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Abstract 

Precision livestock farming (PLF) is revolutionizing conventional husbandry via the use of latest 

sensors and analytics to track each animal’s performance and surroundings in real time. This detailed 

study covers the development of PLF from basic identification tags and feed scales to the present day 

systems using cameras, wearable IoT devices and artificial intelligence. We cover main sensor 

categories (wearable accelerometers, environmental monitors, RFID and bolus sensors, imaging and 

acoustic systems, etc.), specifying their goal measurements, performance parameters, application 

scenarios and pros/cons. We also review data analytics techniques (statistical models, machine 

learning, deep learning, computer vision, edge vs. cloud processing) utilized to turn sensor data into 

actionable insights. We review applications in animal health (early illness detection, vital sign 

monitoring), welfare (behaviour tracking, stress indicators), productivity (precise feeding, growth and 

reproduction management) and environmental sustainability (climate control, emissions tracking). 

Discussion of key obstacles such as high prices, data management, connection in remote locations and 

regulatory/ethical concerns and stakeholder specific mitigating solutions. 

 
Keywords: Livestock, artificial intelligence, productivity, sustainability, cloud 

 

Introduction 

Precision livestock farming is a change in animal husbandry from managing groups of 

animals to monitoring and controlling individual animals. PLF, using sensors and analytics, 

allows each animal to be governed by its individual state and requirements [1]. This “per-

animal” method was recommended in the early 2000s and has been growing with Industry 

4.0 and IoT advancements. The idea is to employ technology to make livestock production 

more efficient, sustainable and better for animal welfare. Early examples were electronic 

milk meters and automated feeders that monitored output and consumption at the individual 

level [2]. More contemporary systems include digital tags, cameras and networked devices to 

gather data about behaviour, physiology and surroundings. Meanwhile, data science 

developments enable the processing of massive data streams into insights for disease 

diagnosis, breeding, feeding optimization and more [3]. This study addresses state of the art in 

PLF technology, sensor modalities and data analytics, applications, implementation 

challenges and future developments. We first review important historical events that have 

formed PLF, then discuss sensor types and their properties and then address data analysis 

methodologies. Applications in health, welfare, productivity and environment are discussed. 

After examining practical obstacles and ethical considerations, we examine future directions 
[4]. This evaluation is an integrated, in-depth analysis on the impact of sensors and analytics 

on livestock farming and will be used as a resource for academics, industry stakeholders and 

policy makers.  

The origins of precision livestock farming are based on the fundamental necessity to monitor 

production variables more precisely than via human observation [5]. In the 1970s and 1980s, 

electronic identification (EID) and automated weighing systems were introduced to check 

traceability and feed. More complex automated technology started to appear throughout time. 

For example, the first robotic milking systems were commercially accessible in the late 

1990s to 2000 [6].  
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Meanwhile, in the 1990s, researchers such as Berckmans 

and colleagues developed the notion of on-line monitoring, 

utilizing sensors and models to assess animal wellbeing in 

real time. With the advent of inexpensive wireless sensor 

networks and RFID in the 2000s the PLF evolved to allow 

digital monitoring of individual animals and their outputs [7]. 

The 2010s were marked by the explosion of IoT devices and 

smartphones, which made connection widespread on farms. 

During this time, the farms started to frequently utilize 

accelerometer collars (e.g. for estrus detection) and infrared 

cameras (e.g. body condition) [8]. A further leap came in the 

early 2020s, when big data platforms and machine learning 

were integrated, enabling mining of patterns from 

continuous sensor feeds. Over the longer term, more 

advanced AI (including large language models and 

federated learning) will be embedded in PLF for decision 

support and sensor miniaturization and cost reduction will 

continue to democratize the technology even for small-scale 

producers in the 2020s and beyond [9]. 

 

Sensor Technologies 

Wearable and Animal-Mounted Sensors 

Wearable sensors are designed to collect data directly from 

the animal. The most common are accelerometers and 

inertial units (IMUs), usually in collars or ear tags, which 

measure motion and orientation in 3D [10]. These track 

activity levels, standing/lying behaviour, steps walked and 

sometimes posture. Specifications often include sampling 

rates on the order of 10-50 Hz and multi-axis measurement. 

