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Abstract

Goats are important livestock species in most rural households and were amongst the first
species to be domesticated. Despite this, their production is based on extensive systems,
exposing them to numerous challenges affecting their productivity. This review examines
the applications of precision livestock farming (PLF) and Al-driven technologies in goat
management, focusing on their impacts on productivity, welfare, genetic potential, health
monitoring, feeding efficiency and sustainability outcomes and identifying challenges for
their adoption in smallholder and extensive systems. Unlike previous reviews that focus
mainly on cattle raised under intensive systems, this review synthesizes their use in goat
production and highlights technological, socio-economic and infrastructural constraints.
A conventional literature review approach is used, with studies retrieved from major da-
tabases using relevant keywords. The selected studies are evaluated to assess technologi-
cal applications, benefits and adoption challenges, followed by a SWOT analysis. Engi-
neering aspects of precision livestock farming —including sensors, data connectivity, sys-
tem integration, automation and scalability —are also discussed. Ideally, these technolo-
gies operate as integrated decision-support systems that jointly improve productivity, an-
imal welfare and sustainability, rather than performing isolated tasks. However, many
PLF solutions remain at low technology-readiness levels and are constrained by infra-
structure gaps, sensor reliability and compatibility issues, which collectively limit adop-
tion in smallholder systems. Future research should focus on the development of cost-
effective, reliable PLF systems for smallholder producers, while policy and capacity-
building initiatives are needed to enhance infrastructure, training and technology adop-
tion for scalable implementation.

Keywords: artificial intelligence; goats; precision livestock farming; small ruminants;
SWOT

1. Introduction

Global demand for animal-source protein is rising and is projected to continue to
increase, driven by population growth and shifting dietary preferences. Therefore, live-
stock farming should be tailored towards meeting this demand while safeguarding
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animal welfare and remaining feasible for resource-constrained households [1]. Goats
(Capra hircus) were among the first livestock species to be domesticated by humans and
they hold a profound historical and cultural significance for many societies [2]. Currently,
there are more than 1335 million goats worldwide, with Asia producing the largest pop-
ulation of goats, at 388 million heads (28.9% of the global total), followed by Africa, with
about 348 million heads (26.1%), and the USA, Europe and Oceania, reporting 278 million
(20.8%), 232 million (17.4%) and 12.5 million heads (0.9%), respectively [3].

Despite their large population, especially in developing countries, goats are still pre-
dominantly raised under traditional management systems, mainly extensive systems in
which animals move freely in search of pasture and water [4,5]. From an engineering per-
spective, this creates a major technological gap because free movement complicates mon-
itoring and is associated with multiple production constraints, including the risk of ge-
netic erosion, harsh environmental conditions, diseases, poor feed and water availabil-
ity/quality, limited breeding and genetic improvement activities and restricted access to
veterinary services [4—6]. Although these systems are widely applied and culturally pre-
ferred, based on the claim that goats are adaptable to these harsh conditions, automation
challenges and system scalability limitations persist, affecting these systems” productivity
and sustainability. Furthermore, these farming systems also expose animals to predation,
leading to economic losses due to a significant reduction in flock size [7]. In addition, in-
accurate and inadequate record keeping on most farms makes it difficult to monitor ani-
mal health, breeding history, herd management effectiveness and performance [8,9].

Extensive systems present specific engineering challenges: pastoral movement in
search of feed and water complicates the monitoring of individual animal welfare [9].
Most PLF solutions have been developed for housed or intensive systems and do not
translate well to pastoral contexts, where scalable multi-sensor platforms for large grazing
areas are still lacking. In addition, the use of manual observations has been seen to yield
30% error rates as compared to continuous PLF data streams [10]. Genetic potential also
often remains unquantified because genomic and phenotypic data are not integrated [8].
As aresult, evaluating individual genetic merit and optimizing management are difficult,
increasing the risk of losing valuable genetic resources. In many systems, decisions still
rely on visual observation and farmers’” experience, which may not meet the requirements
of modern livestock production because these approaches are time-consuming, labor-in-
tensive and prone to substantial error [9]. Although PLF/AI has revolutionized intensive
livestock systems by increasing feed efficiency by 25% and improving disease detection
by 95% [10], its application in small ruminants, specifically goats, within extensive sys-
tems lags significantly behind. Therefore, with the current development of improved PLF
technologies driven by Al, farmers are encouraged to adopt digital solutions for their live-
stock production, as these tools have been shown to improve efficiency in many livestock
species [11].

