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ABSTRACT ARTICLE HISTORY
Precision Livestock Farming (PLF) represents a significant evolution in the livestock sector, prom- Received 15 October 2024
ising to transform farms management improving production efficiency and sustainability, prod- Revised 7 March 2025

ucts quality, working conditions and animal welfare. While PLF is increasingly utilised under Accepted 13 March 2025
controlled condition typically linked to intensive livestock systems, its implementation in exten-

sive livestock farms - where animals are primarily raised outdoor - is a challenge. Extensive =~ KEYWORDS B
systems, which cover approximately 67% of global agricultural land, have significant socio-eco- Smart farming; precision
nomic importance worldwide, both in terms of food supply and the provision and maintenance technologies; grazing;
of ecosystem services. At the farm level, Precision Livestock Extensive Farming (PLEF) - including ~ Pasture quality; remote
the use of wearable sensors, environmental monitoring equipment, and remote sensing - can sensing

be widely employed in production monitoring, solving management problems, addressing logis-

tical challenges and improving efficiency in resource management and finally in decision-making

processes. Through text mining of 710 scientific articles published between 1980 and

September 2024, this review identifies key trends, technologies, and gaps in current research

and management approaches. Major findings highlight the prevalence of sensor technologies

for monitoring animal behaviour and pasture quality, principally from Australia and United

States. The review underscores the potential of PLF to enhance sustainable production in exten-

sive systems, but also calls for more research on the integration of advanced data analytics and

remote sensing technologies, including edge computing. The findings aim to guide future

research and practical implementations, fostering the development of sustainable livestock farm-

ing practices globally with a view to multispecies approaches tacking into account also wildlife-

livestock interactions.

HIGHLIGHTS

o PLEF shifts livestock system management from manual to (semi-) automated.
e Text mining shows the evolution and spread of PLEF literature over the years.
e PLEF tools help address environmental and livestock system challenges.
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Introduction

Extensive livestock farming (ELF) represents a low-
input production system primarily focused on outdoor
animal management (rearing), either for the entire
production cycle or part of it. A variety of extensive
and semi-extensive livestock systems exist worldwide,
all based on ethological approaches allowing animals
to express their innate behaviours, such as grazing
and exploration, in more natural or semi-natural set-
tings (Temple and Manteca 2020). According to the
Food and Agriculture Organisation of the United
Nations (FAQ), extensive grazing occupies most of the
world’s agricultural lands, for the most part not easily
arable, or not arable at all, covering approximately
67% of the global agricultural land (FAOSTAT 2021).
Thanks to livestock production, this huge part of
world’s agricultural lands supports the livelihoods of
millions of people converting underutilised resources
into valuable food products (Nori et al. 2005, Battini
et al. 2021). Therefore, ELFs are prevalent across all
continents, particularly in regions, such as the drylands
of Africa and the Arabian Peninsula, the highlands of
Asia and Latin America, or the subpolar tundra regions
(FAO. 2001).

However, ELF involves a series of variables that
make it less controllable by humans and pose signifi-
cant management challenges. Among the most diffi-
cult are environmental factors, which are increasingly
unpredictable due to climate change, as well as the
animal monitoring—including their productivity, wel-
fare, and health—and the environmental impact (e.g.
overgrazing, undergrazing, point-source pollution).

For example, although the freedom of movement
afforded to animals in extensive farming is often per-
ceived positively by consumers as a factor improving
animal welfare and enhancing natural ecosystemic
dynamism, it is essential to recognise that animal free-
dom, in terms of lack of control, does not necessarily
is associate to optimal health and ecological equilib-
rium. Various factors, including feeding practices,
water availability, overall animal density, intra- and
interspecific competition, climatic conditions, diseases,
and interactions with wildlife, can significantly affect
animal welfare and drive undesirable ecosystemic
dynamism. While in the last decades, due to advance-
ment in animal science, many progresses have been
obtained in livestock farming, the visual monitor of
animals and the effective control of environmental
parameters in ELF systems remains a critical issue due
to the reduction of people engaged in the agricultural
sector, especially in the developed countries. These
challenges are even more pronounced in mountain

extensive systems, where harsh conditions—such as
high altitudes, steep slopes, and significant climatic
variations—make access and the animal monitoring
difficult. Consequently, the integration of precision
technologies becomes imperative to monitor environ-
mental parameters and to effectively manage grazing
animals. Precision livestock farming (PLF) is a new
multidisciplinary science based on the application of
advanced technologies for enhancing farm manage-
ment. The original objective of PLF was to monitor
each animal, or only the lead one in the herd, in real
time (Berckmans 2017). Initially, PLF emerged and was
widely adopted in the context of intensive livestock
systems, but recently, it has also been applied into
extensive systems (Precision Livestock Extensive
Farming, PLEF). PLEF offers the opportunity to transi-
tion livestock farming from manual to automated or

semi-automated, improving herd management
(Tzanidakis et al. 2023), pasture management, environ-
mental control, health monitoring and feeding
optimisation.

With the rapid expansion in recent years of scien-
tific publications, there is an increasing need to dis-
cover innovative approaches for navigating and
filtering through this vast array of documents
(Rodrigues et al. 2014). In this regard, data mining or
text mining can be specific and rapid methods for
uncovering the most interesting topics in a line of
research. Text mining (TM) is defined as a process of
knowledge exploration, seeking to identify and ana-
lyse valuable information within large volumes of text-
ual data that is relevant to users. It stands out for its
capacity to scrutinise conceptual relationships, aiming
to unearth fresh structures, patterns, or connections,
and to unveil novel insights and trends (Abutridy
2000). To date, these methods have not yet been
applied to PLF literature in extensive systems. In this
review, we utilised, for the first time, the TM to syn-
thesise the available knowledge regarding PLEF, with
the aim of providing a guideline useful both for plan-
ning further research and for guiding and favouring
the adoption of innovative monitoring and automated
management systems.

Review structure

The first part of this review aimed to describe the evo-
lution and geographical distribution of PLEF literature
over the years, to identify the most investigated
research topics, and to highlight the remaining gaps
in knowledge. The second section had the purpose to
describe the main technologies available for ELF,



considering both prototype devices and commercial
solutions. Precision tools had been catalogued by their
usefulness in solving problems that farmers must face
daily. Both environmental and management issues
were discussed.

Material and methods
Dataset and text mining

The research was conducted using two main terms:
‘precision” AND ‘livestock’, along with additional terms
such as ‘extensive’, ‘grazing’ OR ‘pasture’, ‘free ranging’
OR ‘rangelands’, ‘remote sensing’, ‘drone’ OR ‘robot’,
‘edge device’ OR ‘edge computing’. Finally, the word
‘sensor’ was used with ‘grazing’ or ‘pasture’. To obtain
information about interactions with wildlife, other
terms were used: ‘wildlife’, ‘carnivores’ OR ‘ungulates’.
These terms established in agreement with the
authors were used to search for publications relating
to the topic in title-abstract-and keywords. The
Elsevier database, called Scopus®, was used for this
search. The time frame considered was from 1980 to
2024. The research was performed on 21 September
2024. The filters used in choosing the articles were:
English language and subject area (the following have
been flagged: agricultural and biological science, com-
puter science, environmental science, biochemistry,
genetics and molecular, veterinary, engineering, earth,
and planetary sciences). The documents resulting from
the individual searches (Table 1) were merged and col-
lected in an electronic Excel workbook (Microsoft
Excel®, v16.0, Redmond, WA, United States). Pre-proc-
essing was required to get a dataset ready for the final
elaboration after the collection phase. The pre-
processing consisted in eliminating the incomplete
observations (missing abstracts, no authors, or no sour-
ces); then the duplicate observations were removed.
Ultimately a reviewer independently examined all
records collected in the dataset and selected them for
their eligibility for final inclusion. The selection process
was subsequently reviewed and confirmed by two
authors to reduce subjective biases from the reviewer.

Table 1. List of search words and related documents.
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The scheme of the executed pre-processing and the
deleted records is shown in Figure 1. The final number
of records included was 710.

Research conducted in marine environments, as
well as studies focusing on intensive agriculture (such
as fertiliser estimation and distribution), were
excluded, along with that examining the use of milk-
ing robots in systems with limited access to pasture,
which are not representative of ELF. Studies based on
animal metabolism or genetics were also excluded.
Furthermore, articles that focused on explaining how
the technologies work and did not report the effects
of these technologies on animals or the environment
(i.e. pasture quality) were excluded. Ultimately, studies
that were not consistent with the objective of the pre-
sent research on sensors that can be used in the con-
text of PLEF were not included.