Use-cases include estrus detection (showing elevated 

activity), lameness alerts (abnormal gait) and general 

activity monitoring [11]. Pros include continuous monitoring 

and relatively low cost per sensor, cons include data noise 

and the need for battery power. Another class is temperature 

sensors: typically infrared (contactless) sensors or implanted 

devices (rumen boluses) that log body/core temperature. 

These help detect fever or heat stress. Typical specs might 

be accuracies of±0.1-1.0 °C. They can detect onset of 

infection or estrus (which raises temperature), but may miss 

localized issues (e.g. foot injury) [12, 13].  

 

Position and movement trackers such as GPS collars or 

tags measure animal location (accuracy ~3-10 m) and can 

record grazing patterns or detect escape. Pros are precise 

location data, cons are higher cost and battery 

drain. Pedometers (pressure-sensitive leg bands or mats) 

count steps or weight distribution, useful for gait analysis 
[14]. Vital sign monitors (e.g. heart rate belts, respiratory 

sensors) are emerging, e.g. chest-band sensors can estimate 

heart/pulse and breathing from body movements, aiding 

stress detection. Rumen boluses are swallowable capsules 

that reside in the stomach, they can measure internal 

temperature, pH and motion. These have limited life 

(battery) but provide internal physiological data, important 

for health and estrus monitoring [14]. 

 

Environmental and Production Sensors 

External sensors monitor the animal’s immediate 

environment.  

Temperature/humidity sensors track barn climate to ensure 

thermal comfort, typical specs (range 0-50 °C, ± 0.5 °C, 

humidity ± 2%). These feed into ventilation and heating 

control [15].  

Gas sensors measure ammonia, CO₂ and other air quality 

metrics in livestock housing to gauge ventilation needs [16].  

Light and sound level meters gauge conditions for welfare 

(e.g. too noisy or dark barn stresses animals) [17]. 

Feed and water intake sensors measure consumption. For 

example, scales or load cells under feed bunks record feed 

disappearance per animal or group, flow meters on water 

lines quantify individual or overall drinking rates [18]. These 

measure intake with precisions like±1-5% of volume or 

mass. High intake can indicate good health, while sudden 

drops may flag illness. Pros include direct insights into 

nutrition, cons include installation complexity and 

calibration needs. Automatic weight scales (walk-over-

weighing platforms) allow animals to be weighed as they 

pass, typical accuracy might be±2%. They provide periodic 

body-weight trends without manual restraint [19, 20]. 

Identification and counting sensors (e.g. RFID readers at 

gates, photoelectric beams) allow tracking of animals 

through systems (milking parlour entry, sorting gates) and 

counting. These indirectly measure presence/time of 

resource usage. Pros: non-intrusive, cons: limited to discrete 

checkpoints [21]. 

RGB cameras capture video or images of animals and pens. 

With computer vision, they can count animals, detect 

abnormal behavior, estimate body condition score, or 

monitor aggression. Cameras vary from simple static units 

to pan-tilt types, resolutions from VGA (640×480) to HD or 

higher [22].  

Thermal (infrared) cameras capture surface temperature 

patterns, identifying hotspots (e.g. inflamed udder for 

mastitis, hoof heat for lameness) or heat stress. They 

typically have thermal resolution of <0.1 °C and range of 

tens of meters [23].  

Depth cameras (stereo or time-of-flight, e.g. structured light 

sensors) create 3D data of an animal’s shape, used to 

estimate weight or body condition from volume. These often 

require short-range (~0-10 m) and can work in dark [24].  

Hyperspectral or multispectral cameras (less common in 

livestock, more in crop sensing) could measure subtle 

features (e.g. reflectance indicating bruising or illness), but 

are mostly experimental. Pros of imaging include non-

contact, the ability to monitor many animals at once and rich 

data. Limitations include sensitivity to lighting, occlusion 

(animals crowding) and heavy data processing requirements 
[25]. 

