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1. Introduction 
Livestock farming plays an important role in global food security, rural livelihoods, and agricultural 
development by providing essential products such as milk, meat, eggs, and other animal-derived resources. 
However, increasing demand for livestock products, climate variability, resource limitations, disease 
outbreaks, and growing concerns regarding animal welfare and environmental sustainability have created 
significant challenges for conventional livestock production systems. Traditional farm management 
primarily depends on periodic manual observation and experience-based decisions, which may not provide 
sufficient capability for continuous monitoring and early identification of emerging health or 
environmental risks. Consequently, livestock production is increasingly moving toward intelligent, 
connected, and data-driven farming systems. 
The emergence of the Internet of Things (IoT) has significantly expanded opportunities for continuous 
livestock and farm monitoring. Wearable sensors, RFID devices, smart collars, environmental sensing units, 
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cameras, and other connected devices can continuously collect information regarding animal activity, body 
temperature, feeding behaviour, movement, location, and physiological conditions. Simultaneously, 
environmental sensors can measure temperature, humidity, air quality, ventilation, light intensity, and 
harmful gas concentrations within livestock facilities [1]. Continuous acquisition of these parameters 
provides a detailed representation of both animal conditions and their surrounding environment. 
While IoT provides the infrastructure required for continuous data acquisition, Artificial Intelligence (AI) 
enables intelligent interpretation of the large and heterogeneous datasets generated by smart livestock 
farms. Machine learning and deep learning techniques can identify complex relationships among animal 
behaviour, physiological responses, environmental conditions, and production characteristics [2]. These 
models can support early disease prediction, abnormal behaviour detection, environmental stress 
assessment, productivity estimation, and animal welfare evaluation. Computer vision and intelligent image 
analysis further enable non-invasive monitoring of animal posture, movement, body condition, and 
behavioural characteristics. 
An important emerging component of next-generation livestock farming is environmental intelligence, 
which extends conventional environmental monitoring by combining continuous sensing with intelligent 
analysis and predictive decision-making. Environmental factors can directly influence animal comfort, 
health, disease susceptibility, and productivity. For example, excessive temperature and humidity may 
increase heat stress, while inadequate ventilation and poor air quality can negatively affect animal health. 
Integrating these environmental variables with animal-specific data enables intelligent systems to identify 
relationships between environmental exposure and animal responses and to generate timely management 
recommendations [3]. The convergence of AI, IoT, and environmental intelligence therefore provides a 
foundation for transforming conventional livestock farms into interconnected and adaptive smart farming 
environments. In such systems, IoT devices continuously acquire animal and environmental information, 
communication technologies transfer the collected data, edge and cloud platforms support processing and 
storage, and AI models perform prediction and risk assessment [4]. The resulting information can be 
translated into alerts and management recommendations for farmers and, where appropriate, integrated 
with automated environmental control systems. 
Despite considerable technological progress, several challenges continue to limit the effective 
implementation of intelligent livestock farming. Heterogeneous sensor platforms, missing or noisy 
observations, communication limitations, energy consumption, cybersecurity, data privacy, 
interoperability, model interpretability, and cross-farm generalizability remain significant concerns [5]. 
Furthermore, many existing solutions focus independently on animal monitoring, environmental sensing, 
or AI-based prediction rather than integrating these capabilities within a unified decision-support 
framework. Therefore, this study focuses on next-generation smart livestock farming through the 
integration of AI, IoT, and environmental intelligence. The study examines the technological foundations of 
intelligent livestock monitoring, the role of environmental information in animal health and welfare 
assessment, and the integration of multi-source farm data for predictive analytics and decision support [6]. 
The overall objective is to establish an intelligent farming perspective that progresses beyond conventional 
monitoring toward predictive, adaptive, sustainable, and welfare-oriented livestock management. 
 

