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 New techniques known collectively as “precision livestock farming” are flourishing. They provide farmers with
a profusion of data and information, some of it new. However, it is not clear whether the information really helps
farmers make decisions and whether farmers readily assent to such technologies. What conditions must be met for
acceptance? Are these conditions different if the information is used not only by farmers but also by other actors?1

Introduction
Recent information and communication technologies (ICTs) have made
exceptional advances in sensors, communications and data processing. There
has been an exponential growth in the
number of connected objects (around
15–20 billion connected objects in
2020, with a very strong increase (IDATE,
2017)), the consumer market being much
larger than the professional market. The
Internet of Things (IoT) has invested a
growing number of farms. “The cow is
the most connected animal in the world”
says Nicolas Devos (Commercial Director
of the IoT Agency at Open). What are
the opportunities and threats of these
new techniques for animal husbandry?
Numerous reviews have been devoted
to this topic for various livestock species
(Wathes et al., 2008; Laca, 2009; Allain

et al., 2014; Vranken and Berckmans,
2017; Fore et al., 2018; Grodkowski et al.,
2018; Shalloo et al., 2018; Astill et al., 2020;
Faverdin et al., 2020b; Lovarelli et al.,
2020). The present review sets out to
analyse the role of these new techniques
in the chain from information acquisition
to decision-making processes, in order to
better identify risks and assets.
What to call the use of these new
techniques in animal husbandry is still
unsettled. “Precision livestock farming”
is the term most commonly found in
the literature. It is an extension of the
term “precision farming”. However, is
the aim of these techniques merely to
allow more precision in the running of
livestock farming systems? If we stick
to the strict definition of “precision” –
which implies correctness, accuracy or
exactness –, probably not. Is precision
a key element in a decision? Not neces-

sarily. “Precision livestock farming” really
implies close monitoring rather than
accuracy. The term “made-to-measure”
livestock farming has been proposed
as an alternative to “precision livestock
farming” (Médale, 2019), to emphasise
that these new techniques offer means
of adjusting livestock management to
the needs of the animal, the objectives
of the breeder, or the expectations of
the consumer. “Made-to-measure” also
stresses measures and thus data collected. One of the characteristics of these
new techniques is certainly to provide
more information, even if some of it is
not very precise from a metrological
point of view. Their purpose is to have
rich, pre-processed information to refine
livestock management. Reviews have
already described the scope and applications of precision livestock farming in
ruminants (Allain et al., 2014; Grodkowski
et al., 2018; Shalloo et al., 2018).

1 This article was presented at the 25th Rencontres Recherches Ruminants (Faverdin et al., 2020a).
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This review will place emphasis on the
information-decision relationship, which
is at the core of how these new techniques are used. We will focus on examples in ruminant breeding. As shown in
Figure 1, these new techniques bring
innovative elements to all stages of the
information-decision relationship in
livestock farming. Sensors multiply the
ways information can be acquired and
transmitted, and databases increase the
possibilities of organising and storing
it. New computer learning methods or
models increase capacity for information
processing and decision support, or even
decision-making capacities for carrying
out operations in automated systems.
Finally, these new techniques enable better traceability of operations, which can
be automated and secure, as desired by
the consumer. This overview will analyse
the specific features of the new sources
of information, which are richer and more
diversified, available at greater frequency
and for more entities. In the first section,

we discuss the novel effects of enriching
the information system. In the second
section, we study how this information
can help decision-making in animal husbandry. In decision theory, the term “information” means only what is likely to have
an impact on the decision. Is this always
the case? Does a plethora of information
really help farmers improve the management of their farms and their work?
What are the existing or potential uses
of this mass of data? In the last section,
we address the issue of the wider use of
these new information systems. The information acquired for livestock farmers no
longer seems to be intended solely for
them. And what if added value were also
to be made outside the livestock farm?