Text mining is a technique used to extract the most
frequent words in a corpus of documents and convert
them into numerical information. An analysis using TM
was conducted on the abstracts of the selected papers
(n. 710) to identify important patterns in text data, fol-
lowing the methods described by Contiero et al.
(2019) and Zuliani et al. (2021). Initially, pre-processing
steps were performed on the text, as outlined by
Sebastiani (2002). This involved removing punctuation,
spaces, numerical digits, and ‘stop words’ which are
commonly used articles, prepositions, and conjunc-
tions. Additionally, all words were converted to lower-
case. The terms used in the research, as shown in
Table 1, were removed. Furthermore, a stemming
algorithm was applied to reduce words to their roots,
ensuring that the same word with different grammat-
ical forms was not counted separately.

Subsequently, the term frequency-inverse docu-
ment frequency (TF-IDF) technique was utilised to
weigh the number of times a word appears in the
adjusted summary, regardless of how common or rare
the term is across all abstracts (Salton and Buckley
1988). This weight is determined by both the term’s
frequency within a specific document and its preva-
lence across the entire collection of records. By using

Search words

All documents Documents included

Precision AND livestock AND extensive

Precision AND livestock AND grazing OR pasture

Precision AND livestock AND ‘free ranging’ OR rangelands
Precision AND livestock AND ‘remote sensing’

Precision AND livestock AND drone OR robot

Sensor AND grazing OR pasture

Precision AND livestock AND wildlife

Precision AND livestock AND carnivores OR ungulates

Precision AND livestock AND ‘edge device’ OR ‘edge computing’
Total documents

122 69
331 135
54 18
106 19
155 38
1,445 402
36 18

8 2

17 9

2,274 710
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Figure 1. Flow chart illustrating the process of searching for and selecting literature on PLEF. The dashed lines indicate the quan-
tity of excluded records and the rationale behind their removal from the study.

PL = Precision LivestockPL = Precision Livestock

TF-IDF, the importance of each term is determined not
only by its frequency within a document but also by
its uniqueness and significance within the broader
context of the entire dataset. A threshold TF-IDF value
of greater than or equal to 5.5 was applied to con-
struct a histogram displaying the eleven most frequent
words.

All steps of TM were conducted within the R stu-
dio environment using a combination of functions
from the packages ‘tm’, ‘snowballC’, ‘ggplot2’, ‘dplyr,
and ‘tidyverse’. Additionally, a word cloud representa-
tion (https://www.wordclouds.com/) was employed,
where larger font sizes corresponded to higher TF-
IDF values, thereby highlighting the most recurrent
words.

Results and discussion

Figure 2 shows the trend of publications over the
years (starting from 1997 to 2024) relating to the PLF
in extensive systems. The first three articles that
emerged from our investigation were published in
1997. Two of them concern the application of sensors
for measuring the eating behaviour (intake and rumin-
ation) and non-eating behaviour (lying, standing, and
walking) of grazing animals (Champion et al. 1997,
Gibb et al. 1997), while the third utilises Landsat
Thematic Mapper digital data to analyse variations in
grazing intensity across different agricultural practices
in the Southern District of Botswana (Nellis et al.
1997). Until 2018 there were not many articles pub-
lished per year, the average was 10 per year. There
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Figure 3. Distribution of document type (percentage and n. of articles).

was a peak in 2019 (with 59 articles) and then
dropped again in 2020 (probably linked to the global
pandemic). From 2021 it recovered with an ever-grow-
ing number of publications. For the year 2024 the
search stops at September 21, but it can be seen
that the publications have more than doubled com-
pared to 2023 (156 vs 83 documents, respectively).
The most cited article, which describes a method for
estimating fractional vegetation and soil cover in
Australian tropical savannas using hyperspectral and
multispectral data, was published in 2009 and has 326

citations. The average number of citations per year
is 33.4.

Figure 3 shows the types of documents and their
percentages. Expectedly, most documents consist of
articles (67.3%, n. 478 articles), followed closely by
conference papers (22.4%, n. 159). New technologies
and prototypes are typically presented and discussed
in conferences. Reviews are present in a smaller per-
centage (7.9%, n. 56), as topics are still limited and
recent, making the production of reviews difficult.
Following that, there are book chapters (2%, n. 14)
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Figure 5. Graph bar of the distribution of the 710 scientific literature records selected for inclusion per continent, based on affili-

ation author.

and finally data papers (0.4%, n. 3), which constitute a
very limited part of the research. Figure 4 shows the
10 Journals or Conferences with the highest number
of publications expressed as a percentage. The journal
with the highest number of publications was
‘Computers and Electronics in Agriculture’, in which
10.1% (72) were published, followed by ‘Animals’
(4.4%, n. 31); ‘Sensors’ (3.1%, n. 22); ‘Applied Animal
Behaviour Science’ (2.8%, n. 20); ‘Animal’ (2.5%, n. 18);
‘Animal Production Science’ (2.3%, n. 16); ‘Precision
Livestock Farming, ECPLF 2022" (2.1%, n. 15);

‘Rangeland Ecology and Management’ (2%, n. 14); ‘The
International Society for Optical Engineers’ (1.7%, n.
12); ‘Journal of Dairy Science’ (1.5%, n. 11).

The continent (Figure 5) with the highest number
of publications is Europe with 38.8% (n. 276) followed
by Asia 17.5% (n. 125), Oceania 17.4% (n. 123), North
America 12.7% (n. 90), South America 11.2% (n. 79)
and finally Africa 2.4% (n. 17). Although Africa, Asia,
and Latin America have a higher prevalence of exten-
sive livestock farming (FAO. 2001), our results show
that the majority of publications on PLEF come from
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Europe, with Asia ranking second. This discrepancy is
likely due to Europe’s greater research capacity and
financial resources. European countries benefit from
strong governmental support and dedicated programs
promoting sustainable agriculture and technological
innovation, such as the Common Agricultural Policy
(CAP) or research projects (e.g. Horizon 2020, ATLAS,
DEMETER). In contrast, regions with a higher preva-
lence of extensive systems often struggle with limited
research funding and technological infrastructure. This
analysis highlights the need for increased research
support in areas where extensive livestock systems are
most prevalent.

Figure 6 displays the major countries of publication
of the affiliation author. Australia is the country that
has published the highest percentage of articles relat-
ing to PLEF (16.5%), followed by the United States
(12.3%). All other countries have a percentage lower
than 10%. This is not surprising considering that the
development of early precision agriculture technolo-
gies occurred in the late 1980s, both in the United
States and in Australia (Pierce and Nowak 1999, Cook
and Bramley 1998). Australia might have a high num-
ber of publications on the use of sensors in PLEF pri-
marily due to the following reasons: the vast expanses
of grazing land in the country, as evidenced by the
significant production of beef, sheep, and other live-
stock-derived products that constitute a significant
portion of Australia’s exports and agricultural econ-
omy. The unique environmental and climatic needs of
Australia stimulate research on pasture management,

while investments in agricultural and technological
research, led by institutions such as the
Commonwealth Scientific and Industrial Research
Organisation (CSIRO), have promoted the development
of new technologies to enhance pasture production
and management.

The results of the TM performed on the 710
selected abstracts highlighted 1,409 terms, with a TF-
IDF weight ranging from 0.20 to 9.95. Figure 7 shows
the most important terms, with a TF-IDF weight
greater than 5.5. The term with the greatest weight is
‘cow’ (9.95) followed by ‘behaviour’ (7.20), and then all
the remaining terms have a weight less than 7: ‘anim’
(6.99), ‘model’ (6.64), ‘farm’ (6.46), ‘cattl’ (6.45), 'sheep’
(6.32), ‘system’ (5.91), ‘technolog’ (5.85), ‘data’(5.73),
‘agricultur’ (5.54). The most frequent terms ‘cow’ was
to be expected as most of the sensors and technolo-
gies currently available in PLF were developed for cat-
tle, particularly for dairy cows, where the highest
implementation of technological systems has been
observed (Odintsov Vaintrub et al. 2021). However, the
most extensively farmed species, as previously men-
tioned, concerns sheep. In fact, the term ‘sheep’ is
among those with the greatest weight in our analysis.
Technological developments in extensive farming are
only taking place in recent years and are gradually
being incorporated into extensive pasture farming of
cattle and small ruminants (Morgan-Davies et al.
2017). The second term ‘behaviour’ follows cow in
order of importance. Behaviour control is one of the
main objectives of the development of precision



866 (%) G.BERNABUCCIET AL.

Most relevant words

i

2
S 3 > 2 \©
< s ~ ? e 2 (
5y O @ c & ¥ RS
& & R s

Weight based on TF-IDF 2 5.5

& . N \
R L ) R
3 $ N N
>
N

Words

coomicy

*lHibex oy
e} f x % SekGr
S defeg,\ £4oe £
amt net o B groupevaldsst,
i ALGORITHM ! Vo e
(Y7 v N
behaviol
- e
5
e, e obiOMmass
RACtlV.