2. Literature Review 
The livestock farming sector is undergoing significant technological transformation due to the increasing 
adoption of Artificial Intelligence (AI), Internet of Things (IoT), sensing technologies, and data-driven 
environmental monitoring. Conventional livestock management largely depends on periodic physical 
observation and manual assessment of animal health, behaviour, feeding patterns, and environmental 
conditions. Such practices can become difficult to manage in large-scale farming systems where continuous 
monitoring is required. Recent research has therefore focused on smart livestock farming approaches that 
integrate connected sensors, intelligent analytics, and automated decision-support mechanisms to improve 
animal welfare, productivity, resource efficiency, and environmental sustainability. 
2.1 IoT-Based Animal and Farm Monitoring 
IoT has emerged as a fundamental technological component of smart livestock farming. IoT-enabled 
systems integrate wearable devices, environmental sensors, cameras, RFID tags, smart collars, and wireless 
communication technologies to continuously collect information from animals and their surrounding 
environment. Animal-related parameters such as body temperature, movement, feeding behaviour, 
rumination, heart rate, and activity level can be monitored alongside environmental variables including 
temperature, relative humidity, air quality, ventilation, light intensity, and harmful gas concentrations. 
Continuous sensing enables farmers to identify deviations from normal animal behaviour and 
environmental conditions considerably earlier than conventional observation-based practices. IoT 
platforms also facilitate remote monitoring by transmitting sensor observations to gateways, edge devices, 
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or cloud platforms [7]. However, limitations related to sensor reliability, network coverage, 
interoperability, power consumption, data security, and maintenance continue to restrict the large-scale 
deployment of IoT-based livestock monitoring systems. 
2.2 Artificial Intelligence in Livestock Management 
AI and machine learning techniques have increasingly been investigated for extracting meaningful 
information from continuously generated livestock data. Classification, regression, clustering, deep 
learning, and time-series modelling approaches have been applied for disease detection, animal behaviour 
recognition, productivity estimation, feeding management, reproductive monitoring, and welfare 
assessment. Machine learning models can identify complex relationships between physiological, 
behavioural, production, and environmental variables that may not be apparent through manual analysis. 
Deep learning approaches further support automated interpretation of images, videos, audio signals, and 
large-scale sensor streams [8]. Computer vision has been explored for animal identification, posture 
recognition, body condition assessment, lameness detection, and behavioural monitoring. Despite these 
developments, model generalizability, interpretability, dataset quality, computational requirements, and 
validation across different farm environments remain important research challenges. 
2.3 Environmental Intelligence and Animal Welfare 
Environmental conditions have a direct influence on animal health, comfort, productivity, and welfare. 
Temperature fluctuations, excessive humidity, poor ventilation, air pollutants, dust, and harmful gases can 
contribute to physiological stress and increased disease susceptibility. Consequently, recent smart farming 
research has expanded beyond animal-centric monitoring toward integrated environmental intelligence. 
Environmental intelligence involves continuous sensing and intelligent interpretation of farm 
environmental conditions in relation to animal responses. Parameters such as temperature and humidity 
can be combined into stress indicators, while air-quality measurements can support the identification of 
potentially harmful housing conditions. Integrating environmental observations with animal physiological 
and behavioural information enables more comprehensive welfare assessment [9]. Nevertheless, many 
existing systems analyze environmental and animal parameters independently, limiting their ability to 
capture the dynamic relationship between environmental exposure and animal health. 
2.4 Integrated AI–IoT Smart Livestock Systems 
Recent studies have increasingly investigated integrated architectures combining IoT sensing with AI-
based analytics. In such systems, distributed sensors continuously collect animal and environmental data, 
communication networks transmit observations, and edge or cloud platforms perform data storage and 
intelligent analysis. AI models subsequently generate predictions, alerts, and recommendations that 
support farm management decisions. Edge computing is particularly valuable for applications requiring 
rapid responses because selected data processing and prediction tasks can be performed close to the 
sensing environment. Cloud platforms provide complementary capabilities for long-term storage, large-
scale analytics, model training, and historical trend analysis. Integration of AI, IoT, edge computing, and 
cloud technologies therefore provides the technological foundation for autonomous and responsive 
livestock farming [10]. However, heterogeneous devices, fragmented datasets, communication constraints, 
cybersecurity concerns, and limited interoperability remain barriers to seamless integration. 
 