1. High throughput
information
Acquiring information in animal
husbandry is one of the farmer’s most

important tasks. Such acquisition is
very often dispersed over time and
takes place during routine tasks (e.g.
milking, feeding). It is essential to initiate actions. For instance, insemination
of a female can only be carried out if
the female is in heat, and a cow can
only be treated if it is identified as sick.
Information needs to be gathered not
only on animals but also on equipment
and buildings (is everything functioning
properly – especially automated equipment?) and on food resources (feed
stocks, grass growth), in order to repair
malfunctions and manage resources.
Assistance in acquiring information is
potentially very helpful to farmers.

1.1. Automated acquisition
of usual information
in livestock farming
New information techniques have
been designed to assist farmers in collecting various sorts of information they

Figure 1. Insertion of new information and communication techniques (blue ovals) in the relations between information
and decisions in livestock production systems.
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were already using, such as milk production or animal growth. The measurement of milk production (milk meters)
and weighing (electronic scales) benefited from these new techniques very
early on (Faverdin and Fischer, 2016).
Similarly, for monitoring reproduction
(detection of heat and, more recently,
calving), sensors have proved very
useful. We look here at the associated
benefits.
The first benefit concerns the farmer’s
daily tasks. Farmers often report that
carrying out these measurements or
detections more or less automatically
can reduce working time. This time-saving relies of course on the proper functioning of the devices. However, many
measurement systems currently do not
generate any malfunction alert, which
implies that the farmer must still monitor the animals and these measuring
devices. Monitoring in milk meters is
generally well done (Allain et al., 2012),
but that of other sensors is often haphazard. How do we detect that a collar with an accelerometer is no longer
properly positioned or that one of the
weighing sensors is no longer working
properly? How are we informed that
the transmission of data from sensors is
faulty? Although it reduces some observation tasks, the use of information
technologies generates a new type of
work: monitoring and control of tools.
It is thus important to develop devices
that include their own control.
The second potential benefit lies in
the improvement of the quality of information, which can be accompanied by
an improvement in multi-performance.
These new sensors sometimes make it
possible to collect better information
because monitoring is continuous
and done at times when the farmer is
unavailable, e.g. at night, which is of
great importance for heat detection.
High-frequency measurements can
also detect events that might otherwise be overlooked. Thus a daily milk
or live weight measurement is not
just a more frequent measurement.

Frequent measurement makes it possible to observe perturbations relative
to normal through analysis of kinetics.
The analysis of perturbations (Codrea
et al., 2011) is a good indicator of animal
stress (sanitary, thermal, behavioural)
(Bareille et al., 2014). The analysis of the
form, importance and concomitance
of perturbations (Ben Abdelkrim et al.,
2019) may even help to improve the
quality of a diagnosis. Other variables
can also be extrapolated from elementary variables. Modelling the kinetics of
weight and daily milk can allow the estimation of intake and its perturbations
(Faverdin et al., 2017), which is very difficult to measure directly.

1.2 New information,
new phenotypes
The new sensors and the multiplicity
of potentially measurable traits open
up the possibility of obtaining increasingly broad and continuous knowledge
of the phenotype of an animal or a herd,
and of its environment.
a. The diversity of sensors,
measurements
and their processing
Until very recently, the available
sensors were mainly dedicated to one
measurement and/or the provision
of one type of service. For example,
physical-chemical sensors performing
continuous measurements on animals
or in livestock buildings: milk production, live weight, temperature, pH,
gas or substance concentrations, milk
component contents, etc. These sensors
have the advantage of being easily controlled and verified with a metrological
approach. Other types of sensor often
require more complex processing to
go from signal to information. This is
the case for accelerometers (initially
for heat detection), 3D imaging for
body condition score (BCS), spectral
analysis of samples (near or mid-infrared), or geolocation (radio frequency
triangulation, GPS). For these devices,
there are often no standards or specific
metrological approaches. Moreover,