@

< oty
& .
N e UriN mes

Figure 7. On the left: histogram of the most relevant words based on the term frequency-inverse document frequency (TF-IDF >
5.5) of 710 records selected for inclusion in the study and their respective weights; on the right: word cloud of the 1,409 terms of
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technologies in animal husbandry, both in intensive
and in extensive system. It is fundamental because
through sensors monitoring the animal’s behaviour
the need for visual observation of the animals is
reduced (Frost et al. 1997) and it allows to obtain
information on stress, diseases, lameness and daily
feed consumption (Kleanthous et al. 2022). The term
‘models’ refers to mathematical or computational tools
used to interpret data collected by sensors, encom-
passing parameters derived from animals (wearable
sensors) and pasture characteristics. These models aid
in predicting outcomes related to animal health, wel-
fare, and productivity, thereby offering solutions to
optimise management strategies. Sensors and technol-
ogies capable of measuring pasture quality parameters
facilitate the development of models that can predict
optimal grazing strategies, maximising forage utilisa-
tion, and improving overall pasture management,
thereby promoting efficient and sustainable livestock
production. In the context of our PLEF research, the
term ‘data’ refers to the information collected by
the sensors regarding various parameters concerning
the animals, such as localisation (Odintsov Vaintrub
et al. 2021), body weight (Brown et al. 2015), behav-
iour (Cabezas et al. 2022), and concerning pasture
quality (Pullanagari et al. 2012).

We expected, in TM results, to find terms related to
location sensors, such as ‘GPS’ (Global Positioning
System), among the most common and used, consid-
ering it is the most prevalent system in this type of
farming. However, to our surprise, this term showed a
weight of 4.12 (TF-IDF value), much lower compared
to the previously discussed terms.

Limits of text mining approach

Text mining approach adopted to carried out this lit-
erature review has some limitations. Firstly, papers
from other databases and the ‘grey literature’ were
not included in the search of papers, which was
restricted to the Elsevier database Scopus®.
Furthermore, synonyms of the main terms included in
this methodology were not considered. In addition, fil-
ters were applied to limit the search to English-only
abstract language or to specific subject areas. The
exclusion of papers without an available abstract is
another restriction. All these factors may have reduced
the number of records that could have been included
in the database.

Despite these limitations, this study effectively
reviews the literature on PLEF, highlighting key topics
in this livestock system.

PLEF applied to feed and water management

Extensive livestock farming faces a multitude of chal-
lenges, encompassing environmental concerns,
increasing threats due to climate changes and techno-
logical limitations. Sustainable practices are imperative
for ensuring its long-term viability. In this section,
applications and related research for pasture quality,
stocking rate, and other pertinent factors for sustain-
able land use and animal welfare are presented.
Additionally, how monitoring techniques coupled with
PLEF offer promising solutions to address these chal-
lenges, fostering connectivity across the animal value
chain while promoting sustainability and both food
security and safety are explored.



Pasture quantity and quality

The estimation of pasture quantity and quality is cru-
cial for ensuring the nutritional requirements and
productivity of livestock in extensive farming systems.
Traditional methods for estimating pasture quantity,
such as exclusion cages and plate metres, have
evolved significantly. Modern techniques now include
Unmanned Aerial Vehicles (UAVs), satellite imagery,
and LiDAR technology, which provide comprehensive
and accurate assessments of pasture conditions
(Trukhachev et al. 2019, Weiss et al. 2020).
Additionally, on-animal sensors have been explored
for real-time pasture biomass estimation in rotational
grazing systems, providing an alternative to ground-
based assessments (Edwards et al. 2024). Mathematical
models also play a pivotal role in these estimations,
helping to predict pasture biomass availability and
growth patterns under varying environmental condi-
tions (Defalque et al. 2024). Recent advancements
integrate remote sensing with deep learning models,
allowing for automated pasture biomass predictions
from UAV imagery (Barbedo et al. 2019). Regarding
qualitative aspects, the composition and chemical-
nutritional parameters of forage are essential indi-
cators of pasture nutritive value. However, pasture
quality, which encompasses both nutritive value and
forage palatability, is more complex to assess. This
complexity increases in agroforestry and silvopastoral
systems, where tree cover and the presence of non-
herbaceous forage sources interfere with satellite-
based vegetation indices, requiring hybrid approaches
combining spectral analysis and LiDAR (Gonzalez et al.
2014, Ahmad et al. 2016). Moreover, forage quality dif-
fers significantly between open pastures and shaded
areas under trees, as plant competition for light, water,
and nutrients influences biochemical composition
(Ripamonti et al. 2023, Tramacere et al. 2024).

Among remote sensing indices, Normalised
Difference Vegetation Index (NDVI) remains the most
widely used parameter for assessing pasture product-
ivity, as it provides insights into vegetation density
and biomass (Chen et al. 2006, Zhang et al. 2022).
Recent studies suggest that integrating LiDAR height
measurements with NDVI improves biomass estima-
tion, achieving R? = 0.76 in mixed pastures (Schaefer
and Lamb 2016). UAV applications have also demon-
strated strong correlations between NDVI-derived val-
ues and pasture biomass, with R> = 0.80 (Insua et al.
2019). In a recent study covering 100 sites, multispec-
tral UAV imagery showed strong correlations with key
nutritional parameters such as dry matter (DM), crude
protein (CP), and digestibility, yielding R?> values of
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0.676 for DM and 0.653 for CP (Gao et al. 2019).
Another promising approach integrates Synthetic
Aperture Radar (SAR) data with multispectral imaging,
achieving 93.12% accuracy in large-scale pasture moni-
toring, improving previous models by 7.61% in accur-
acy and 0.11 in F1-score (Wang et al. 2022).

Despite these advancements, several challenges
hinder the application of these technologies in ELF.
Tree cover and pasture heterogeneity affect satellite
data accuracy, while UAV and LiDAR technologies
remain costly and require specialised skills (Gonzalez
et al. 2014, Rossi et al. 2019). Additionally, data inte-
gration remains complex, as multi-sensor approaches
lack standardisation, and climate variability further
complicates pasture productivity modelling (Tedeschi
et al. 2021).

Future research should focus on integrating multi-
sensor data fusion (e.g. UAVs, LiDAR, NDVI, SAR) to
refine biomass estimates, developing adaptive Artificial
Intelligence (Al) models for pasture productivity pre-
diction under varying environmental conditions, and
standardising remote sensing workflows to improve
data integration and accessibility. By addressing these
limitations, PLF technologies can optimise pasture
management, ensuring sustainable livestock produc-
tion and ecosystem resilience.

Precision pasture management

The management of pastures to prevent overgrazing
or undergrazing is essential in ELF; new technologies
can help to address these challenges. Overgrazing can
cause soil erosion, degradation of water quality, loss
of biodiversity, and the proliferation of undesirable
plant species due to selective grazing and the degrad-
ation of palatable forage species. Conversely, under-
grazing can lead to the accumulation of unpalatable,
low-quality forage, reduced pasture regeneration, and
an increased risk of wildfires (Karr et al. 2021). The
adoption of advanced technologies is particularly rele-
vant in ELF, where large grazing areas make traditional
fencing and manual monitoring challenging. Virtual
fencing (VF) systems, in particular, allow farmers to
create dynamic boundaries using GPS, sensors, and
communication devices, optimising grazing patterns
and preventing over- or undergrazing (McSweeney
et al. 2020; Waterhouse 2023) avoiding physical fen-
ces. These systems typically involve wearable devices
or collars equipped with GPS and sensors that monitor
the location and the behaviour of livestock. When an
animal approaches or crosses a virtual boundary, it
receives stimuli such as auditory signals, vibration or
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mild electric pulses to redirect its movement, effect-
ively guiding it back into the desired area or prevent-
ing it from entering restricted zones (Waterhouse
2023). Virtual fencing offers several advantages, includ-
ing flexibility in pasture management, the possibility
of rotational grazing, reduced infrastructure costs com-
pared to traditional fencing, and the potential to
improve animal welfare by allowing for more natural
movement and grazing patterns while still maintaining
effective control over livestock (Lomax et al. 2019). As
technology advances, VF continues to evolve, offering
promising solutions for modernising livestock manage-
ment practices.