 

Acoustic and Other Sensors 

Microphones and acoustic arrays detect sounds like 

coughing, sneezing, vocalizations, or grinding teeth. In pigs 

or poultry, cough detection can indicate respiratory disease, 

in cattle, bellowing patterns or coughing count. These 

sensors pick up audible range or even infrasound. 

Algorithms process sound signatures to identify events [26]. 

Pros: can monitor continuously over wide areas, cons: 

background noise interference and processing needs. Other 

specialized sensors include wearable bio-sensors (e.g. sweat 

or saliva analyzers for hormone or metabolite detection), 

though these are mostly in development. Additionally, 

drones or UAVs equipped with cameras or thermal sensors 

are used to survey large grazing areas or detect stray 

animals, though these are not permanently mounted systems 
[27]. 
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Table 1: Sensor types in precision livestock farming, with measured variables, typical specifications, common applications [28, 29, 30, 31, 32] 
 

Sensor Type Measured Variables Typical Specs Common Use-Cases 

Accelerometer/IMU 

(wearable) 

Body movement (activity, 

steps, posture) 
3-axis, ~10-50 Hz sampling Activity monitoring, estrus detection, lameness 

Gyroscope (IMU) Angular motion/orientation 3-axis, ~50 Hz Posture analysis, refine motion tracking 

RFID Ear Tag (ID) Animal ID (passive) Range ~1 m (passive) Tracking entries/exits, feed station logging 

Smart Ear Tag/Collar 
Combined (ID, temp, activity 

etc.) 
Battery-powered, multi-sensor Health monitoring (temp, behavior), location 

Bolus Sensor Rumen temp, pH, motility Internal capsule, battery Detect fever, estrus (temp rise), rumen health 

GPS Tracker Location (lat/long, speed) GPS module, ~3-10 m accuracy Grazing behavior, virtual fencing 

Weigh Scale (platform) Body weight Accuracy±1-2%, ~1 ton cap. Routine weighing in exit lanes or stalls 

Feed Scale/Intake Sensor Feed mass flow or weight Flow meter or load cell 
Measure individual/group feed intake, feed 

conversion 

Water Flow Meter Water volume usage Flow rate sensor,±2-5% 
Track drinking patterns, detect dehydration or 

leak 

Infrared Thermometer Surface body temperature Range ~0-50 °C,±0.5 °C Fever screening, heat stress alerts 

 

Data Analytics and Methods 

Collecting data from sensors is only one half of the story. 

Turning that data into useful information takes a whole set 

of analytic approaches. PLF data analysis ranges from 

classical statistics to current artificial intelligence [33]. 

Methods may be roughly grouped as follows: 

 

Descriptive and Statistical Analysis: The analyses are 

elementary, using statistical techniques to describe data 

(means, trends, variance) and test hypotheses (regressions, 

ANOVAs). Charting average daily increase or herd milk 

supply over time helps spot strange things. Control chart 

(e.g. Shewhart, CUSUM) is used to determine when a 

parameter (e.g. milk conductivity) is outside of its usual 

boundaries and an alarm is sent [34, 35]. The strengths of the 

statistical approaches include interpretability and cheap 

processing requirements, the constraints are difficulties 

modelling complicated and nonlinear interactions and the 

necessity for established parametric assumptions. Standard 

methods include linear regression, threshold rules and time 

series decomposition [36]. 

 

Machine Learning (ML): The proliferation of data has 

increased the importance of ML techniques in PLF. 

Supervised learning techniques such as decision trees, 

random forests, support vector machines (SVMs) and 

gradient boosting can classify or predict outcomes based on 

labelled data samples [37]. For example, data from the 

accelerometer and activity may be used to train an ML 

model to identify estrus vs. non-estrus or diagnose mastitis. 

Unsupervised approaches (k-means clustering, principal 

component analysis) may locate patterns or outliers without 

labels [38]. This is important for anomaly identification (e.g. 

seeing calves acting differently). The pros of ML include its 

flexibility and capacity to understand complicated patterns. 