the algorithm used to process the sensor data can change without the user
even knowing, which complicates any
possible qualification.
Equipment and services have gradually diversified as a result of technological progress, advances in data
processing methods, and the pressure
from end users for more information
and lower investment costs. Some
sensors such as accelerometers can
now be used to alert farmers to health
problems, feeding behaviour and calving, and to give indications on the levels
of some animal welfare characteristics,
in addition to detecting heat (Veissier
et al., 2019). Some manufacturers are
also moving towards innovative concepts to offer equivalent services, but
at lower cost. For example, the use of
video “tracking” to monitor animal
behaviour is fast developing (Wurtz
et al., 2019). This makes it possible to
monitor several animals from a single
piece of equipment and therefore at
lower cost and so push back the limits
of one-off observation. Similarly, the use
of longer range identification devices
(remote detection/identification techniques via Bluetooth Beacon or UHF
RFID radio) makes it possible, for example, to detect the presence (or absence)
of animals in key areas of the building
(trough, drinking trough, cubicle, etc.)
and thus provide individual information
on their behaviour without the need for
more expensive accelerometers. On the
other hand, these techniques may be
more dependent on the rearing conditions and require specific training in the
system to associate places or positions
with animal activity.
b. High throughput
phenotyping
A very innovative feature of the new
sensors is that they provide very frequent information on many animals.
They also make it possible to observe
traits that were previously less well
recorded than the production traits
and much harder to measure on large
numbers of animals.
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This new source of information is an
asset for genetic selection. Today, phenotyping has become a greater sticking point for selection than genotyping,
given the costs of the measurements.
With these techniques, costs are lower
and are often covered by the farmers,
who use this information in their breeding management (automated heat
detection, milk performance data, continuous weight, etc.). Farmers can also
share this information with the entire
profession if they wish to improve selection for breeding traits, as is already
the case in particular for ketosis risks
(Barbat-Leterrier et al., 2016). In addition, new traits may be available for
breeding, such as efficiency and resilience (Phocas et al., 2014a).
For research, this makes it possible to extend the range of measurement techniques to all the functions
and behaviour of animals to give an
increasingly systemic vision of animal
husbandry, “macroscopic” in the sense
of De Rosnay (1975), which is of great
help for studying complexity. Research
in nutrition will have a much more
comprehensive approach to the use of
feed by animals to improve feed efficiency and control feeding (González
et al., 2018). The study of traits related
to health, reproduction, behaviour,
food processing efficiency and the
environment can be facilitated by new
measurement tools, including on commercial farms, where previously information was mainly available only on
production traits. Enabling multi-trait
studies and a better understanding of
the interactions between functions is
likely to help research on animal adaptation and robustness, and on agroecology (Phocas et al., 2014b). All this
should also help to better interpret all
the data provided by these sensors.
Today, research into these new techniques is lagging behind actual use
on farms. Another challenge is the
access to the data produced by these
techniques (Egger-Danner et al., 2015).
Data storage and accessibility are not
homogeneous between the different
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technologies. For a given solution, there
are usually as many systems, data formats and platforms as there are manufacturers. This may partly explain why
it is still difficult to make gainful use of
these data in decision-making.

2. How is this information
used for decision support
in animal husbandry?
In order to be useful to the farmer,
information technologies must offer
two major advantages: they must (i)
alleviate or improve daily task management and (ii) improve the performance
of livestock farming (production, health,
reproduction, environment, animal welfare). Is this always the case? Faced with
this mass of information, alerts and systems to be managed, how are farmers
going to appropriate these new provisions to decide and manage their livestock? Is this information well-adapted
to decision-making? Do farmers feel
or have proof of a benefit from the
introduction of these new techniques?
How do they change their vision of the
livestock farmer’s profession? All these
questions influence whether or not
new techniques are adopted in animal
husbandry.