The use of Al through computers was first documented in the 1950s [11], and the
term Al was defined by Tripathi [12] as the imitation of human intelligence in machines
which encode and reason like humans. Currently, computers can perform self-learning
(known as machine learning) [13,14]. In intensive goat systems, Al enables edge-compu-
ting for offline rumen pH prediction, LoORaWAN tracking across unpredictable networks
and predictive analytics from intermittent rural data capabilities absent in extensive PLF
systems. This has recently provided solutions to various challenges encountered in animal
farming and veterinary activities. Unlike existing reviews focused on dairy and beef cattle
under intensive production systems, this paper fills the engineering gap for the extensive
farming of small ruminants, especially goats, through structured objectives. This review
therefore aims to assess various PLF and Al technologies used in modern goat farming,
evaluate challenges in their application and provide probable solutions to address these
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challenges with the aim of achieving an effective and efficient sustainable goat husbandry
system.

2. Materials and Methods

The conventional literature review methodology was used for this research work due
to its adaptability and exploration qualities. The following keywords were used in differ-

] a7

ent combinations, aiming to find relevant information: “small ruminants”, “goats”, “pre-
cision livestock farming”, “artificial intelligence”, and “livestock”. Web of Science (WoS),
Scopus and Google Scholar were used. No specific timeframe restrictions were employed
in filtering the relevant research articles from reputable scholarly journals, and both re-
views and original research articles were equally prioritized in the literature selection pro-
cess. Publications that did not have full-text accessibility or were not published in English
were excluded. Strengths, Weaknesses, Opportunities, Threats (SWOT) analysis was per-
formed by reviewing the selected literature and grouping studies into four categories; this
analysis was then visualized using Microsoft PowerPoint (Microsoft Corporation, Red-
mond, WA, USA), while tables were created based on information from the reviewed ar-
ticles.

3. PLF Concept and Technologies

PLF is enabled by advances in Al and has been shown to modernize goat husbandry.
PLF is an interdisciplinary model that integrates information technology, data science and
innovative animal management to provide smart livestock management [15]. Al through
the use of machine learning and computer vision, has further improved PLF by automat-
ing complex livestock data, thereby improving decision-making. PLF can therefore be de-
fined as a set of real-time processes and tools used to manage livestock activities on farms,
without necessarily replacing human labor [16]. These technologies rely on the continuous
monitoring of animal health, production, reproduction, welfare and environmental con-
ditions. However, the maturity, validation level and field robustness of PLF tools vary
considerably across applications and many are not yet suitable for large-scale farm imple-
mentation. PLF systems use a range of technologies, including cameras, sensors, micro-
phones and Internet of Things (IoT) devices such as radio frequency identification (RFID)
tags, global positioning system (GPS) trackers, accelerometers and weight sensors [17].
These systems therefore generate large databases from various farm activities, which are
then analyzed using data mining and various Al techniques to obtain important infor-
mation related to livestock for decision-making purposes [18]. Table 1 presents various
PLFs used in livestock, specifically in small ruminants. It classifies PLF/AI technologies
by their current adoption stage, highlighting gaps where research has not yet been transi-
tioned to industry use, for example UAV-based monitoring and Al fiber analysis. While
identification and milking technologies are widely applied in goats and sheep, advanced
monitoring tools, including rumen boluses and kidding detection, remain limited to ex-
perimental or commercial production systems.

Table 1. Various precision livestock farming and artificial intelligence technologies used in the

management of small ruminants.

Technologies Uses Species Developmental Stage References
Electronic ear tag Individual animal identification Goats Applied [19]
Ruminal bolus Electronic identification Goat Applied [20]
Automatic vacuum cut- — . .

ting devices (AVCDs) For milking and recording Goats Applied [21]

GPS and thermistor Sheep urine sensor with Sheep Research/Conceptual [22]
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Automatic vacuum shut-
off, milk recording, elec-

Milking, recording and identification

tronic identification, flock of individual animals Sheep and goats Applied [23]
management software
and sort gates.
e-ID for semi-automatic .. . .
milk Recording in dairy goats Goats and sheep Applied [24,25]
Unmanned aerial vehicle Use of a drone to monitor sheep [26]
(UAV) Classification and counting of quad- Sheep Research/Conceptual [27]
mask R-CNN. copter aerial images using