Cons of ML: Need of huge quality datasets and the danger 

of overfitting Common algorithms: Random Forest, SVM, 

k-NN, K-means and PCA Deep [39].  

 

Learning and Computer Vision: High resolution imaging 

is used with deep neural networks especially convolutional 

neural networks (CNNs) for visual tasks such as object 

identification (e.g. counting animals in a pen), behaviour 

recognition (e.g. laying vs standing vs eating) or health 

indicators (e.g. identifying lame cows from video) [40]. 

Recurrent neural networks (RNNs) and long-short-term 

memory (LSTM) networks are used for sequential data 

processing (e.g. time-series of activity or eating habits) for 

predicting events such as the beginning of sickness. Deep 

learning is good at unstructured data but needs a lot of 

labelled data and computing. Algorithms include CNN 

architectures like ResNet and YOLO for detection, 

RNN/LSTM for temporal data and autoencoders for 

anomaly detection [41]. 

 

Signal processing: Some data is considered as signals. For 

example, sound (microphone data) may be examined using 

Fourier transforms or wavelet analysis to produce properties 

of sound. Chewing patterns may be identified by data 

processing using vibrational sensors (e.g. jaw motion 

sensors). Feature extraction (MFCCs for sound, spectral 

characteristics, etc.) is commonly a pre-step to ML 

classification. The benefit is that it captures information in 

the frequency domain but demands skill in signal methods 
[42]. 

 

Edge & Cloud Computing: Data Analytics may be 

performed either on the device or in centralized servers. 

Edge computing is when you execute less complex 

algorithms on local hardware (e.g. microcontrollers or 

embedded processors on farm gateways) to pre-process data 

or detect local events (e.g., a threshold alarm). This cuts 

down on data transfer requirements and latency. But it is 

limited by hardware capacity [43]. Cloud-based analytics 

means data is sent to a distant server for storage and 

analysis. The cloud can run big-data frameworks (Hadoop, 

Spark) and deep learning training. Its pros include almost 

infinite computing and simple integration of heterogenous 

data sources, disadvantages are connection reliance, data 

security problems and possible delay. Hybrid fog/edge-

cloud systems are increasingly pushing certain analytics to 

the edge (real-time detection) while more complicated 

modelling happens in the cloud [44]. 

 

Data Integration and Fusion: The PLF generally involves 

several data streams (e.g. behavior, production, 

environment). These may be combined to increase accuracy, 

using techniques such as Kalman filtering or Bayesian 

fusion. For example, the position obtained from RFID can 

be merged with data from the accelerometer to corroborate 

the activity. Ensemble learning is used to increase the 

robustness of predictions, which is a combination of many 

ML models [45]. 

 

Decision Support and AI: Many PLF platforms contain 

expert systems or rule-based modules in addition to 
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algorithms that transform insights into actionable 

recommendations (e.g., notifications to farmers). Some 

systems may include knowledge of the domain (i.e., fever 

thresholds, known estrus patterns) to understand outputs. 

Emerging options include large language models (LLMs) or 

generative AI, for example, a PLF system may employ an 

LLM fine-tuned on animal health literature to interpret 

complicated data patterns in human language, or to 

recommend therapies in farmers’ terminology. These AI 

agents could also assist consolidate disparate data sources 

(weather, market prices) for wider decision support [46]. 

 
Table 2: Data analytics methods for PLF, with input data types, typical outputs, strengths and limitations and common algorithms [47, 48, 49, 50, 

51, 52] 
 

Method/Approach Input Data Types Typical Outputs Typical Algorithms/Tools 

Statistical Analysis Numeric sensor data (time-series) Trend plots, summary stats, flags Regression, control charts, ANOVA 

Time Series Modeling 
Continuous measurements (weight, 

intake) 
Forecasts, anomaly detection ARIMA, Kalman filters, moving avg 

Descriptive Thresholds Real-time sensor readings Alert if threshold exceeded Simple threshold rules 

Supervised Machine 

Learning 
Labeled datasets (sensor + outcome) 

Classification/prediction (e.g. 

estrus, disease) 
Random Forest, SVM, Logistic Regr. 