2.1. Success stories:
the case when
the information was already
being used in management
Certain techniques are currently
very widespread on farms. For example, according to a survey conducted
in France (Allain et al., 2015), nearly
70% of farmers are equipped with at
least one connected tool. The most
common ones are sensors for heat
or calving detection (29%), and milking monitoring systems such as milk
meters, conductivity meters or milk
analysers (26%). Similar figures were
reported among Dutch dairy farmers
(Steeneveld and Hogeveen, 2015).
Given the rapid growth of these technologies on farms, the equipment rate

has probably increased significantly
since these surveys were conducted.
In most cases, these tools have been
used to assist farmers in a monitoring
or information acquisition activity that
they were already carrying out by other
means (e.g. by direct observation).
a. Identification
and communication
For information to be usable over
time, it is necessary both to know who
it concerns and to transmit the data
to a system that will use it to provide
information to the decision-maker.
Identification is often so implicit that we
forget that it is the prerequisite for any
action (Duroy, 2016). If the information
relates to an animal, this animal must
be identified. If the sensor is associated
with an animal, it is sufficient to identify
the sensor with the animal’s identification number. This information should
then be regularly transmitted to a database, if possible without user intervention. Unlike mobile phones (2G, 3G, 4G
and 5G), the transmission of information at low speed with a long autonomy
(up to 5–10 years with a small battery),
a long range and low costs has also
opened the way to communicating
objects that become fully autonomous
(Sigfox, Lora). Such systems do not need
added wiring or computers and sometimes even no antenna: the connected
object transmits its data (often stored
in a “cloud”) directly over the networks.
The user no longer has to manage
either collection or storage, which is
greatly time-saving and also reduces
the risk of information loss.
b. Automatic detection
of heat and parturition
The reproduction of ruminants not
only ensures the production of milk
and meat on the farm, but also the
renewal of the herd. The most essential
reproduction events, such as heat and
calving, must therefore be monitored
precisely to ensure the best technical
and economic performance of the livestock system. Heat can be observed
visually by the farmer. However, this
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takes time – the current recommendation is to observe heat three times 15–20
min per day – and performance is limited (detection sensitivity of 50–60%).
Avoiding dystocic calving and stillborn
calves is also a priority, since the course
of calving determines not only the birth
of a viable calf, but also the health of
the cow in the following weeks and its
future reproductive performance. This
surveillance is time-consuming and
a source of stress for the farmer, even
though it can sometimes be carried out
remotely by video surveillance.
Automated detection systems for
heat (activimeter, collar measuring
activity and rumination, etc.), ovulation (on-line measurement of progesterone, etc.) and parturition (vaginal
thermometer, activity sensor based on
the tail) have been used on cattle farms
(Mottram, 2016). They allow detection
performance far superior to visual
observations for heat (sensitivities of
60–100% for specificities above 90%)
(Saint-Dizier and Chastant-Maillard,
2018). Nevertheless, many farmers further check these detections themselves
before insemination and do not delegate the final decision to the sensor. For
calving, the detection performance is
excellent for accurately detecting the
calf’s expulsion. These devices often
also make it possible to predict calving
in the preceding days, so enabling farmers to anticipate and secure the calving.
While the performance of these techniques is undeniable, the benefits perceived by farmers are mainly in terms
of workload and personal comfort
(Disenhaus et al., 2016), although fears
of loss of observation skills are often
mentioned. For the detection of heat,
besides the time saved by delegating
surveillance to monitoring tools, it is
the reduction in mental workload at
the time of the decision to inseminate
or not that is underlined. With regard to
the detection of calving, the possibility
of delegating monitoring to sensors
during the night is often cited as a gain
in personal comfort.