A study by Confessore et al. (2022) on the effective-
ness of VF in managing grazing Limousin cattle dem-
onstrated that cattle learn to interact positively with
the system through three trial sessions. Progressive
learning was evidenced by the gradual reduction of
stimuli and a decrease in escape events from the vir-
tual grazing area. Furthermore, no significant differen-
ces were observed in hair cortisol levels before and
after VF application, suggesting a neutral impact on
animal stress. These results confirm the potential of VF
in managing livestock in grazing systems, with positive
implications for animal welfare and operational effi-
ciency (Confessore et al. 2022). A study by Lee and
Campbell (2021) highlighted that VF can effectively
contain cattle and reduce the labour costs associated
with physical fencing. This technology also uses audio
stimuli followed by electrical pulses to create a virtual
boundary, which livestock learn to avoid. Another
study by Bishop-Hurley et al. (2007) demonstrated that
cattle can be trained to respond to a combination of
auditory, visual, and tactile stimuli, improving the
management of grazing systems. Those authors found
that these stimuli, when combined with VF technol-
ogy, effectively controlled livestock movement and
behaviour. Additionally, research by Campbell et al.
(2020a) showed that VF can be used to manage cattle
and sheep, optimising pasture utilisation and reducing
the need for physical herding. A further study by
Lomax et al. (2019) evaluated the application of VF in
dairy cattle and found that the system contained cat-
tle within designated grazing areas in 99% of the
cases. The study also reported no significant differen-
ces in stress indicators, such as cortisol levels, between
the VF and traditional electric fence periods, suggest-
ing that VF does not adversely affect cattle welfare
(Verdon et al. 2021). Another study by lJeffus et al.
(2021) reported similar findings, showing that VF sys-
tems did not lead to significant increases in cortisol

concentrations or behavioural stress indicators in beef
cattle.

Recent research by Fuchs et al. (2023, 2024) sup-
ports these findings, indicating that dairy cows well
adapted to VF showed no adverse effects of VF on
milk yield, body weight, or feed intake. The study also
noted that cows learned to respond to VF stimuli
quickly, with most cows adapting within the first three
days of exposure. Also, goats can successfully adapt to
VF, with a gradual improvement in success rate over
the days (Eftang et al. 2022). In this study, inexperi-
enced goats reduced the number of auditory and elec-
tric stimuli received, going from 22 escapes on the
first day to none by the fifth day. Instead, goats accus-
tomed to VF moved to new areas and adapted to the
new pasture earlier; hence, the VF system builds asso-
ciations between audio cues and electric stimuli,
rather than purely conditioning for place avoidance.
Eftang et al. (2022) highlighted the importance of pre-
dictability and controllability of the system, as well as
functioning collars, for the success of VF in commercial
pastures. This insight indicates that VF can be used
both in regular grazing areas and in rotational grazing.

Despite their potential, the implementation of PLEF
tools faces several challenges. High initial investment
costs, technical expertise requirements, and limited
infrastructure in remote grazing areas may hinder
widespread adoption (Heins et al. 2023). Moreover,
data integration and farmer training are key factors in
ensuring successful implementation. Future research
should focus on developing cost-effective solutions
and improving interoperability between different PLEF
technologies to enhance pasture management
(McSweeney et al. 2020; Waterhouse 2023).

Water monitoring and management

Access to clean water is essential for livestock health
and productivity. Each grazing area should be
equipped with one or more natural or artificial water
supply station to ensure that livestock have access to
adequate water supply during grazing periods (Yu
et al. 2024). Vogel et al. (2011) have shown that cattle
can lose about 5.2% of their body weight in just 36 h
of water deprivation under condition of moderate
temperatures. This weight loss was associated with
increased serum concentrations of various electrolytes
and stress hormones, indicating dehydration and
physiological stress (Vogel et al. 2011). Moreover, 72 h
of water deprivation caused significant reductions in
body weight and feed intake in livestock, with notable
physiological impacts such as increased body



temperature and altered blood chemistry (Alamer
2006). Consequently, breeders usually check livestock
water frequently (once every 1-3days) depending on
weather conditions and water storage (Bailey et al.
2021). Tang et al. (2021) implemented an advanced
monitoring system to track individual livestock water
intake, using water level sensors, Radio Frequency
Identification (RFID) systems for animal identification,
and cameras. The results demonstrated the accurate
monitoring of water consumption, animal identifica-
tion, and water temperature recording. The integrate
system recorded the drinking behaviour of 29 cows
over a two-week duration, providing valuable data on
water intake patterns and helping in identifying ani-
mals with abnormal drinking behaviours. The study
highlights potential benefits for livestock management
and wildlife conservation, with quantified benefits
including improved monitoring accuracy and early
detection of water-related health issues. However,
future improvements are needed to optimise system
reliability and functionality (Tang et al. 2021).

Sensors can also be used to monitor water levels
in drinkers and storage tanks (e.g. SCADALink
SAT110, Bentek Systems, Calgary, AB, Canada, https://
www.scadalink.com/products/satscada/livestock-water-
supply-monitoring/) and the data can be transmitted
to ranch headquarters directly or via the internet
using mobile phone or satellite technologies (Bailey
et al. 2018). These systems are particularly useful in
ELF, where water points are scattered over large
areas and manual inspections can be time-consum-
ing. Real-time data from remote sensors allow farm-
ers to detect water shortages or system failures
quickly, preventing dehydration risks for livestock in
remote grazing areas.

Furthermore, Wade et al. (2024) utilised GPS collars
to monitor animal distribution, revealing significant
hotspots surrounding water sources, indicating a pro-
found influence of water location on animal move-
ment and the possible occurrence of local animal
overload with negative effects on the soil structure
and grass productivity.

The use of real-time monitoring technologies, such
as GPS and accelerometers, can promptly detect fail-
ures in livestock water distribution systems. During
periods of water access restriction, livestock exhibited
distinctive behaviours by staying closer to the water
source and showing higher levels of activity. These
behavioural changes were detected through analysis
of both GPS and accelerometer data. The study quan-
tified the benefit of these technologies by demonstrat-
ing that movement intensity was significantly greater
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on days of simulated water failure compared with con-
trol days, and cows remained closer to the water
source. This precise monitoring can reduce the time
for managers to repair the water system, improving
animal welfare by preventing extended periods of
dehydration (Tobin et al. 2021).

Machine learning models can significantly enhance
farmers’ ability to monitor water quality and quantity,
ensuring that livestock have adequate access to this
vital resource. These models utilise data from various
sensors to predict water quality and quantity parame-
ters effectively. Machine learning algorithms have
been applied to predict water consumption on dairy
farms, showing significant improvements in accuracy
over traditional methods (Shine et al. 2018).
Additionally, supervised machine learning algorithms
have shown potentiality in predicting water quality
indices, helping to ensure better water management
practices (Ahmed et al. 2019).

PLEF applied to animal management

In ELF there are many management challenges that
the farmers must face every day and that require a
great deal of time and work. Precision tools have been
developed to improve this condition, making herd
management simpler and more functional.

Below, the main management issues are addressed
by proposing some of the most important technolo-
gies, which are summarised in Table 2.

Animal location and tracking

Animal location and tracking are crucial for studying
the environmental impact of grazing animals and
improving farm management efficiency (Mancuso
et al. 2023). However, this has long been a challenge
in ELF due to the vast and rugged terrain where herds
roam. Unlike enclosed barns, extensive pasture envi-
ronments present difficulties in infrastructure and
communication (Morgan-Davies et al. 2018). Today,
there are several devices available for remotely moni-
toring herds, reducing human effort. The most used
non-invasive sensors for animal monitoring are GPS
devices, which can be attached to various parts of the
animals’ body, such as neck collars or ear tags, to track
and record their real-time locations (Odintsov Vaintrub
et al. 2021). Manning et al. (2017) showed that wear-
ing these devices does not alter normal animal behav-
iour, and Rivero et al. (2021) suggested that a training
period is not required for cattle. These GPS sensors
utilise radio signals from satellites orbiting the Earth
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Table 2. List of the main technologies available for extensive livestock systems organised by measurable parameters.