Unsupervised Learning Unlabeled sensor data Clusters, anomaly scores K-means, PCA, DBSCAN 

Neural Networks (Deep 

Learning) 

High-dimensional inputs (images, 

video, sensors) 
Complex predictions/classification CNN, RNN/LSTM, Autoencoders 

Computer Vision Camera images/videos 
Object counts, pose/behavior 

classification 
YOLO, Mask R-CNN, optical flow 

Signal Processing Audio/vibration signals 
Frequency-domain features, event 

detection 
FFT, wavelet transform, MFCC 

Edge Analytics On-sensor or near-sensor data Local alerts, aggregated metrics TinyML models, threshold checks 

 

Applications of PLF 

Precision livestock technologies span many applications, 

which we categorize here under animal health, welfare, 

productivity and environmental sustainability. 

 

Health Monitoring and Disease Prevention 

An early aim of PLF is to diagnose illness in a timely 

manner. Continuous monitoring may detect subtle signals of 

sickness before overt symptoms. For example, changes in 

food or drinking behaviors identified by intake sensors 

sometimes occur before clinical disease [53]. Accelerometer 

data showing restless or sluggish behaviour may suggest 

fever or lameness. Regular temperature checks, either using 

ear tags or infrared sensors, might detect fevers that a farmer 

would not notice. Computer vision can recognize aberrant 

stride or posture indicating lameness and thermal cameras 

may detect localized heat from inflammation (e.g. mastitis) 
[54]. If a microphone detects a person coughing or sneezing 

more often then it acoustically raises an alarm about a 

respiratory condition. Basically, PLF offers an automated 

triage, animals that deviate from their typical baseline 

trigger an alarm, enabling farmers or veterinarians to act 

early, frequently lowering the need for medications and 

improving outcomes [55]. PLF systems are very useful in 

preventive health as well as diagnosis. Environmental 

sensors control barn conditions (temperature, ammonia 

levels) at appropriate levels to reduce stress and danger of 

diseases. Hygiene (e.g. leak detection which contaminates 

water) and proper nourishment are assured via automated 

water and feed monitoring. GPS surveillance of free-range 

herds may tell if animals are straying into dangerous areas 

(ticks, predators) [56]. Good records help with breeding and 

immunizations. Immunizations can be targeted and 

screening can be focused. The outcome is a more proactive 

approach to managing herd health. Studies have indicated 

that farms that employ PLF health tools may decrease 

illness incidence and the usage of antibiotics, however the 

precise results will depend on the size and management of 

the farm [57]. 

Animal Welfare and Behaviour 

PLF is well suited to welfare monitoring since many welfare 

indicators are behavioural or subtle. Sensors provide 

continuous monitoring without the effect of human presence 

on behaviour. Collars may include accelerometers to 

measure lying time and activity levels for example [58]. 

Sudden changes (e.g. less lying, more standing) might 

indicate discomfort or pain. Cameras may identify 

aggressiveness, crowding or fall risks. Microphones can 

record stress-related vocalizations. Thermal or noise 

conditions are monitored by environmental sensors to see 

whether they are within comfort zones [59]. Together these 

statistics allow for an impartial assessment of wellbeing. For 

example, a PLF system may identify when barn temperature 

increases and broiler chicks are clustering in corners (using 

cameras) triggering ventilation. In pigs, more biting sounds 

or movement may indicate bad circumstances in a 

confinement [60]. Some of the automated welfare scoring 

algorithms are still in the research phase, but they are 

capable to measure gait impairment or weight distribution as 

a measure of lameness. Importantly, welfare-focused PLF 

does more than merely detect issues but also offers fixes 

(e.g. change light or feeding schedules) [61]. The challenge 

with welfare is to ensure technology does not depersonalize 

care. Although automated monitoring minimizes the need 

for continuous human observation, the PLF is best used as a 

complement to, rather than a replacement for, attentive care. 

“Farmers say that reliable alerts on welfare issues help them 

get back to them quicker,” Overall, PLF may enhance 

wellbeing by providing a responsive habitat, according to 

the condition of each animal [62]. 