Predicting DMI by assessing body
Artificial neural network weight (BW), body condition score Goats Research/Conceptual [28]

(ANN) model

(BCS), average daily gain (ADG) and
metabolic body weight (MBW)

Individual animal identi-
fication and tracking sys-

Use ultra-wideband (UWB) localiza-
tion systems and sensor-fusion sys- Sheep Research/Conceptual [29]

tems tems to track individual animals

GPS collars Monitoring the grazing behav1-or and Dairy goats Applied [30]
and leg sensors energy balance of goats browsing

Weight monitoring plat-

form integrated with the Body weight tracker Goats Applied [31]
internet of things (IoT)

Inertial f

r-1ert.1a Sensors fot goat Automatic parturition detection Goats Research/Conceptual [32]
kidding detection

Global navigation satel-

lite system (GNSS) Monitoring the ex.tent, intensity and Sheep and goats  Applied [33]
tracker and environmen- frequency of grazing

tal sensors

Deep neural networks Distinguishing fibers based on their

(DNN) and support vec- ni eg oc trgl onature Goats Research/Conceptual [34]
tor machine (SVM) Hnique sp SIgnatres

I T )

Wireless bolus sensors lt\j;):uormg rumen pH and tempera Goats Applied [35]
Precision feeding Feeding management Goats Applied [36]
GPS Sensors and drones Monitoring livestock behavior Goats Applied [37]
Neck-attached sensors ~ Monitoring movement patterns Goats Applied [38]
Automatic vacuum shut Checking the milk flow limit and de- .

off (AVSO) lay Goats Applied [39]

4. Applications of Precision Livestock Farming (PLF) Technologies in
Goat Husbandry

Goat production occurs in a variety of different agroecological and climatic environ-
ments ranging from temperate regions to tropical, rocky or mountainous areas, with both
extensive and intensive production systems being employed [8,9]. These production con-
texts create different challenges, including animal health monitoring, identification and
tracking and the optimization of feed use. This section organizes the various PLF solutions
employed by decision-making needs, while Table 1 lists all of the PLF technologies used.
Traditional goat routine management activities have historically been conducted manu-
ally, which becomes labor-intensive and time-consuming, coupled with issues with hu-
man error and inconsistencies in data collection [9]. Implementing PLF and other
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innovative technologies could help in the management or monitoring of all animal activ-
ities, minimizing previously identified issues in livestock management.

4.1. Animal Identification and Tracking Technologies

In goat production, PLF technologies such as RFID tags, GPS trackers [30], accelerom-
eters and weight sensors [31,39] enable the collection of real-time data on individual ani-
mals. These tools allow farmers to monitor key parameters (e.g., health status, feeding
behavior, movement and productivity indicators such as milk yield and growth rate),
providing timely information enabling early and appropriate interventions that can im-
prove overall farm profitability. RFID-based identification systems are among the most
mature and widely validated PLF tools and are already commercially implemented with
high field reliability. In contrast, behavior and activity sensors are more often validated
under pilot or experimental conditions [19].

Several studies have reported promising applications of PLF and Al in goat breeding.
For example, Castro-Costa et al. [34] evaluated the effects of diet and ambient temperature
in nonlactating dairy goats and concluded that the use of wireless bolus sensors is effec-
tive in monitoring the pH and temperature of the rumen, which is important for under-
standing the severity of animal heat stress, especially in the current context of climate
change. The data from the bolus sensors were in agreement with the reference measure-
ments, indicating sound technical validation, although the cost of these devices and their
calibration requirements may limit their widespread practical adoption. The monitoring
of grazing behavior in flocks helps farmers to develop feeding and grazing programs
geared towards different groups (e.g., pregnant, lactating, dry and fattening animals),
thereby increasing their productivity. For instance, a study by Chebli et al. [30] used GPS
collars and leg sensors to monitor the grazing behavior and energy balance of goats
browsing in a Mediterranean forest and showed that the sensors captured seasonal
changes in the grazing areas and activities of goats in the mountainous region. They con-
cluded that this sensor-derived information can support herders and managers in devel-
oping feeding and grazing systems, thus enhancing the performance of goats. This sensor
system showed consistent behavioral classification which was accurate across seasons,
suggesting good analytical robustness; however, the battery life, device durability and
signal challenges, especially in rugged terrain, remained key constraints.