c. The measurement
of milk production
The major innovation of automated
individual measurement of milk production in livestock farming is no longer vaunted because the technology
has now been routinely used for several decades and many dairy farms are
now equipped with it. Dairy farmers
wanted long ago to know individual
milk yield and which cows were good
vs. bad producers. Monthly milk recording still exists, but many farms are now
equipped with milk meters. In the 2014
survey (Allain et al., 2015) already 10%
of the farms were equipped with milk
meters, to which is to be added the 13%
of farms equipped with milking robots,
and this figure must have risen considerably in the last six years. Measuring
production at each milking provides
more information than just the difference in production between cows. It
can be used to detect problem animals
or perturbations in herd management
when there is a sudden drop in the production of an individual or the whole
herd. It has become a tool for shortterm herd management to be able to
respond quickly to these problems. As
mentioned in Section 1.1, production
perturbations are good indicators of
problems or anomalies, even if they do
not allow precise diagnosis.
These examples show that the techniques that have replaced and automated often time-consuming methods
of information acquisition soon found
outlets on farms. These new techniques
also offer new information that was not
necessarily common on farms hitherto.

2.2. Information
that needs to find a place
in the decision-making
process
As with smartphones and thanks
to new computer tools for machine
learnin g, more and more solutions are
being proposed to extract information
from very generic sensor data (accelerometer, GPS or image) where the raw

data taken separately are not informative. We are witnessing an exponential
development of precision livestock
farming tools (generally sensors associated with data processing software),
designed to monitor the health status
of animals, their behaviour, their growth
or their stress exposure (Veissier et al.,
2019). To name but a few:
i) Real-time locating systems (RTLSs)
to detect the position of animals and
deduce their activity (e.g. CowView®,
CowManager®, Smartbow®) or accelerometers to detect whether an animal is
standing, lying down, moving, eating or
ruminating (e.g. Heat’Live®, Time’Live®
and Feed’Live®, IceQube®); this data
is interpreted to identify an animal in
heat, sick, etc. (Wagner et al., 2020);
ii) motion detection cameras (e.g.
Kinect®) coupled with image analysis
to measure the body condition or morphology of an animal, detect aggression,
identify lesions, etc. (Fischer et al., 2015;
Le Cozler et al., 2019; Lee et al., 2016);
iii) microphones to detect coughing or
animal vocalisations (e.g. SoundTalks®).
In general, algorithms are used to
either classify observations (e.g. chicken
feet with or without lesions) or to detect
anomalies within time series. For example, the behaviour of an animal is first
tracked to determine a baseline, and
deviations from this baseline are then
detected. These abnormalities are usually related to a reproductive event
(heat, birth, etc.), a health problem
(infectious disease, lameness, etc.) or a
stress. These tools need to be validated
in actual farm conditions: do they allow
anomalies to be reliably detected and
diagnosed? Very often, the performance
in terms of sensitivity and specificity of
detection is not stated. Detection is
often limited to binary information and
the question of the severity of the disorders is seldom addressed. As detection
is often very early, the confirmation and
identification of a disorder by clinical
examination is not easy. Finally, there
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is a lack of a regulatory framework to
specify minimum characteristics for
these tools, including for safety.
There are many sensors that monitor health, but many of them were
initially developed for the detection
of calving or heat: for example, ear
loops (Fevertags®) or ruminal boluses
(San’phone®) measuring temperature
(useful, for example, for the detection
of respiratory disorders in bull breeding
(Timsit et al., 2011)). Changes in rumination and activity alert the farmer to
animals to be looked at more closely,
without, however, giving a precise
diagnosis of the condition in question.
Finally, on milking robots, plentiful
information related to udder health can
be obtained (e.g. somatic cell count and
milk conductivity), as the robot must
detect mastitis and decide whether
or not to discard the milk. Changes in
milking frequency or milk production
monitoring may indicate a health concern. New tools based on image analysis are being studied to detect animals
with pain-expressing faces (Noor et al.,
2020) and to identify behavioural perturbations. Pressure-sensing mats can
be used to detect abnormalities in
support and thus identify lameness.
Again, as detection is often very early,
confirmation and identification of a
disorder by clinical examination is not
easy. Furthermore, the reference or
“gold standard” for assessing the sensitivity and specificity of the tool is
easy to obtain for heat or calving, but
much more difficult for health disorders, for instance the choice of validation windows (periods without alerts)
has a large impact. If a calving alert is
triggered, the observation of the event
will enable this alert to be qualified.
If the alert concerns the detection of
heat, the comparison with a detection
by the farmer, or a hormone assay will
also allow it to be qualified. For health
problems, the difficulties involve:
i) the alert itself: is the alert threshold
fixed (e.g. T > 40 °C) or is it based on the
animal taken as its own reference?
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ii) the necessary period of recorded
anomalies before generating the alert
(sensitivity vs. specificity), and
iii) the “gold standard” to be used
to qualify sensitivity and specificity.
An alert based on hyperthermia or a
drop in activity is in no way specific to
a disease. It serves to identify animals
that probably need a thorough examination, but it is not a diagnosis. The
time window for validation of specificity (in the absence of an alert) is also
problematic.
In addition to monitoring animals,
information technology can help to
manage resources, an application that
is less frequently mentioned. However,
this has significant impact on the environment (Faverdin and Brossard, 2019).
The contribution of new techniques in
precision feeding is eagerly awaited, but
still a little disappointing. It seems that
individualised feeding according to the
needs defined from production allows
a slight improvement in feed efficiency,
all the more important as the nutrient
intake before individualisation is high
(Cutullic et al., 2013), but these practices complicate feed management.
The most original approach, although
its use is only moderately developed,
is one in which the animal’s response
to concentrate intake is tested individually and levels are adjusted according
to this response to achieve dynamic
economic optimisation (André et al.,
2010). It is undoubtedly in the use of
nutritional supplements coupled with
early detection of preclinical signs that
a useful and original benefit of these
techniques can be expected. Though
more often mentioned in monogastric livestock farming, this aspect of
resource management should not be
neglected for ruminants to limit water
or energy losses, and also to reduce
nitrogen losses and optimise effluent
management. Nevertheless, the offers
are still weakly structured around this
resource management, except for the
control of buildings in pig or poultry
production.