 

Productivity and Efficiency 

 The economic promise of PLF is to boost productivity-

to obtain more output for every unit of input. Precision 

feeding is one significant use. Sensors measure 

individual intake and growth and enable meals to be 

adjusted to requirements [63]. For instance, automatic 

feeders may tailor the feed for each animal depending 
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on weight and milk supply, maximizing nutrition. 

Research has demonstrated that precision feeding may 

save feed waste and minimize feed costs by ensuring 

that each animal receives precisely the right amount. 

Real time surveillance of body weight (scales or camera 

based estimations) is useful in managing growth 

trajectories, vital in beef and lamb production [64].  

 Dairy PLF systems are used for managing milk 

production. Electronic milk meters record every cow 

per milking and allow examination of production 

curves. These technologies, along with mastitis 

detection sensors (conductivity, somatic cell counts 

using inline analyzers) allow an early treatment and 

hence reduce the loss of milk. Reproductive efficiency 

is also a beneficiary [65]. Activity sensors are 

extensively employed to detect estrus. A cow in heat 

will wander more. Electronic identification of this 

enables for timely insemination enhancing conception 

rates and shortening calving intervals. Monitoring 

systems for calving and feeding activities may provide 

early warning signs of postpartum problems (ketosis, 

metritis), hence boosting the recovery and future 

production of the dairy cow [66].  

 PLF for growing animals (pigs, poultry) may feature 

automatic weight control and feed intake monitoring for 

optimum feed conversion. Smart feeders that measure 

the amount of feed provided and denied may compute 

feed conversion rate per pen. Dieticians may use this 

knowledge to fine-tune diets [67]. Farmers also employ 

data analytics to mimic breeding and marketing 

situations. The bottom line of productivity increases is 

frequently larger yields (milk, meat, eggs) and cheaper 

cost of production, however the advantages must be 

greater than the technological expenses to be profitable 
[68, 69]. 

 

Environmental Sustainability 

 Increasing desire to reduce the environmental harm 

caused by contemporary cattle farming. The PLF has 

several uses. Precision feeding reduces nitrogen 

excretion by matching the meal to the precise needs of 

the animal and, therefore, reducing overfeeding of 

protein. Management of greenhouse gases may be 

achieved by monitoring emissions, e.g., using methane 

sensors or models, which can be fed intake data [70]. For 

example, if a cow’s diet can be changed to reduce the 

quantity of methane generated, an alert may be issued. 

Sensors in the surroundings also optimise energy use, 

with automated temperature management switching on 

ventilation or heating only when sensors detect a need 

for it, which in turn lowers power consumption and 

improves air efficiency [71].  

 A further worry is the use of GPS and satellite imagery 

to monitor grazing intensity in pasture management. 

Drones fitted with cameras might be used to evaluate 

the health of pastures so as to avoid overgrazing [72]. To 

help prevent nutrient runoff, PLF systems can monitor 

the production of manure and time its distribution to 

fields appropriately. Water sensors improve the 

efficiency of water consumption and may also uncover 

leaks at an earlier stage. All these aspects contribute to 

a higher resource efficiency, a lower carbon and 

nitrogen footprint and to the compliance with the 

environmental regulations [73].  

 Integration of environmental data with industrial data 

may result in a complete approach to sustainability. For 

example, the carbon footprint of a farm per liter of milk 

may be estimated by linking sensors for milk 

production with models of greenhouse gas emissions 
[74]. Tracking feed efficiency and waste in real time 

makes it feasible to make changes more rapidly. 

Therefore, PLF supports the productivity and 

sustainability objectives: more environmentally friendly 

farms tend to be more productive [75]. 

 

Implementation Challenges 

Despite the potential of PLF, deploying it at scale faces 

hurdles. These challenges can be technical, economic, or 

social. 