Parameter Technology Species Sensor location Status Reference
Location GPS Cows, sheep, goats, horses On-animal C Buerkert and Schlecht (2009)
Hampson et al. (2010)
Manning et al. (2017)
Odintsov Vaintrub et al. (2021)
Rivero et al. (2021)
Virtual Fencing Cows, sheep, goats, horses Off-animal C Marini et al. (2018)
Janicka et al. (2022)
Eftang et al. (2022)
Golinski et al. (2022)
UAV Cows, sheep, goats, horses, yak Off-animal C Vayssade et al. (2019)
Webb et al. (2017)
Inoue et al. (2019)
Xu et al. (2020)
Abdulai et al. (2021)
Ji et al. (2023)
UAVs + YOLOvV5 Cows Off-animal P Luo et al. (2022)
Identification RFID Cow, sheep, goat, horse On-animal C Odintsov Vaintrub et al. (2021)
Kang et al. (2022)
SmartGlove Sheep Off-animal P Pinna et al. (2023)
Body weight wow Cows, sheep Off-animal C Brown et al. (2014)
Gonzélez et al. (2014)
Gonzalez-Garcia et al. (2018)
Body Condition Score Image analysis Cows, sheep, goats, horses Off-animal P Aquilani et al. (2022)
Behaviour Accelerometers Cows, sheep, goats On-animal C Moreau et al. (2009)
Kuznicka and Gburzynski (2017)
Barwick et al. (2018a)
Kour et al. (2018)
Ikurior et al. (2020)
Accelerometers + GPS Cows On-animal C Cabezas et al. (2022)
EquiWatch System Horses On-animal P Weinert et al. (2020)
YOLOv8 Cows Off animal P Li et al. (2024)
Lameness Accelerometers Sheep On-animal P Barwick et al. (2018b)
Accelerometers + GPS Cows On-animal P Riaboff et al. (2021)
Oestrus Pedometers Cows, sheep, goats On-animal C Rutten et al. (2013)
Accelerometers Cows, sheep, goats On-animal C Rutten et al. (2013)
GNSS Sheep On-animal P Fogarty et al. (2015)
Alpa-Detector Sheep On-animal C Alhamada et al. (2016)
Parturition GPS-CAL Cows On-animal P Calcante et al. (2014)
GNSS Cows On-animal C Williams et al. (2022)
Chang et al. (2024)
Garcia Garcia et al. (2023)
Accelerometers Cow, sheep, horses On-animal C Chang et al. (2024)
Sohi et al. (2022)
Jung et al. (2022)
Wow Cow Off-animal C Aldridge et al. (2017)
Pedigree Pedigree Matchmaker Cow, sheep On-animal C Morris et al. (2012)
Scott and Blore (2019)
Bluetooth Technology Sheep On-animal C Sohi et al. (2017)
Environmental impact Open path laser Cow Off-animal C Tomkins and Charmley (2015)
GPS + Urine sensor Sheep On-animal P Betteridge et al. (2010)
Acoustic urine sensor Cow On-animal P Shorten and Welten (2022)
Virtual Fencing Cow Off-animal C Campbell et al. (2020b)

GPS = Global Positioning System; UAV=Unmanned Aerial Vehicle; RFID =Radio Frequency Identification; GNSS = Global Navigation Satellite System;
GPS-CAL = GPS-Calving Alarm; WOW = Walk-Over-Weigh.

C=Commercial; P = Prototype.

to triangulate the location of tagged animals, requir-
ing signals from at least four satellites (Ramesh et al.
2021). The Internet of Things (IoT) has experienced
significant growth in both industry and research com-
munities, facilitating the seamless exchange of data
between application devices and sensors (Hassija et al.
2019). This surge in loT adoption has led to a prolifer-
ation of applications spanning various domains such
as precision agriculture, smart cities, asset tracking,
healthcare, and extensive livestock systems (Lee
and Lee 2015). Many of these applications require

long-range, low-data-rate communication with min-
imal deployment and management costs. This demand
has catalysed the emergence of many licenced and
unlicensed LPWAN (Low Power Wide Area Network)
technologies, among which the most emergent tech-
nologies are LoRaWAN, DASH7, Sigfox, and NB-loT
(Ayoub et al. 2019). An important issue to be consid-
ered is the power consumption of these sensors,
which is influenced by GPS data transmission, the
most power intensive activity for a device (Handcock
et al. 2009). Battery replacement or recharging affects



the logistics of animal handling. Therefore, it is essen-
tial to estimate battery lifetime to develop a more
appropriate maintenance schedule for these networks
(Aquino et al. 2023).

Furthermore, UAVs have rapidly emerged as valu-
able tools in extensive livestock systems, capable of
locating herds and counting grazing animals (Xu et al.
2020). There may be concerns about stress caused by
UAVs flying close to animals; this depends on factors
such as species, gender and age (Abdulai et al. 2021),
as well as the type of UAV used (Mulero-Pazmany
et al. 2017). Webb et al. (2017) and Abdulai et al.
(2021) found no effects of UAV on physiological or
behavioural parameters in cows and observed that the
animals quickly adapted to UAV. Moreover, UAV sys-
tems can be combined with GPS sensors for herd loca-
tion, and there has been a significant increase in the
use of UAVs capable of acquiring geo-referenced sen-
sor data (Gonzalez et al. 2016).

Luo et al. (2022) tested an UAV equipped with an
AGX Xavier high-performance computing unit, which
ran the improved YOLOv5 algorithm through edge
computing. They successfully achieved individual iden-
tification and positioning of cattle during actual flight.

Ji et al. (2023) utilised georeferencing and image
recognition with UAVs to track yak movements in typ-
ical household pastures on the Qinghai-Tibetan
Plateau.

Animal identification

Animal identification systems can be grouped into
three categories: permanent methods (ear notching,
ear tattooing, hot iron branding, freeze branding),
temporary methods (ear tagging) and electrical meth-
ods (Awad 2016). Electronic identification (EID) sys-
tems are a key component that have far surpassed
classic identification systems and are the only technol-
ogy currently mandatory under EU laws for small
ruminants (Official Journal of the European Union
9.1.2004). Generally, the most used technology is the
RFID that consists of three components: RFID tag, RFID
reader, and antennas. The RFID tag, attached to the
animal, are passive sensors that can store a large
amount of data (Awad 2016). By using a RFID reader,
data can be transferred to a computer, where are
stored and analysed later (Bodkhe et al. 2018) for deci-
sion making. There are several types of RFID technolo-
gies, such as: ear tags, ruminal boluses, and
microchips implant.

Ear tags are the cheapest EID method, and the
most widespread sensor in ELF, but the presence of
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bushes, tree branches etc. increase the possibilities of
its loss. Ruminal boluses also have a widespread use,
especially for small ruminants, and they have the
advantage of very low malfunction and loss rate
(Odintsov Vaintrub et al. 2021). These devices can also
monitor vital parameters such as rumen temperature
and pH, but currently, boluses capable of measuring
these parameters are not commercially available for
small ruminants.

Pinna et al. (2023) developed and tested on sheep
the SmartGlove, a wearable framework that can link
RFID animal tags and augmented reality smart glasses
via a Bluetooth connection, allowing the visualisation
of specific animal data directly in the field. Currently,
the SmartGlove is in the prototype stage, so more
advancements are required, with a particular focus on
the hardware’s downsizing and the creation of a more
ergonomic tool shape.

Microchip implants are the most used tags for
equids identification and its use in livestock animals is
very limited for the difficult to remove the EID in the
slaughterhouse, but this injectable EID has the advan-
tage that it can also be used as a sensor to detect
physiological parameters (Odintsov Vaintrub et al.
2021). Kang et al. (2022) used a percutaneous thermal
sensing microchip, implanted in different foals’ body
sites to monitor body temperature. They state that the
pectoral muscle showed the best potential to implant
microchip because it had the highest correlation and
the least differences with rectal temperature. Fuchs
et al. (2019) tested an implanted subcutaneous and
abdominal sensor in sheep and lambs to monitor
body temperature and heart rate and compared them
with gold standard instruments. Ninety percent of the
measurements had an appropriate measurement qual-
ity. However, this study showed an important issue
due to the loss of 27% of the heart rate and 20% of
the body temperature sensors.

Body weight and body condition score

The liveweight of grazing animals is a fundamental
parameter for the evaluation of the health and nutri-
tional status, the adequacy of feeding resources, and
the achievement of the target weight for slaughter in
the beef livestock system. However, in extensive
systems traditional weighing methods are laborious,
time consuming and stress-inducing (Parsons et al.
2023). To facilitate this operation, automatic ‘Walk-
over-Weigh’ (WOW) systems have been developed,
which can be equipped with solar panels for energy
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autonomy and transmission systems for remotely
sending recorded data to the office computer.

These tools can be supplemented by individual ani-
mal identification through RFID tags and readers, ena-
bling daily individual weight assignment and record.
After the data is filtered by an algorithm to exclude
illogical records (e.g. two animals on the scale at the
same time, only a portion of an animal on the scale,
etc.), livestock managers can next evaluate and interpret
the results (Brown et al. 2014, 2015; Parsons et al. 2023).

To properly weight the animals, they must pass over
the scale slowly, otherwise the data is not detected; for
this reason, a period of training to the routine of using
the WOW is necessary. As shown by Brown et al. (2014)
and Gonzalez-Garcia et al. (2018), an adaptation period
of about 2-3 weeks can increase data quality and data
collection frequency. At least 5 to 10 individual meas-
urements are required to obtain reliable weight records
(Aquilani et al. 2022). Furthermore, to encourage the
animals to pass over the WOW, this is placed in an
obligatory passage e.g. at the entrance to areas where
attractants are placed. Gonzalez et al. (2014) used water
and minerals as attractants for beef cattle and obtained
satisfactory results. Gonzalez-Garcia et al. (2018) have
demonstrated that this technique is also highly effect-
ive for sheep.

The WOW system can also be used to identify ani-
mals with gastrointestinal parasite infection by measur-
ing weight gain anomalies. In this way it is possible to
apply individually the targeted selective treatments
(TST) to the infected animal within the group (Charlier
et al. 2014). Pasture-borne parasites are a constant
threat, particularly on permanent pastures, that can
both impair animal health and decrease weight gain
(Segerkvist et al. 2020). The TST could be a valued alter-
native to the traditional method (i.e. mass deworming)
for reducing the use of anthelmintics and avoiding the
onset of anthelmintic-resistant nematode populations.