2.3. From decision support
to delegation of the decision
While there are sensors whose information is not always easy to integrate
into a decision, there are also techniques that are much more explicit
in decision-making. However, is the
farmer ready to delegate decision, or
even action, to technology?
Most of the time, the techniques used
by farmers are limited to the provision of
information or alerts notifying the occurrence of a health disorder or breeding
event. However, the aggregation of information from sensors with other information (economic, historical, technical) from
livestock farming and recorded by other
channels (performance monitoring, herd
management software, etc.) would make
it possible to produce targeted advice to
facilitate a farmer’s decision-making. The
development of this type of decision support model by manufacturers represents
a future prospect for precision farming.
Some commercial systems already offer it.
The DeLaval Herd Navigator®
(DeLaval), for example, which automatically performs enzyme determinations
of milk parameters such as progesterone, lactate dehydrogenase or beta-hydroxybutyrate, uses the results of these
determinations together with other
individual information recorded by
the farmer or measured by the milking
robot to build a decision tree producing targeted advice. For example, for
reproductive management, the system
takes into account the parity of the cow,
its lactation stage, or its production
level in addition to the results of the
progesterone test to advise the farmer
whether and when to inseminate. The
adoption of this automatic analysis system is still limited by its high cost, but its
use allows the specific detection of ovulation, which offers better monitoring of
reproduction than heat detection.
For precision feeding, the Dynamic
Linear Model (DLM®) was developed
by Lely based on the model of André
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et al.(2010) in connection with its milking robots. This model automatically
adjusts the concentrate distribution
and milking frequency individually
according to biological and technical
considerations (production level, milk
fat and protein content, milking interval and pre-milking time) and economic
factors (milk price and feed cost) to optimise the economic margin per litre of
milk and not only the production level.
However, currently many farmers do
not use this function, which can lead to
unwelcome drops in production, but do
use milking robot attendance control.
These two examples illustrate the
fact that the level of delegation of the
decision to robots by farmers is diverse.
In addition, a lot of information is
necessary for steering. However, most of
the information used comes from measurements made by the milking robot
or its peripherals, i.e. by tools coming
mainly from the same system and the
same manufacturer. In the future, the
interoperability of tools should be
ensured to enable the crossing of data
from various sources and so improve
the use of data for decision-making.