 Technical Integration: Existing infrastructure on most 

farms and new sensors and software must be able to 

interface with it. Device compatibility (various 

manufacturers/protocols) remains a problem. Wireless 

access might be unstable in barns or isolated pastures, 

making it difficult to get real-time data flow. The power 

supply of the sensors (battery life vs. frequency of data 

collecting) is a design trade-off [76]. Calibrating sensors 

in tough agricultural conditions (dust, humidity, animal 

interference) is not straightforward. Large quantities of 

data demand strong IT infrastructure. Many small farms 

lack experienced IT help. User interfaces have to sift 

through complicated data to provide clear warnings-bad 

design can result in farmers being bombarded with false 

positives or misleading graphs, which may lead to 

mistrust of the system [77]. These challenges may be 

addressed by technical robustness (waterproof, durable 

sensors), defined protocols (e.g. ISO standards for 

animal data) and smart software design. Reliability of 

connection and interoperability is of significant 

importance [78]. 

 Economic Barriers PLF systems are expensive to 

implement. Automated barns or robotic milking may 

cost hundreds of thousands of dollars, which may be 

acceptable on big dairies but not on small farms. Even 

tiny sensors and software subscriptions are a huge 

expenditure to a farmer with low margins [79]. The 

return on investment is not always instantaneous. It may 

take months for productivity increases to be seen. It is 

hard to put a price on the economic benefits of 

improved wellbeing or reduced use of antibiotics. Many 

farmers are reluctant to invest in innovation that hasn’t 

been demonstrated. To offset this, there is a need for 

strong value propositions. Cost may be dispersed via 

subsidies, leasing schemes or cooperative ownership 

(farmers sharing a service) [80].  

 Farmer adoption and skills: The adoption of 

technology is often dependent on the mindset of the 

farmer. Older farmers or those who are set in their ways 

may be resistant to change or be afraid of new 

equipment. Digital illiteracy is a barrier to accessing 

data dashboards or understanding analytics [81]. Cost is a 

major priority as financial risk is a significant barrier to 

adoption. Part of it is cultural opposition (to 

conventional livestock husbandry). Confidence building 

requires training and extended services. Peer to peer 

learning (farmers witnessing neighbours thrive with 

PLF) may enhance adoption. “Involving farmers early 

on in the design of the system will mean the technology 
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will solve real problems and have an interface that can 

be used. This problem has a medium priority. Social 

elements are dynamic, yet important for continued 

usage [82]. 

 Data Management and Privacy: PLF systems produce 

sensitive data: agricultural production records, health 

incidents, genetic or financial information. Questions of 

data ownership (who owns the data, the farmer or the 

vendor?), privacy and security come up. Data saved in 

the cloud can be subject to breaches [83]. There are also 

competitive intelligence issues with the use of big data 

(aggregated data across farms). Clear data regulations 

and encryption is what we need to deal with this. 

Federated learning (data remain on-farm) is a potential 

technological solution for privacy protection. There 

may be regulations that end up regulating agricultural 

data. Medium-high priority issue: if not solved, farmers 

may not share data and/or use technology [84].  

 Infrastructure and Scalability: In certain areas, 

particularly in poor nations, the essential infrastructure 

(electricity, Internet) is missing, which makes high-tech 

PLF not practicable. And even in rural pastures in 

nations, there is no guarantee of cell phone reception. 

We require scalable solutions (solar-powered, low-

bandwidth communication protocols). This is a medium 

priority. As global livestock production increases in 

developing nations, solutions need to be tailored to 

lower-resource settings [85]. 

 Technological Maturity: Finally, several PLF 

technologies are still in their infancy. For instance, 

vision systems for pigs or automated sheep scanners 

offer intriguing research outcomes but are not 

commercially viable. Widespread implementation will 

have to wait till proved reliable in different agriculture 

situations. The move from lab to farm is facilitated by 

prioritizing iterative testing, field trials and modular 

enhancements [86]. 

 

Ethical and Privacy Considerations 

Data Privacy: PLF farms of the future will create extensive 

data on each animal (health records, performance) and on 

farm operations. This data is significant not just to the 

farmers but also to technological businesses or other parties. 