Table 1. Comparative Analysis of Existing AI, IoT, and Environmental Intelligence Approaches in 
Smart Livestock Farming 

Ref. Research Focus Technology / 
Method 

Major Contribution Identified Limitation / 
Gap 

[11] Precision 
livestock 
monitoring 

IoT, wearable 
sensors 

Continuous monitoring of 
animal activity, health, 
and behaviour 

Sensor reliability and 
connectivity issues 

[12] Animal health 
monitoring 

IoT and 
physiological 
sensors 

Early identification of 
abnormal physiological 
conditions 

Limited integration of 
environmental 
information 

[13] Livestock 
behaviour 
analysis 

AI, machine 
learning 

Automated classification 
of feeding, movement, 
and behavioural patterns 

Performance depends 
strongly on data quality 

[14] Disease 
prediction 

ML and predictive 
analytics 

Early estimation of 
livestock disease risk 

Limited validation across 
different farms and 
breeds 

[15] Automated 
animal 
monitoring 

Deep learning, 
computer vision 

Non-invasive recognition 
of animal behaviour and 
physical conditions 

High computational and 
data requirements 
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[16] Environmental 
monitoring 

IoT environmental 
sensors 

Monitoring of 
temperature, humidity, 
gases, and air quality 

Environmental 
parameters often 
analysed independently 

[17] Heat-stress 
assessment 

Environmental 
sensing and ML 

Prediction of thermal 
stress using climatic and 
animal parameters 

Limited adaptation to 
changing climatic 
conditions 

[18] Smart livestock 
management 

IoT, cloud 
computing 

Centralized storage, 
analytics, and remote 
farm monitoring 

Latency and continuous 
network dependency 

[19] Animal welfare 
assessment 

AI and multimodal 
sensing 

Integration of 
behavioural and 
physiological indicators 
for welfare assessment 

Limited explainability of 
AI predictions 

[20] Sustainable 
livestock farming 

AI, IoT, 
environmental 
monitoring 

Improved resource 
utilization and data-
driven farm management 

Sustainability and 
welfare objectives are not 
always jointly considered 

 
2.5 Research Gaps and Emerging Directions 
The literature demonstrates considerable progress in IoT-enabled monitoring, AI-based prediction, and 
automated livestock management. However, many existing approaches concentrate on individual 
technological components or isolated applications such as disease detection, activity monitoring, feeding 
optimization, or environmental sensing. Comparatively fewer frameworks provide unified analysis of 
animal, environmental, behavioural, and operational farm data. 
Another significant limitation is the insufficient incorporation of environmental intelligence into AI-driven 
livestock decision-making. Environmental measurements are frequently treated as supplementary 
variables rather than continuously interacting factors affecting animal welfare and health. Challenges also 
remain regarding explainable AI, real-time processing, cross-farm model generalization, data 
interoperability, privacy, cybersecurity, energy-efficient sensing, and long-term system scalability. 
Future smart livestock farming systems therefore require an integrated architecture in which IoT-based 
sensing provides continuous observations, environmental intelligence characterizes changing farm 
conditions, and AI models transform heterogeneous data into predictive and actionable knowledge. Such 
integration can facilitate early risk detection, adaptive environmental control, improved animal welfare, 
optimized resource utilization, and more sustainable livestock production. This research direction 
provides the foundation for developing next-generation intelligent livestock farming frameworks capable 
of moving from simple monitoring toward predictive, adaptive, and increasingly autonomous farm 
management. 
 