2.4. An uncertain
cost/benefit ratio
New techniques make it possible in
some cases to reduce workload by the
automated collection of information by
sensors, easier storage, rapid and centralised processing, decision-making
support (feedback in the form of alerts
or summary reports) and the possibility
of focusing only on animals requiring
special attention. However, these time
savings are sometimes reduced if the
herd is enlarged (Hostiou et al., 2017).
The information produced by the
sensors is also a source of stress, and
sensors may not be adopted because
they are too complex or too numerous
(Russell and Bewley, 2013) (Table 1).
These tools produce an abundance
of information, making it difficult to
select the information that will be useful for decision-making, leading to a

high degree of selection. Only 3% of
mastitis alerts from milking robots are
reported to be actually used (Hogeveen
et al., 2013). The information returned
in the form of alerts is a cause of stress
because it is too frequent and disrupts
other farming activities. However, information can also reduce stress because
farmers delegate the responsibility for
detecting the event to the tool, particularly when physiological signs, such as
heat, are more easily detected by sensors. For farmers, the new techniques
also lend their profession a more modern image, making it more attractive
(Faverdin et al., 2020b).
Farmers often underline the gain in
comfort and working time to justify
investment in these techniques. Cost is
still a barrier (Table 1). The overall cost
depends on the cost of the equipment,
the performance of the livestock farm
before it was equipped, the farming
system and how the farmer uses the
techniques (Bekara and Bareille, 2019).
When techniques are moderate in cost
and produce information traditionally used (milk meters, heat or calving
detectors, etc.), the return on investment is prompter than when they are
expensive (milking or feeding robots)
or provide information with which it is
difficult to make a straightforward decision (e.g. monitoring health and welfare

disorders). Uncertainty about the benefits of a sensor system and the expected
improvements in herd management
determine its adoption. This can explain
why heat sensors are more readily
adopted than sensors to measure body
condition (Rutten et al., 2018). New marketing methods are emerging, which
offer a package of services (Bouquet
Farmlife, Medria Solutions) rather than
specific equipment bought by farmers.
Such services are likely to facilitate the
assessment of potential benefits and
the cost/benefit ratio by farmers. The
future will tell whether this approach
by services increases the adoption of
ICT technologies by farmers.

2.5. From “technologydriven” to “decision-driven”?
Technology offers opportunities,
but it takes time to use it intelligently.
The goal is to move from the question,
“What am I going to do with this new
information?” to, “What information and
with what qualities do I need to make
better decisions on this or that aspect of
management?” This move is very rarely
made. It requires a much better understanding of the place of information
in the decision-making. This is a very
complex question, but it cannot be
eluded if lasting improvements are to
be made. A first option is to model the

Table 1. Survey on obstacles to the adoption of new monitoring technologies
in dairy farming. (229 dairy farmers in Kentucky, US, according to Russell and
Bewley, 2013)
Reason for low adoption rate

%

1/ Not familiar with the available technologies

55

2/ Undesirable cost/benefit ratio

42

3/ Too much information provided without knowing what to do with it

36

4/ Not enough time to spend with these technologies

31

5/ Lack of perceived economic value

30

6/ Too difficult or complex to use

29

7/ Poor technical support or training

28
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quality of the farmer’s information system to see the effects on performance.
For example, this approach has been
tested on reproduction and has shown
the impact on herd performance of the
quality of health event detection and
the specificity-sensitivity parameterisation of detection (Brun-Lafleur et al.,
2010). Depending on the breeding system, the parameters and impacts differ.
By finely analysing how we make
a good decision, we can revisit the
question of information, sensors and
their properties. In order to decide, it
is essential to know what information
is mobilised for a diagnosis, how decisions can be evaluated, what precision
is needed for information and when it
should be acquired. The use of models in decision-support tools led to a
detailed discussion on the evaluation
of these tools and the need to involve
decision-makers in the process at a very
early stage (Prost et al., 2012). The contribution of these new techniques in
decision support plays a role very similar to that of models or expert systems.
Do we make a better decision with this
information? Are performances really
improved? The evaluation of decision
support tools based on these new techniques should be revisited. This will help
to better qualify these tools so they will
evolve towards better services for the
farmer.