4.2. Feeding and Productivity

Growth rate is a primary performance metric used by breeders and farmers to man-
age their livestock’s productivity [40]. It is typically assessed through frequent animal
weighing, which is a labor-intensive and time-consuming activity, especially for small-
holder farmers. PLF helps to address this challenge by providing automated machines
that are geared towards monitoring animal weights. For example, IoT-enabled walk-
through weighing platforms automatically record body weight and growth rate as goats
pass through, without human intervention. In commercial dairy goat production, such a
platform has been reported to minimize labor requirements as well as improve feed effi-
ciency by 15% [41]. These automated weighing platforms have been validated in commer-
cial production systems and show high repeatability of measurements; however, their
adoption may be constrained by installation costs and infrastructure requirements, which
are not met in many rural settings.

Understanding the dry matter intake (DMI) is essential for the effective management
of goats, especially when farmers want to improve profitability [42-45]. Unfortunately,
farmers cannot visually predict the daily DMI for their animals, leading to a waste of feed
and an increase in the cost of production. To address this, some studies have recom-
mended the use of PLF technologies enhanced by Al to automatically predict the DMIL.

https://doi.org/10.3390/agriengineering8030103


https://doi.org/10.3390/agriengineering8030103

AgriEngineering 2026, 8, 103

6 of 12

For example, ANN models have been used to predict DMI in Black Bengal goats through
the assessment of body weight (BW), BCS, average daily gain (ADG) and metabolic body
weight (MBW), demonstrating accurate recordings. Such models can support data-driven
feeding decisions, optimizing feeding strategies, resource utilization and production effi-
ciency [28]. While predictive accuracy is high within the study datasets, the model’s ro-
bustness depends on training data variability, and external validation across breeds and
management systems is still needed before it is used for routine on-farm operations. Sim-
ilarly, a study by Araujo et al. [33] reported that an IoT system integrating GNSS trackers
and environmental sensors to monitor the extent, intensity and frequency of grazing in
sheep and goats showed high performance and accuracy in data capture with significant
battery efficiency, making it suitable for field use even in remote areas. Additionally, the
use of long-range (LoRa) technology has improved consistent communication, providing
a better solution to real-time flock tracking. Field trials indicated strong positional accu-
racy and communication stability, supporting its technical robustness, although infra-
structure setup and maintenance costs may affect its widespread use in smallholder sys-
tems.

PLF technologies can also provide information that supports overall farm manage-
ment decisions by reducing feed waste and lowering costs. In addition, precision feeding
technologies guided by sensor data have been reported to reduce nitrogen excretion in
goat manure by 20%, thereby lowering environmental pollution [43]. However, many of
these reported performance improvements come from controlled or semi-controlled stud-
ies, and further validation under diverse farm conditions is still required.

4.3. Animal Health and Welfare Monitoring

In the era of climate change, livestock reproduction and productivity are compro-
mised, particularly those under free-range systems due to constant exposure to high tem-
peratures [44]. Maintaining animal welfare requires continuous monitoring to ensure
safety, which can be achieved through systematic observation of behavior. The use of PLF
(such as access-control systems, lasers, video systems and video systems combined with
GPS and mobile networks) has been widely evaluated for the continuous monitoring of
animals at every stage, ranging from grazing to water intake, lying, movement and any
other behavior, while automatically recording data for decision-making purposes [45,46].
In general, while many PLF technologies demonstrate a strong experimental performance,
levels of commercial readiness differ, and broader multi-farm validation and cost-benefit
evaluation are still needed to support their large-scale adoption.

5. Challenges and Limitations of Al and Precision Technologies in Goat
Farming

Despite the benefits, important challenges remain in the adoption of Al and precision
technologies in goat farming, especially under extensive production systems. These in-
clude limited sensor battery life (which can interrupt field operations) and reduced cam-
era performance under challenging conditions (e.g., wind or low light), which may pro-
duce blurred or incomplete images [47-51]. Data connectivity is another major constraint
because many devices rely on Internet access; in rural settings, unstable connections may
cause data loss, errors or interruptions in data collection [52]. Economic barriers are also
substantial: high initial investment costs and scalability requirements can hinder adoption,
particularly among smallholder farmers [53]. In addition, several studies note that ongo-
ing maintenance costs and technology depreciation further constrain adoption [54,55].