Who owns this information? For instance, if a service looks 

at patterns in herd health, is the raw data available to the 

farmer or locked away in a vendor’s cloud? Data may be 

stolen or abused [87]. Farmers may be reluctant to use cloud-

based analytics if they are concerned about losing control of 

sensitive information (e.g., how their farm is doing 

compared to rivals). Must have comprehensive 

cybersecurity (encrypted data transfer and storage, secure 

authentication). Privacy should be built-in by design (edge 

computing, data anonymization, tight user agreements). 

Other legal and regulatory compliance (e.g. data protection 

requirements) may also apply. Farmers need clear 

agreements on what data is collected and how it is used and 

eventually the right to delete or export their data [88]. 

 

Ethics of animal welfare: PLF wants to promote wellbeing, 

but we need to examine the intrusion of sensors and 

automation. Continuous monitoring ensures the animals are 

always being watched, however you may consider if this 

might stress the animals, on welfare grounds. Most sensors 

(tags, collars) are generally low-profile although attention 

must be made in design (lightweight, comfortable 

attachments). Concern occurs when data compels output 

beyond natural boundaries or when farmers depend more on 

technology than observation [89]. The human-animal link is 

crucial and some worry that seeing of animals simply via 

data might lessen empathy or lead to their being treated as 

just industrial units. Note that PLF should enhance 

caretaking, removing routine chores from farmers to enable 

them to focus on attentive care and spot problems early to 

mitigate them [90].  

 

Ethical Farming Practices: A further concern is that PLF 

may enable more intensive systems with a superficial claim 

to sustainability. PLF could be used to drive animals harder 

(overfeeding for faster growth) and conceal welfare 

problems behind hi-tech management. Thus laws or codes 

of conduct may be required to ensure that efficiency does 

not undermine basic welfare standards. Transparent 

certification (e.g. labelling that animals were monitored with 

PLF for welfare compliance) should comfort customers [91]. 

 

Socioeconomic Impacts: Labour Automation in animal 

production can reduce some labour (e.g. milking robots 

replace milkers). There are societal implications for farm 

labourers and rural communities. Negative effects may be 

compensated by training and redeployment of labour (e.g. 

from manual to data processing). Producers should consider 

the wider community from an ethical standpoint in their 

planning [92]. 

 

Conclusion 

Precision livestock farming is an intersection of biology, 

engineering and data science, which aims to improve 

efficiency, sustainability and animal welfare in livestock 

production. The PLF has grown over the last decades from 

basic electronic tags and scales to complex networks of 

sensors and artificial intelligence. Today, farms have 

wearable activity trackers, sophisticated imaging systems, 

networks of environmental sensors and strong analytics to 

spot issues early and customize management to each animal. 

This review has explored the PLF technology landscape. We 

reviewed the whole gamut of sensors accelerometers, 

temperature boluses, cameras, microphones describing their 

operations and duties. We examined analytics tools from 

classical statistics to contemporary machine learning and 

deep learning and emphasized the significance of both edge 

and cloud computing for handling the flood of data. In 

practice, PLF systems are being used to protect animal 

health (e.g. early illness warnings), improve welfare 

(monitoring comfort and behaviour), increase production 

(precise feeding and breeding) and minimize environmental 

impact (optimised resource usage and emission tracking). 

Ethical and privacy issues (from ensuring animal welfare to 

protecting farm data) need to be addressed, legislated and 

regulated. Going ahead, cooperation between animal 

biologists, engineers, computer scientists and social 

specialists will be vital to solve these difficulties. It’s 

equally important to engage farmers at all stages to ensure 

the technology is practical and really helps in actual farm 

situations. In the future, developing technologies are 

expected to be integrated, providing even greater 

possibilities. We expect more advanced AI (including 

language-based interfaces), more robots and cheaper sensors 

to put PLF within the reach of all manufacturers. If these 
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inventions are motivated by sustainability and ethics, then 

PLF may become an important tool in the world issue of 

producing more animal protein with less resources. In 

conclusion, precision livestock farming is a promising 

approach to make livestock production more intelligent and 

responsible. With advancing technology, the challenge will 

be to ensuring innovation is matched by practicality, 

affordability and care for animals and communities. 
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