
heterogeneous, coming from multiple sensors and having
different formats, sample rates, and noise levels. For every
modality of data, the system begins with an end-to-end
preprocessing and cleaning pipeline in an effort to cope with
this variability.

Noise reduction techniques are employed to ensure the
reliability and accuracy of auditory information. Image
enhancement and normalization are used to enhance image
quality and ready visual information for further analysis.

In this case, synchronization of the data streams of multiple
sensors is key to temporally synchronizing events detected by
different modalities—e.g., a sudden motion detected by a
camera or an abnormality detected by a wearable sensor.
Sensor timestamps play a crucial role in this process, and
accurate synchronization is imperative for valid analysis.

Data from different sensors is then aligned next after data has
been synchronized and cleaned. To effectively merge data
from sensors with different sampling rates, this can involve
techniques such as down sampling or up sampling, which
adjust the data streams to a comparable temporal resolution.
Data fusion is at the heart of this framework, as the system
combines data from different sensors using multiple fusion
levels.

The alerting and real-time monitoring capabilities of the
proposed system play a significant role in reacting swiftly to
potential cattle welfare issues. The system employs layered
architecture with edge devices for feature extraction and
preliminary processing to ensure low latency. The volume of
data that needs to be pushed to central servers or cloud

platforms for deeper analysis is reduced by these devices,
which are located near the sensors.

The system is designed to constantly scan data streams and
apply anomaly detection algorithms to detect significant
deviations from physiological baselines or normal behavior.
These algorithms, which can detect even subtle irregularities
and potentially uncover warning signs of disease or stress at
an early stage, vary from simpler statistical methods to
advanced machine learning methods.

For instance, the system can promptly identify an anomaly if
an animal's heart rate jumps or its activity level sharply
declines. For vital statistics such as body temperature or
prolonged inactivity, for example, pre-set thresholds may be
defined. The system would automatically alert selected staff
when an animal exceeds or dips below set parameters,
ensuring timely intervention.

The success of the system is contingent upon the
implementation of efficient alerting and escalation processes.
There are numerous methods by which alerts may be
provided, including visual dashboards, SMS, email, and
mobile apps. Alerting mechanisms for acknowledging,
tracking, and raising critical alarms not resolved in a timely
manner will also be covered by the system.

Complex data will be made understandable using effective
data visualization tools. For example, bar graphs can
compare measurements of different animals or groups, line
charts can show trends in critical parameters over time, and
heatmaps can present patterns across the herd, allowing
viewers to recognize trends quickly. Data can be filtered by
animal, behavior, or time frame using the system's tailored
displays.

Users will also be able to see, recognize, and fix warnings
using alert management features in the user interface. Users
will also have access to a history of past notifications so they
can review trends and recurring issues over time. The system
will also investigate adding integration with existing farm
management software to increase efficiency and deliver a
single platform that makes every aspect of farm
activities easier.

For assuring proper usage of the technology, serious ethical
concerns are raised by the advent and utilization of Al and
ML in animal welfare.

Data privacy and security are some of the key concerns.
Secure measures should be in place to avoid unauthorized
access since sensitive information about animals is being
collected. Clear policies regarding data usage, ownership,
and storage need to be established, and the system should
comply with all the relevant data privacy legislations.

IV. RESULTS

The use of a Random Forest Classifier to forecast the health
condition of cows is an important application of machine
learning (ML) and artificial intelligence (Al) in animal welfare.
The main aim of this research is to utilize ML methods to
effectively monitor cow health, allowing for early intervention
and better management practices. The process starts with data
loading and preprocessing, where the dataset is initially
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examined to comprehend its structure. To maintain data
integrity, missing values are dropped with the dropna()
function, removing incomplete entries that might jeopardize the
model's performance. Feature engineering techniques are also
implemented, where the date column is converted into two
separate temporal features—day_of week and month—so that
the model can identify possible time-related patterns affecting
cow health. The original date column is then dropped to prevent
redundancy.