3. Environmental Intelligence and Animal Welfare Management 
Environmental conditions strongly influence animal health, behaviour, productivity, and overall welfare in 
livestock production systems. Variations in temperature, humidity, ventilation, air quality, lighting, and 
housing conditions can create physiological and behavioural stress, particularly when animals are exposed 
to unfavorable conditions for extended periods. Environmental intelligence provides a data-driven 
mechanism for continuously observing these conditions, analysing their effects on livestock, and 
supporting timely management interventions. By combining environmental sensing with AI-based 
analytics and animal-specific information, smart livestock farms can move from reactive management 
toward predictive and preventive welfare management. 
3.1 Monitoring of Livestock Environmental Conditions 
Continuous environmental monitoring is an essential component of intelligent livestock farming. IoT-
enabled sensors can measure important parameters such as ambient temperature, relative humidity, 
carbon dioxide, ammonia concentration, particulate matter, airflow, light intensity, and other housing-
related conditions. These observations can be collected at regular intervals and transmitted through 
wireless networks to edge or cloud platforms for further processing. Continuous monitoring provides a 
more detailed representation of the livestock environment than occasional manual measurements. Sensor 
observations can be analysed to identify abnormal environmental conditions, spatial variations within 
housing facilities, and long-term trends. For example, elevated temperature combined with high relative 
humidity can indicate conditions associated with thermal stress, while increasing concentrations of 
ammonia or carbon dioxide may indicate insufficient ventilation. Smart monitoring systems can therefore 
generate early alerts before environmental conditions substantially affect animal health or productivity. 

http://www.svedbergopen.com/


www.svedbergopen.com                                 International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.6s, 2026                                                                                                                                                            1234 

3.2 Environmental Stress and Animal Health Assessment 
Environmental stress occurs when surrounding conditions exceed an animal's ability to maintain normal 
physiological functioning and behavioural comfort. Heat stress represents one of the most significant 
environmental challenges in livestock production, particularly under increasing temperature variability 
and climate change. Prolonged thermal stress can influence feed consumption, reproductive performance, 
growth, milk production, immune response, and disease susceptibility. Environmental intelligence enables 
multiple environmental parameters to be analysed together with physiological and behavioural indicators. 
Temperature, humidity, air quality, activity level, body temperature, feeding behaviour, and movement 
patterns can collectively provide a more comprehensive assessment of animal stress. AI models can learn 
relationships between these variables and identify patterns associated with emerging stress conditions. 
Such integrated assessment is important because similar environmental exposure may produce different 
responses depending on animal species, age, health condition, housing system, and duration of exposure. 
Consequently, intelligent systems can provide more context-aware assessments than approaches based 
only on fixed environmental thresholds. 
3.3 AI-Based Disease and Welfare Risk Prediction 
AI provides an important mechanism for transforming continuously generated animal and environmental 
data into predictive information. Machine learning algorithms can analyse historical and real-time 
observations to identify patterns associated with disease, behavioural abnormalities, physiological stress, 
or declining welfare conditions. Classification models can categorize animals into different risk levels, while 
regression approaches can estimate continuous health, stress, or productivity indicators. Deep learning and 
time-series models can further capture temporal dependencies within continuously collected sensor 
observations. Computer vision can complement sensor-based analysis by detecting changes in posture, 
movement, feeding behaviour, social interaction, and other observable welfare indicators. Such predictive 
capabilities enable farmers to intervene before observable symptoms become severe. However, prediction 
models require reliable and representative datasets, appropriate validation, and sufficient interpretability 
to support practical farm-level decisions. 
3.4 Climate-Aware Livestock Management 
Climate variability introduces additional challenges for sustainable livestock production. Increasing 
temperatures, changing rainfall patterns, extreme weather events, and variations in water and feed 
availability can influence livestock health and production environments. Smart livestock systems therefore 
need to incorporate climate-related information along with local farm measurements. Environmental 
intelligence can combine real-time microclimatic sensor observations with historical environmental 
records and weather information to anticipate potentially stressful conditions. Predictive models can 
estimate periods of increased heat-stress risk and support preventive actions such as improving 
ventilation, activating cooling systems, modifying feeding schedules, adjusting water availability, or 
changing housing management practices. The integration of climate information also enables longer-term 
planning. Historical and predictive environmental patterns can assist farms in evaluating infrastructure 
requirements, energy demand, water consumption, and potential seasonal welfare risks. Climate-aware 
intelligence therefore connects short-term animal welfare management with broader objectives of climate 
resilience and sustainable livestock production. 
3.5 Sustainable Resource and Farm Environment Management 
Environmental intelligence can contribute not only to animal welfare but also to efficient utilization of farm 
resources. Continuous monitoring of environmental and operational conditions enables water, energy, 
feed, ventilation, and cooling resources to be managed according to actual requirements rather than fixed 
schedules. AI-based decision-support systems can analyse environmental conditions together with animal 
requirements and recommend appropriate management actions. For example, ventilation and cooling 
equipment can be operated according to predicted thermal stress rather than continuously, potentially 
reducing unnecessary energy consumption. Similarly, intelligent monitoring of water consumption and 
feeding behaviour can help identify abnormalities while supporting efficient resource utilization. Through 
this integrated approach, next-generation livestock farming can simultaneously address animal welfare, 
environmental quality, productivity, resource efficiency, and sustainability. Environmental intelligence 
consequently serves as an important bridge between IoT-based monitoring and AI-driven decision-making, 
enabling livestock farms to evolve into more responsive, adaptive, and sustainable production 
environments. 
 