Another important parameter to evaluate animals’
health and nutritional status is the Body Condition
Score (BCS) that can be estimated with the image ana-
lysis based on 2D and 3D cameras. But this technique
has primarily been tested in indoor systems because
the variable environmental conditions, animal motion
and the challenge of maintaining the ideal position in
front of the camera in extensive systems reduce the
data quality (Aquilani et al. 2022).

Behaviour monitoring

The oldest method of monitoring animal behaviour is
still visual observation; however, it can be challenging

at times, particularly in ELFs. Nowadays, smart tools,
like accelerometers, can identify the animals’ move-
ments and associate them with a specific behaviour,
such as resting, grazing, rumination, walking etc.
Accelerometers can be placed to different animal
body parts (Odintsov Vaintrub et al. 2021) (e.g. leg,
neck, ears, rumen) and by measuring the accelerations
in 1, 2 or 3 axes, based on the accelerometer type,
can record activity data. The accuracy and sensitivity
of detecting animal behaviour can be increased by
combining these sensors with a GPS unit (Herlin et al.
2021).

Numerous studies have been carried out over the
years to assess and test the tools’ ability to monitor
the animals’ behaviour. Cabezas et al. (2022) using a
low cost 3-D accelerometers and GPS sensors,
attached to the cattle’s neck, observed a good accur-
acy for behaviour classification with the highest value
(0.93) for grazing and the lowest (0.881) for ruminat-
ing. Barwick et al. (2018a) compared different acceler-
ometers, attached simultaneously to the leg, the ear,
and the neck, to monitor grazing, standing and walk-
ing behaviour in sheep. The ear tag demonstrated
high classification accuracies, with 94, 96 and 99% for
grazing, standing, and walking, respectively. The other
two devices also showed high classification accuracies
for grazing and walking, but low accuracy for standing
(54% for the collar and 56% for the leg device).

Additionally, calves’ and lamb’s suckling behaviour
can be monitored. Kour et al. (2018), in a pasture-
based system, estimated the duration and occurrence
of more than 95% of suckling episodes in calves.
Using a neck-mounted accelerometer, Kuznicka and
Gburzynski (2017) were able to accurately identify the
suckling behaviour in lambs with a 95% accuracy rate.

Furthermore, Weinert et al. (2020) assessed the per-
formance of the EquiWatch System (EWS), an auto-
mated chew sensor-based remote monitoring device,
in detecting equines’ feeding behaviour in grazing sys-
tems. They observed a high correlation between visual
observations and system-recorded grazing time with
0.997 concordance correlation coefficient (CCC). They
also observed a high agreement between the sum of
manually counted bites and chews and total chew
counts reported by the EWS with 0.979 CCC.

By quantifying the time animals spent on each
behaviour, it is possible to assess their health status.
Unusual resting behaviours, abnormal stance and
gaits, the absence of vertical or horizontal neck move-
ments or the observation of too slow displacements
can provide key signals of possible ongoing diseases
(Cabezas et al. 2022).



Barwick et al. (2018b) showed that a tri-axial accel-
erometer deployed in the ear-tag can successfully dis-
criminate lame walking activity from normal grazing,
standing, and walking behaviours in sheep. Riaboff
et al. (2021) detected lameness cows using an acceler-
ometer with GPS sensor and found that severely lame
animals spent 4.5 less time grazing and almost twice
in resting, especially in the lying position. Additionally,
moderately or severely lame cows exhibited lower
exploratory attitude travelling 1.2 and 1.7 times less
distance, respectively.

Ikurior et al. (2020) demonstrated that gastrointes-
tinal nematode (GIN) infection may have an impact on
animal activity measured by a tri-axial accelerometer.
Sheep infected with GIN exhibited less activity than
the others.

An innovative approach is the monitoring loT sys-
tem for real-time animal activity detection. Li et al.
(2024) proposed a non-invasive recognition algorithm
based on video analysis called YOLOv8n_BiF_DSC
(Fusion of Dynamic Snake Convolution and BiFormer
Attention). The aim of the study was to increase the
accuracy of beef cattle behaviour identification. This
algorithm achieved a recognition accuracy of 93.6%;
particularly, they obtained an average accuracy of
98.9% when it comes to identifying the lying posture
of beef cattle.

Several studies have assessed the accuracy of these
tools in monitoring animal behaviour, but their applic-
ability in ELF still presents some challenges. Battery
life, device resistance to harsh environmental condi-
tions, and data transmission reliability in remote areas
remain critical limitations, as highlighted by Riaboff
et al. (2021). Moreover, while low-cost sensors such as
accelerometers and GPS have shown good perform-
ance (Cabezas et al. 2022), large-scale implementation
is limited by the need for data processing infrastruc-
ture. Despite these challenges, combining different
technologies and integrating them with loT systems
and Al could enhance the reliability and practicality of
these tools on farms.

Feeding behaviour

Feeding behaviour in animals is a crucial indicator of
their overall health, but it is also influenced by exter-
nal factors, such as environmental conditions, forage
quality and availability. Embedded sensors, such as
accelerometers and microphones can effectively moni-
tor feeding behaviour and masticatory activity, which,
in turn, can facilitate the estimation of dry-matter
intake, classification of jaw movements, and

ITALIAN JOURNAL OF ANIMAL SCIENCE . 873

identification of activity such as grazing and rumin-
ation. Over time, algorithms for analysing feeding
sounds evolved (Zhang et al. 2022; Defalque et al.
2020; Martinez-Rau et al. 2023). However, in some
cases, these algorithms have been integrated into
resource-limited electronic devices, restricting their
functionality to a singular task: either classifying jaw
movements or identifying feeding activities such as
grazing and rumination (Martinez-Rau et al. 2024).

Yu et al. (2022) proposed a recognition method of
cow feeding behaviour based on DRN-YOLO algorithm
and edge computing technology, achieving accurate
and fast detection of cow feeding behaviour in farm
feeding environments. Although originally designed
for dairy free-stall barns, implementing this system at
the grazing level in extensive livestock farms presents
an interesting perspective.

Martinez-Rau et al. (2024) introduced an acoustic
monitoring system designed to analyse the feeding
behaviour of grazing cattle across various scales. This
embedded system offers predictor variables to esti-
mate dry-matter intake, classifies jaw movements, and
identifies grazing and rumination bouts, with results
transmitted remotely via LoRa (long-range) communi-
cation. Two versions of the system were developed on
a Raspberry Pi Pico board, based on a low-power ARM
Cortex-MO+ microcontroller. Both versions employ
techniques to reduce energy consumption, such as
direct memory access, sleep mode, and clock-gating.
The first deployment achieved an 87.3% accuracy rate
for classifying jaw movements and 87.0% for feeding
activities, while the second deployment achieved
scores of 84.1% for jaw movements and 83.5% for
feeding activities.

Oestrus detection

Reproductive efficiency is a key factor improvable by
detecting oestrus promptly. At this scope automated
oestrus detection systems have been developed.
These technologies, designed primarily for intensive
systems, involved different sensors including pedome-
ters, activity metres, 3-dimensional-accelerometers,
sensors for mounting behaviour, video cameras, micro-
phones for vocalisation, sensors for body temperature,
progesterone sensors (Rutten et al. 2013) and GNSS
(Global Navigation Satellite System) tools (Fogarty
et al. 2015). Pedometers and accelerometers are the
two most widely studied and used technologies for
oestrus detection (Rutten et al. 2013) by monitoring
the animals’ activity. All these technologies can be
used either individually or in combination (Firk et al.
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2002; Peralta et al. 2005) and it is necessary to employ
these tools in conjunction with an electronic identifi-
cation device.

Fogarty et al. (2015) tested the UNETracker Il GNSS
system to monitor oestrus and improve reproductive
management in extensive sheep farming systems.
GNSS devices were attached to ewes’ neck collars fol-
lowing hormonal oestrus synchronisation. Ewes dem-
onstrated an increase in speed of movement in the
early hours of the morning (01:00-03:00 and 07:00-
08:00) on the day of oestrus compared to non-oestrus
periods. Additionally, ewes that increased their speed
of movement by 0.05m/s received 1.4 to 284 times
more mounts, depending on the hour of the day.
Furthermore, ewes that received at least one mount
showed an apparent increase in activity in the hours
leading up to and during the period of maximum sex-
ual activity. This study suggested that the onset of
sexual activity can be identified as a period of
increased speed of movement followed by a return to
‘normal’ activity.