After data preprocessing, the dataset is prepared for model
training. The process of feature selection includes the
segregation of the target variable, identified as "OK" (which
indicates the cow's health condition), from independent
variables that are important behavioral signs like activity level,
oestrus, and disturbance. For standardizing the numerical
features and having uniform scaling across variables, the scikit-
learn library's StandardScaler is used. This enhances the
model's capacity for understanding variations in the data. The
dataset is divided into training and test sets, 80% being used for
training and 20% for testing, to ensure a good assessment of the
model's generalization ability.

Feature Cormelation Heatmap

ow I FCONI03 £ 0000 SHLOGANII S IIONINN0S)  GUIANALY O LUKBOE ' "

S 0S5 AR K80 Lie 2% (v kw19 DEW|
. 2 £ M0 048
282 1n0iga)
0D O
e

o ax s
et 1Mo
s Thaae
e o 10803
10 Com W ey
e 0 xemul
3618 0ok oM Ta Bor ponnees antee s 2 ae cove I WG sre o
0 & U9LAs TH 1931 DR UST5 2 212K 13 ISATR2ITIN ol S 3
vt _crange
oL SU U 0 LRty SR 50 LA I e To0e - S 1 o
0y of_wewe) OOGUSOODDOTITIIA DORT 018 F24L 0108 0) 0020 COM D00 034 N s
S ONBII L1 000 U1 0 0NASH 000 018 L3 Aol doam -

1S 2313

The Random Forest Classifier, a type of ensemble learning, is
used for model training because it is strong in dealing with
intricate feature interactions and preventing overfitting. The
trained model is then applied to the unseen data, generating
predictions that attain an impressive accuracy score of 1.0. This
perfect performance indicates that the classifier can accurately
differentiate between healthy and unhealthy cows with absolute
precision. To further prove the reliability of the model, a
classification report is created showing that precision, recall,
and F1-score all have a perfect value of 1.00 for both classes.
Furthermore, the confusion matrix shows that there are no false
positives or false negatives, confirming the model's flawless
prediction ability.

One of the main contributions of this research is the assessment
of feature importance in the model, and the insights that this
gives into the main determinants of cow health are useful. The
results show that the most important predictors are
"disturbance” and "mixing,” with importance scores of
0.493555 and 0.212800, respectively. These results emphasize
the importance of regularly monitoring these parameters in
livestock husbandry practices because they are significantly
associated with cows' well-being. The possibility of identifying
such determinant features can help farm managers introduce
specific interventions, ultimately optimizing herd health
performance. In summary, this research highlights the ability of
machine learning in livestock surveillance and provides a basis
for using Al-based prediction systems for health in agricultural
operations.

V. CONCLUSION

The coupling of artificial intelligence (Al) and machine
learning (ML) in animal husbandry has transformed animal
monitoring and welfare improvement. By using Al-based
behavior analysis, stress recognition, and predictive analytics,
current Precision Livestock Farming (PLF) makes proactive
intervention  possible, preventing  disease  outbreaks,
maximizing farm performance, and ensuring ethical treatment.
The synergy of computer vision, time-series analysis, and
natural language processing (NLP) has made it possible to
create non-invasive monitoring systems that can process
vocalizations, movement patterns, and physiological
parameters for real-time stress detection.

Improvements in Al-driven wearable sensors, loT-based
monitoring, and blockchain integration have further improved
traceability, transparency, and sustainability in animal
husbandry. Virtual fencing with ML-powered GPS collars has
revolutionized livestock containment by reducing stress and
optimizing pasture management. Likewise, Al-driven disease
prediction models and sensor networks improve early disease
detection, allowing for timely veterinary intervention and
minimizing mortality. Further, Al-optimized feeding systems
have dramatically improved nutritional balance and reduced
wastage of resources, promoting economic and environmental
sustainability.

The ongoing development of Al for animal welfare guarantees
further enhancements in livestock behavior analysis, health
monitoring, and farm automation. Refining multimodal data
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fusion methods, enhancing Al model generalization in different
farm settings, and incorporating Al-based decision support
systems are necessary research avenues to enable more
effective livestock management. Through the exploitation of Al
capabilities, there is a guarantee for sustainable and ethical
livestock rearing with enhanced productivity while ensuring
animal welfare.
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