4. Integrated Next-Generation Smart Livestock Farming Framework 
The proposed next-generation smart livestock farming framework integrates Artificial Intelligence (AI), 
Internet of Things (IoT), environmental intelligence, and intelligent decision-support mechanisms within a 
unified architecture. The framework is designed to continuously observe animal and environmental 
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conditions, integrate heterogeneous data, identify emerging health and welfare risks, and provide timely 
management recommendations. Unlike conventional monitoring systems that primarily report current 
conditions, the proposed framework emphasizes predictive and adaptive livestock management. 
4.1 Architecture of the Proposed Smart Farming Framework 
The framework begins with continuous acquisition of animal, environmental, and farm-management data. 
IoT-enabled wearable devices, RFID systems, smart collars, environmental sensors, cameras, and other 
connected devices provide information regarding animal activity, body temperature, movement, feeding 
behaviour, location, temperature, humidity, air quality, ventilation, and housing conditions. The collected 
information is transmitted through suitable wireless communication technologies to gateway or edge-
computing devices. Edge processing enables preliminary filtering, validation, aggregation, and rapid 
analysis of sensor observations. Relevant information is subsequently transferred to cloud-based platforms 
for storage, historical analysis, model training, and large-scale processing. 
The overall architecture can be represented as: 

 
Figure 1. Deployment Architecture of the Proposed Smart Livestock Farming Framework 
 
This layered architecture establishes a continuous connection between physical farm conditions and 
intelligent digital management. 
4.2 Multi-Source Livestock and Environmental Data Integration 
Smart livestock farms generate heterogeneous data from multiple sources. Animal-related information 
may include physiological parameters, movement, activity, feeding behaviour, production indicators, and 
visual observations. Environmental data can include temperature, humidity, ammonia, carbon dioxide, 
particulate matter, airflow, and light conditions. Additional information can be obtained from weather 
services, historical farm records, and management systems. Before integration, the collected data require 
preprocessing to handle missing values, sensor errors, noise, inconsistent sampling frequencies, and 
differences in measurement scales. Data cleaning, normalization, temporal synchronization, feature 
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extraction, and data fusion can therefore be applied to produce a consistent analytical dataset. Integrated 
data provide greater contextual information than isolated measurements. For example, reduced animal 
activity alone may not necessarily indicate poor health. However, reduced activity combined with increased 
body temperature, decreased feeding, and unfavorable environmental conditions may represent a stronger 
indication of emerging stress or disease. Multi-source integration therefore improves the contextual 
understanding required for reliable intelligent decision-making. 
4.3 AI-Driven Prediction and Decision Support 
The integrated dataset is analysed using AI and machine learning models to identify patterns associated 
with animal health, welfare, environmental stress, productivity, and farm conditions. Classification models 
can determine health or welfare risk categories, while regression models can estimate continuous 
indicators such as stress levels or expected productivity. Deep learning and time-series models can capture 
complex temporal relationships within continuously generated sensor observations. 
The prediction process can be expressed as: 