Alhamada et al. (2016) obtained good results with
an Alpha-Detector (AD) system for oestrus identifica-
tion in sheep. The system consists of transponders
placed in females’ rump and an RFID reader on the
rams, which is triggered during mounting. Two trials
were conducted. In trial 1, visual observations were
compared to data from two rams monitoring twelve
ewes over two oestrus cycles: hormonally induced and
natural. The AD identified 100% of ewes in oestrus,
with a 94% match for standing oestrus. Additionally, a
significant difference in male activity was observed. In
trial 2, thirteen ewes tagged with a caudal transpon-
der were naturally sired by a ram equipped with AD.
Oestrus events were consistently spread over time,
with all ewes showing oestrus during the first cycle.
Lambing dates confirmed the conception timing
detected by AD.

Parturition event

The health and survival of animals can be significantly
impacted by parturition events, particularly in ELF
where it is challenging to promptly act when issues
like dystocia or risk of predator attack can happen.
Calcante et al. (2014) designed and tested a
GPS-Calving alarm (GPS-CAL) to identify the onset of
calving and notify the farmer via SMS. The message
contains the date and hour of the birth event, the
animal’s ID and the geographical coordinates of the
calving location. Field tests confirmed that this system
was both extremely reliable and cost-effective for the

farmer, as each device could be utilised to monitor 10
calvings/year at a unit cost of 31.50 €/birth, a value
sustainable by the farmer who can take advantage of
a sort of low-cost ‘insurance’ for cow and calf.
Additionally, GNSS equipment can be helpful in track-
ing the isolating behaviour that typically takes place
before calving. According to several studies, the isola-
tion behaviour can be shown up already 24 h before
the parturition events (Chang et al. 2024; Williams
et al. 2022; Garcia Garcia et al. 2023). Accelerometers
can also be used to measure rumination time and
walking activity which is known to decrease signifi-
cantly on the day before calving (Chang et al. 2024).
Moreover, various commercial accelerometers are
available to detect tail raising, such as Alert'Vel (ALB
Innovation, Montbrison, France), Calving Alert Set
(Patura, Laudenbach, Germany), SmartVel (Evolution
XY, Noyal-sur-Vilaine, France), MooCall Sensor
(MoocCall, Dublin, Ireland) (Garcia Garcia et al. 2023),
which identify characteristic tail movement patterns
linked to the onset of labour and alert farmers in real
time via mobile applications or GSM. However, these
systems are mainly designed for intensive livestock
systems, where calving occurs in confined spaces. In
ELF, challenges such as power supply, sensor robust-
ness, and long-range data transmission in remote
areas limit their effectiveness (Garcia Garcia et al.
2023).

Aldridge et al. (2017) investigated a WOW system
that could be used to determine the calving day and
found the onset of calving was properly identified in
59% of cases. Chang et al. (2024) suggested to inte-
grate data from several sensors for increasing the like-
lihood of detecting the onset of calving. However,
useful devices are not widespread available and
accessible because of their cost is still high and energy
requirements for data acquisition and transmission
should be optimised (Chang et al. 2024). Anyhow, it is
expected that the commercialisation of GNSS tools
will increase in the coming years as the cost of micro-
electronics continues to decline and data coverage in
rural areas improves (Bailey et al. 2018).

Pedigree determination

In ELF, identifying the correct maternal parentage can
be difficult to assess, especially for small ruminants.
Expensive and labour-intensive mothering-up meas-
ures, which are impractical under an extensive grazing
system, can be avoided using technologies such
as Pedigree Matchmaker (PMM) (Morris et al. 2012).
The PMM is a walk-by system that estimates the



association between ewes and their lambs using
recorded RFID data. This system requires all lambs and
dams to be equipped with RFID tags and calculates
the frequency with which a particular lamb follows a
dam past the RFID reader during several weeks of
data recording to determine parentage. Based on the
frequency of specific lamb/dam combinations and
associations, the PMM software estimates the probabil-
ity that lamb and dam are related. The PMM could be
integrated with the WOW system, where an RFID
reader is installed. Scott and Blore (2019) showed that
it is possible to match cows and calves using PMM.
With effective attractants, it was found that 56% and
94% of animals were matched after 15 and 30days,
respectively. In addition, for recording cow details,
calves as young as T1month of age and up to
6 months of age were successfully recorded through
the PMM equipment.

Sohi et al. (2017) proposed the application of
Bluetooth (BT) technology (ActiGraph wGT3X-BT,
Pensacola, Florida, USA) for determining maternal
pedigree and ewe-lamb spatial relationships in exten-
sive farming systems. In this study, thirty-five ewes
and twenty-three labs, aged 1 to 3weeks, were
equipped with BT activity monitors: ewes with bea-
cons and lambs with receivers. Ewe beacons emitted
BT signals four times per second, while lamb receivers
collected these signals every minute. The BT signals
received by lambs were subsequently downloaded
using the ActiGraph software. Maternal pedigree was
determined as the ewe from which the lamb received
the most BT signals. The system achieved 100% accur-
acy in determining maternal pedigree within 15 min of
returning animals to pasture. The number of maternal
signals received by lambs varied with age and light
conditions, with over 90% of signals within 2 metres
originating from the mother. BT sensor must be com-
bined with a form of animal identification (e.g. RFID)
because it is not possible to maintain animals’ identity
when BT device is removed from the animal (Sohi
et al. 2017).

Environmental impact monitoring

The environmental impact of animals in ELF is poorly
investigated, mainly due to the difficult environmental
conditions and the remote locations, which complicate
measurements. Key issues include manure manage-
ment, which can affect soil quality and lead to
nutrient losses, as well as the emission of greenhouse
gases (GHG) (Sakadevan and Nguyen 2017).
Addressing these issues is crucial for improving the
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sustainability of ELF. Tomkins and Charmley (2015)
tested the open-path laser technique to estimate the
methane emission in extensively managing cattle and
state that the lasers can be successfully deployed in
extensive grazing conditions to directly measure
methane emissions from cattle at a herd scale.

To determine the urine distribution, Betteridge
et al. (2010) combined GPS technology with urine sen-
sors to quantify the daily urination rates for cow and
sheep. The system employed a thermistor placed
below the vulva to continuously measures ambient
temperature, which increases to near body tempera-
ture when urine pass over it. Field validation showed
that 85% of urination events detected by sheep sen-
sors and 78% of those detected by cattle sensors were
confirmed by visual observation. The authors sug-
gested that this integrated approach could support
the identification of potential critical Nitrogen (N)
emissions source sites, allowing mitigation strategies
at the within-paddock level. For sheep, there was a
strong correlation (r=0.82) between time spent in an
area and the number of urination events, but the cor-
relation was weaker (r=0.54) for cattle. However, the
authors suggested that to enhance this information,
the sensor’s capacity to estimate the N load in each
urination event should be improved.

Shorten and Welten (2022) utilised non-invasive
acoustic sensors, attached to 100 grazing cows, to
detect the time and duration of urination events.
Significant variations were observed among cows in
urination frequency, duration, and N load per event,
with coefficients of variation of 10-30%. Two diver-
gent cow groups (Low and High N load per event)
were identified. Although the two groups excreted
similar total daily amounts of urine-N, they differed by
23% in the average amount of N per urination event,
primarily due to a 37% increase in urination frequency.
This finding demonstrates that more widespread urin-
ation could reduce N leaching by 10% at the paddock
level and indicates the potential to select and manage
cows that excrete a lower N load per urination event
by reducing the volume per urination event and
increasing urination frequency.

PLEF applied to monitor interactions between
livestock and wildlife

In ELF wildlife-livestock interactions can pose signifi-
cant challenges, such as changes in behaviour and
spatial use, additive grazing intensity, disease trans-
mission and predator conflicts (Viola et al. 2021;
Aquilani et al. 2022; Spencer et al. 2024) and the use
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of smart technologies can be crucial in monitoring
and managing them.

Grazing intensity

Studies on sustainable grazing intensity, often
expressed as Animal Unit (AU) (Allen et al. 2011), gen-
erally lack to assess wildlife (Cai et al. 2022; Rodriguez
et al. 2024) as possible source of additive or comple-
mentary grazing. In extensive grazing systems, wildlife
and livestock adjust spatial behaviour and activity pat-
terns based on resources availability, competition and
predation risk (Treves et al. 2004; Di Virgilio et al.
2018; Gaynor et al. 2019; Cai et al. 2022; Spencer et al.
2024), potentially determining local over- or under-
grazing. At the state, studies based on satellite moni-
toring, suggest a substantial shifting of wild herbivores
distribution towards sectors characterised by low live-
stock presence, suggesting complementarity and com-
pensative forage utilisation. Brivio et al. (2022),
reported that, in a study conducted in Sardinia (Italy),
mouflons move away from their preferred feeding
sites when livestock are closer than 650 metres.
Spencer et al. (2024) used GPS data to examine the
movements of 19 white-tailed deer as part of a cattle
breeding experiment conducted in Texas, USA. The
study area spanned on 7502 ha of range land divided
into 10 pastures, enclosed by 1.3-meter-tall wire fen-
ces. Cattle were introduced into six of the ten pas-
tures, with stocking densities varying between 0 and
15.6 AU/km?®. Movements of ungulates were analysed
for a period of 30days before and 30days after the
stand event. The GPS collars collected an average of
239 location points both before and after the intro-
duction of the livestock. After the cattle introduction,
76% of the deer locations occurred in areas with low
or no presence/abundance of livestock. This study
allowed an assessment of how the presence of live-
stock affected deer movements. Despite deer reduced
their movement speed by 1.4% per 1 AU/km? increase
in cattle density, likely to minimise interactions, their
home range remained consistent before and after the
introduction of cattle (86.3 SE = 7.87 vs. 86.0 SE
= 5.87).