Additionally, a lack of technical know-how may also be a challenge, as the use of this
technology requires some level of expertise to understand how to use and interpret the
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data, as well as to translate it into decision-making [56-58]. PLF is a promising enabler of
climate-smart agriculture, but effective deployment depends on systematically address-
ing its strengths and limitations while leveraging context-specific opportunities and miti-
gating implementation risks. Stakeholders should focus on addressing the threats and
weaknesses while capitalizing on the opportunities available. The SWOT analysis, as de-
picted in Figure 1, helps to organize our findings; it brings together the main challenges
that have already been discussed, showcasing how they connect to available opportunities
and strengths in the use of PLF in goat husbandry.

O O

Strengths

+ Provides real-time health and
behaviour monitering, hence
improving productivity.

+ Automation reduces labour
and operational costs,
increasing profitability.

« Supports environmental
sustainability by mir
waste, which is a good option
for climate-smart agriculture.

« Consumer positive perception
towards goat products
increases demand and
consumption.

Weaknesses

+ Low adoption rate due to

high startup capital and
maintenance costs.

+ Technical complexity and the

need for reliable internet
connectivity,

« Limited availability of large,

annotated datasets. Requires
experts to understand its
operation.

+ The technology mostly

favours commercial
producers, especially the
dairy farmers.

Opportunities

- Inadequate finances may

Threats

+ User-friendly, once you

hinder widespread adoption.

« Data privacy and

cybersecurity risks may
affect the data storage.

+ Resistance to change among

farmers may stem from their
wanting to continue with
their traditional way of
production.

+ Infrastructure problems in

rural areas.

« Unfavourable policies on

livestock ethical issues in

d how to use it, it
becomes easier because of
automation.

« Integration with the Internet

of Things (loT) and cloud
computing for remote
management.

+ Available research and

international organisations
and institutions to
spearhead the adoption of
these technologies, Al can
now learn new things faster

. ' ' some countries. ’ ‘ and with less information. l

Figure 1. SWOT analysis regarding the use of artificial intelligence and PLF in goats.

An improvement in farmers’ perception of goat products means that there is a need
to increase productivity to meet this demand.

Available institutions that could support the spread of the use of PLF include re-
search organizations in various countries, universities, international organizations that
deal with livestock productivity, private partners in various sectors, and non-governmen-
tal organizations (NGOs).

Case Study on the Effectiveness of PLF in a Resource-Constrained Setting

Araujo et al. [33] examined the use of an advanced IoT framework to evaluate eco-
system services in silvopastoral production systems and monitor the grazing behavior of
sheep and goats by mounting a GNSS tracking system with environmental sensors di-
rectly on animals. Their results showed that the system successfully captured a high-res-
olution picture of their movement patterns, grazing intensity and grazing frequency. The
system used LoRa communication technology for long-distance data transmission across
extensive grazing regions. Reliable connectivity was maintained across open terrain over
distances of up to ~6 km with a low-power, solar-assisted system architecture, enabling
continuous animal monitoring for up to 37 days. This study showcases the effectiveness
of the system across varying terrain and animal behavior conditions, confirming the fea-
sibility of IoT-based livestock monitoring for long-term ecological assessment, unlike
commercial livestock trackers that focus on real-time herd positioning. Therefore, this PLF
technology offers a low-cost IoT-LoRa solution that can effectively support smallholder
goat farmers within extensive production systems.
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6. Possible Interventions Likely to Address the Challenges of the Use of
PLF

The adoption of PLF technologies could become more attractive to sheep and goat
farmers through a collaborative approach involving all stakeholders, including research-
ers, consultants and extension officers who play a key role in transferring knowledge to
end users [59]. In smallholder systems, goats are often managed in mixed herds with cattle
and sheep [60], which complicates PLF deployment because species differ in monitoring
needs and management targets. This highlights the need for interoperable, multi-species
PLF platforms, ideally a single device or system capable of monitoring animals that graze
together and are housed together at night. In addition, farmer training and technology
literacy are essential for the effective adoption and use of these tools [61].

Effective PLF uptake also requires stronger farmer sensitization and training deliv-
ered through practical channels such as field days, on-farm demonstrations and peer-to-
peer learning visits to farms already implementing PLF. Achieving this depends on well-
resourced extension services that explicitly build PLF literacy and support adoption.
Many PLF technologies are designed to monitor a single parameter (e.g., milk automation
or behavior monitoring), which increases costs because farmers need to purchase multiple
devices to meet different management needs. Therefore, future development should focus
on integrated multi-source PLF technologies that can combine genetic, behavioral, envi-
ronmental, milking and disease-detection functions for more holistic and cost-effective
farm management.