 
Figure 2. AI-Driven Prediction and Decision Support Framework 
 
Instead of providing only a predicted class, the decision-support component translates model outputs into 
meaningful farm-management information. Animals or environmental zones may be categorized as normal, 
moderate risk, or high risk. The system can subsequently recommend appropriate actions such as animal 
inspection, environmental adjustment, increased ventilation, cooling, feeding modification, or veterinary 
assessment. 
4.4 Automated Monitoring, Alerts, and Farm Management 
Automation represents an important progression from smart monitoring toward intelligent farm 
management. When abnormal animal behaviour, environmental stress, or health risks are identified, the 
proposed framework can generate real-time notifications for farmers and farm managers. For selected 
applications, predictions can also be connected with automated farm-control systems. For example, 
ventilation or cooling equipment may be activated when environmental conditions indicate increasing 
thermal stress. Similarly, abnormal feeding or drinking behaviour can trigger animal-specific alerts for 
further inspection. This continuous feedback mechanism enables the system to evaluate the effect of 
management interventions and update subsequent decisions using newly collected observations. Human 
supervision remains important, particularly for health-related interventions, while automation supports 
rapid response and reduces the burden of continuous manual monitoring. 
4.5 Challenges, Future Technologies, and Research Opportunities 
Although integrated smart livestock farming offers significant potential, practical deployment involves 
several technological and operational challenges. Sensor failure, missing data, battery limitations, network 
connectivity, heterogeneous communication standards, cybersecurity, data privacy, and interoperability 
can influence system reliability. AI models may also experience reduced performance when applied to 
farms, breeds, climatic regions, or management conditions that differ substantially from their training 
environments. 
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Future research should therefore emphasize robust multi-modal data fusion, explainable AI, privacy-
preserving analytics, energy-efficient sensing, edge intelligence, and cross-farm model validation. Digital 
twins could provide virtual representations of livestock facilities for testing alternative environmental and 
management scenarios. Federated learning may enable collaborative model development across farms 
while reducing the need to centralize sensitive farm data. Advanced computer vision, multimodal 
foundation models, and autonomous sensing systems may further improve behavioural and welfare 
assessment. 
The proposed framework consequently establishes an integrated pathway from continuous sensing to 
intelligent and sustainable farm action. By combining IoT connectivity, environmental intelligence, AI-
based prediction, and adaptive decision support, next-generation livestock farms can progress toward 
proactive management of animal health, welfare, environmental conditions, and resource utilization. 

 
5. Conclusion 
Next-generation smart livestock farming represents a transition from conventional observation-based 
management toward intelligent, connected, and data-driven production systems. The integration of 
Artificial Intelligence, Internet of Things, and environmental intelligence provides an effective foundation 
for continuously monitoring animal health, behaviour, welfare, and surrounding environmental conditions. 
IoT-enabled sensors and wearable devices facilitate real-time data acquisition, while AI and machine 
learning models transform heterogeneous livestock and environmental data into meaningful predictions, 
risk assessments, and management recommendations. Environmental intelligence further strengthens 
smart livestock systems by establishing relationships between changing farm conditions and animal 
responses. Integration of temperature, humidity, air quality, physiological, behavioural, and production 
information can support early identification of environmental stress, health abnormalities, and welfare 
risks. Edge and cloud computing additionally provide the processing capabilities required for real-time 
analysis and long-term farm intelligence. Despite these opportunities, challenges associated with sensor 
reliability, interoperability, connectivity, cybersecurity, data quality, model explainability, and cross-farm 
generalization must be addressed for widespread implementation. Future livestock farming systems 
should therefore emphasize robust multimodal analytics, explainable AI, edge intelligence, digital twins, 
privacy-preserving learning, and adaptive environmental control. Overall, the convergence of AI, IoT, and 
environmental intelligence can enable predictive, sustainable, resource-efficient, and welfare-oriented 
livestock farming, supporting both improved animal management and the long-term sustainability of 
livestock production. 
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