Despite these findings, research on wildlife-livestock
interactions remains limited. Further studies are
needed to better understand the extent to which wild-
life contributes to overall grazing pressure and how
their foraging behaviour interacts with livestock graz-
ing dynamics.

Transmission of disease

Wildlife can drive disease transmission to livestock or
human as effective reservoir of many pathogens,
threatening economy or public health (Kukielka et al.
2013; Triguero-Ocana et al. 2019; Corti et al. 2022;
Ferrara et al. 2024). Triguero-Ocana et al. (2019) dem-
onstrated, tracking 6 red deer, 6 wild boar, 8 Iberian
pigs and 3 cattle by GPS in a Spanish extensive pig
farm, that wild boars and deer, in particular, frequently
and directly interact with livestock identifying water
sources as crucial key hotspots for pathogen spread.

In the Basque Country (Spain), however, Varela-
Castro et al. (2021), studied the interactions between
sympatric wildlife and livestock deploying for twenty-
three camera traps in pastures, bushy edges between
pastures, farm buildings, and a pine forest, applying
an overall effort of 2741 trapping days (119days per
camera trap). In contrast to the previous finding, only
23 direct encounters with livestock have been
observed out of a total of 1293 events: foxes (8), small
rodents (6), wild boar (6), badgers (2), and roe deer
(1). No direct interactions were observed among other
wild mammals. On the base of this result, the authors
suggested that mycobacteria transmission occurs
mainly through indirect interactions. The most prone
habitats for interspecies transmission appear to be cat-
tle pastures, while badger latrines could be a critical
point for mycobacteria circulation between badgers,
wild boars, foxes, and cattle.

Predation of livestock

The use of precision technologies is crucial in improv-
ing wildlife management in livestock systems. In add-
ition to predictive risk model based on satellite
telemetry data (Clark et al. 2020), GPS collars and
accelerometers exhaustively reviewed by Aquilani
et al. (2022), recent advancements have led to the
development of technologies capable of detecting
predator threats in real time (acoustic monitoring sys-
tems and Al-based surveillance).

In a recent study, Primi et al. (2024) reported per-
formance and limits of a prototype for predator
defence using a microphone connected to an alert
system. This innovative device, powered by an
Arduino-based system, was designed to detect anom-
alous acoustic signals near barns or pens, identifying
potential threats such as wolves or stray dogs. The
system integrates an Arduino UNO board and a GSM
Shield V2 module, which process and analyse audio
signals captured by a directional microphone. The sys-
tem has been calibrated to distinguish among routine



sounds such as common flock movement, normal
barking of guard dogs, rumbling or engine sound and
anomalous noises attributable to flock agitation and
defensive barking. When the noise surpasses a prede-
termined threshold, the Arduino microcontroller trig-
gers an alert, successfully sending an automatic SMS
warning to a designated recipient. Setting the noise
threshold is a crucial challenge because of background
variations from vehicles or dogs. However, the flexibil-
ity of Arduino allows for continuous calibration, which
makes it a cost-effective and open-source solution for
real-time predator detection.

Instead, a study by Dede et al. (2023) used surveil-
lance cameras and Al-based algorithms to mitigate
conflicts between wolves and livestock integrating
advanced technologies in pasture management.
Images and videos of surrounding pasture areas have
been passively acquired and automatically analysed
for detecting potential predators and triggering acous-
tic, visual, and other deterrents. However, implement-
ing Al poses significant challenges, particularly in
hardware and software configuration. Indeed, algo-
rithms should detect animals in natural environments
even when partially visible, and under varying weather
and environmental conditions and the training process
requires extensive collection of images from different
scenarios, making it lengthy and complex.

Main limitations to PLEF’s diffusion

Precision Livestock Farming offers numerous advan-
tages, and its application in ELF is crucial for support-
ing farmers in overcoming daily challenges, improving
herd management, and reducing workloads and envi-
ronmental impact. Despite these benefits, the adop-
tion of precision technologies in extensive grazing
systems remains limited (Bahlo et al. 2019). PLEF adop-
tion can be significantly influenced by internet access
and connectivity, as they facilitate real-time monitor-
ing and data analysis (Greig et al. 2023). However, lim-
ited internet connectivity in rural areas can hinder the
adoption of new technologies (Vogels 2021).
Moreover, in open areas the use of GPS technology to
trace animal position is energy consuming, limiting
the application of real time monitoring application.
Additionally, the financial status of farms poses
another barrier to the diffusion of PLEF. According to
a survey conducted across several European countries,
smaller and less profitable farms are hesitant to invest
in new precision technologies (Knierim et al. 2018).
Moreover, the availability of technical assistance, train-
ing, and knowledge sharing significantly influences
the adoption process (Lapple and Kelley 2013). Studies
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have shown that more technical support and educa-
tion programs from technology providers promote the
adoption of precision technologies (Barnes et al. 2019;
Drewry et al. 2019;). These resources help farmers to
understand the benefits, manage the complexities,
and effectively integrate new technologies into their
farming practices. Networks and forums for sharing
experiences and best practices can enhance farmers’
confidence in using precision technologies. For
instance, Rose et al. (2016) found that social learning
and peer-to-peer networks significantly improve the
dissemination and uptake of innovative farming practi-
ces. Cultural and demographic factors also impact
PLEF adoption. The average age of farmers and their
conservatism towards new technologies can impede
the adoption process. For instance, Odintsov Vaintrub
et al. (2021) highlighted that, in the Mediterranean
region, older farmers, averaging 60years of age, are
reluctant to invest in new technologies due to per-
ceived financial risks and cultural dynamics.
Conversely, younger farmers and those with higher
educational levels are more likely to adopt precision
farming technologies (Paustian and Theuvsen 2017).
Farms with larger land areas and those that use agri-
cultural contractor services are also more inclined to
implement these technologies due to their higher cap-
acity to absorb the costs and benefits associated with
precision farming (Paustian and Theuvsen 2017).

Vecchio et al. (2020) indicated that farmers who
perceive net benefits and have confidence in using
precision farming technologies are more likely to
adopt them. Adrian et al. (2005) found that attitudes
of confidence towards using precision agriculture
technologies, perceptions of net benefit, farm size,
and educational levels positively influence the adop-
tion of these technologies. Their study revealed that
the perception of usefulness significantly influences
the perception of net benefit, which in turn affects
the adoption decision.

Further evidence by Thompson et al. (2019) sug-
gests that farmers’ perceptions of increased yields,
reduced production costs, and increased convenience
drive the adoption of precision agriculture technolo-
gies. Their study indicated that the perceived benefits
of precision farming were heterogeneous among farm-
ers but crucial for adoption decisions.

Future perspectives and conclusions

Developing an integrated system combining multiple
sensors is crucial to maximise the added value of each
component, thereby enhancing the overall potential
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PLF technologies (Lovarelli and Guarino 2021). The
integration of various sensors and data sources, such
as biometric tools, environmental monitors, and wear-
able devices, can provide a comprehensive overview
of animal health, behaviour, and environmental condi-
tions. This holistic approach allows for more precise
and timely interventions, ultimately improving animal
welfare and farm productivity.

Moreover, edge computing can play a significant
role in this context by enabling local data processing,
and reducing latency, making it ideal for real-time
responsiveness (Shumba et al. 2022), reducing band-
width usage, and battery consumption, which are criti-
cal factors in ELF. Edge detection algorithms can also
be employed to analyse sensor data in real time, identi-
fying critical changes in animal behaviour or environ-
mental conditions that require immediate action.
Additionally, the integration of PLF technologies with
big data analytics and blockchain can revolutionise live-
stock farming improving decision-making, ensuring
secure and transparent traceability of animal products
from farm to table, addressing concerns about food
safety and animal welfare (Neethirajan and Kemp 2021).

In conclusion, while these technological advance-
ments offer promising opportunities, their economic
feasibility in ELF remain largely unexplored. Future
research should focus on cost-benefit analyses to
assess their financial viability and support decision-
making for farmers.
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