In order to bridge the gap between research and farmers’ adoption, there should be
favorable policy interventions that address the use of PLF by farmers. In addition, some
government incentives, such as subsidies or low-interest loans, could reduce the financial
burden on smallholder farmers investing in PLF technologies and encourage their adop-
tion. Additionally, investments in rural digital infrastructure, including reliable Internet
and mobile network coverage, are essential to support data transmission and real-time
monitoring. Public—private partnerships can facilitate technology customization, afforda-
bility, and support that is tailored towards smallholder needs. Finally, clear regulatory
frameworks addressing data privacy, ownership and ethical use of PLF-generated data
will also build farmer trust and promote their participation.

7. Ethical Issues Regarding the Use of PLF

As PLF technologies present more benefits, it is also important to consider the other
side of their social and ethical dimensions too. Multiple studies highlight that the automa-
tion of routine farm work may reduce labor requirements, potentially leading to job dis-
placement, especially in rural communities that depend on farm work for livelihoods [61].
Privacy of data and its use is another ethical concern raised regarding the use of PLF, as
the collection of extensive farm and animal data raises questions about ownership, secu-
rity and sharing with third parties [61,62]. Hence, there should be relevant policies and
regulations in place to govern the use and sharing of data. Lastly, automation and remote
monitoring can minimize direct human—-animal interactions, which may affect farmers’
ability to assess animal welfare intuitively [37,63,64]. While PLF can enhance animal wel-
fare through better monitoring, these technologies can unintentionally change the tradi-
tional animal husbandry practices and cultural norms of a community. In general, the
evidence suggests that while PLF has clear technical and economic benefits, its large-scale
use requires careful consideration of its limitations, its socio-economic effects and ethical
frameworks. Future research should therefore focus not only on technological perfor-
mance but also on implementation feasibility, social acceptability and regulatory over-
sight.
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8. Conclusions

This review evaluated a range of PLF-AI technologies, identified barriers to their
adoption, especially for smallholder and extensive production systems, and proposed
probable integrated engineering solutions for rural smallholder farmers. Goat production
is important for livelihoods, food security and cultural practices, particularly in develop-
ing countries. Therefore, innovations that improve productivity and support sustainable
production are of substantial value to both local communities and national food systems.
Evidence summarized in this review indicates that PLF and Al can improve productivity
and welfare in goat husbandry, suggesting that these agri-engineering technologies can
help to address livestock management challenges in rural areas. This is also relevant to
the United Nations Sustainable Development Goals (e.g., SDG 2: Zero Hunger) through
improved animal health, productivity and food security.

Multi-sensor fusion platforms (e.g., RFID + GPS + rumen boluses), solar-powered
edge computing, and LoRaWAN networks show strong potential for improving monitor-
ing and reducing operational constraints in rural settings. However, adoption remains
limited by high initial installation costs, poor and unreliable infrastructure (electricity and
Internet connectivity), limited technical skills among non-expert users and cultural per-
ceptions of new technologies. Addressing these barriers requires agri-engineering sys-
tems tailored to smallholder needs, including low-cost and low-literacy user interfaces
with offline functionality and robust solar-powered edge-Al equipment. Effective and af-
fordable technology transfer can be supported through farmer training and sensitization
programs, combined with targeted subsidy frameworks and collaborative partnerships.
These measures can strengthen the long-term value of PLF and Al for precision goat farm-
ing by improving animal health and welfare, increasing productivity and enhancing cli-
mate resilience. Future research should validate these solutions through multi-farm trials
in extensive production systems.
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Abbreviations

The following abbreviations were used in this manuscript:

DNN Deep neural networks

PLF Precision livestock farming

Al Artificial intelligence

IoT Internet of things

RFID Radio frequency identification
GPS Global positioning system

UAV Unmanned aerial vehicle

BCS Body condition score

AVCDs Automatic vacuum cutting devices
e-ID Electronic identification
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R-CNN Region based convolutional neural network
ANN Artificial neural network

DMI Dry matter intake

ADG Average daily gain

SVM Support vector machine

pH Potential of hydrogen

MBW Metabolic body weight

AVSO Automatic vacuum shut off

GNSS Global navigation satellite system

UWB Ultra-wideband

NDVI Normalized difference vegetation index
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