3. Information
and certification:
when the decision-maker
is no longer necessarily
the farmer
The data produced in a livestock farming system by all the connected objects
and by the various automatic devices
are now usually sent to large servers or
“clouds” far from farms. Farmers generally benefit from the information or
alerts generated by the processing of
sensor data, but more rarely from the
basic data, which is often of no interest to them. In this era of big data, it is
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clear that the data are not necessarily
lost and can be used for other purposes. The question of sharing data
generates some reticence. The use of
these data, most of which are not covered by the General Data Protection
Regulations (GDPRs), is governed by
contractual relations. A number of proposals for charters have emerged over
the last ten years in different countries
to try to find acceptable compromises
between farmers and potential users
of their data. A comparison of these
different charters has shown that they
roughly cover the following aspects: (i)
accessibility and readability of data, (ii)
transparency of their use, (iii) control of
their use, and (iv) data security (Hirschy,
2019).

3.1 Product traceability:
guaranteeing specifications
and results
Currently, data from various techniques are used “on site”, for example in
the management of a farm, transport
unit or slaughterhouse, and are not
exchanged between actors in the
food chain. These data could inform a
transport company as to whether an
animal is fit for transport or not. They
could also be used to compile information on welfare level over an animal’s
life by integrating information from
the farm, transport and slaughter. This
information could then be shared with
customers (processors, retailers) to
diversify marketing or to provide guarantees to consumers.
The relationship that consumers/citizens have with agricultural products
is radically changing. Historically, the
need for security of supply and low
prices were long the primary criteria.
Quality and food safety were gradually
added. It is no longer enough to merely
ensure traceability within the sectors to
quickly find the origin of a health problem. Today, expectations have become
more complex and diversified, with a
loss of confidence in production methods (environment, animal conditions,

production system) (Delanoue et al.,
2018). When buying or consuming a
product, more and more consumers
want to know where it comes from, how
the animal was fed, treated, transported
and slaughtered, how and where the
product was processed, whether its
production is environment-friendly
and whether it has good nutritional
qualities. Connecting the product to the
farm and the producer is often enough
to establish trust.
Some sectors already integrate data
platforms or warehouses for their quality management and quality systems
(e.g. De Hoeve Innovatie Group (KDV) in
the Netherlands). Some use blockchain
technology to link a product to the different locations it has passed through
(farm, transport and slaughterhouse),
adding information at each stage while
securing this data and its origin to inform
consumers (Connecting Food, Carrefour,
etc.). This information could relate to
environmental certification, compliance with specifications on animal feed
(with minimum grazing, GMO-free, pesticide-free, urea-free, with omega-3, etc.),
concern for animal welfare, etc. Figure 2
presents examples of segmentation of
milk and meat products and the potential for using data from new techniques
or other sources to check compliance
with specifications.
Such exchanges of information within
the sectors require innovative business
models, specifying who can do what
with what data and ensuring fair sharing of costs and benefits between the
actors of the agri-food chains.

3.2. The use of information
for new applications
The connected “Internet of Things”
paves the way for the reuse of information acquired in precision livestock farming system for purposes
that tomorrow may be outside farms.
Sophisticated computer systems
are being developed to organise
information brokerage between the
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various players (Vermesan and Friess,
2013). It is no longer necessarily a
question of creating large databases
that will gather all the information, but
of managing information exchanges
according to needs and applications.
It is important to remember that when
data are not linked to individuals and
therefore do not fall within the scope
of the DPMR framework, they are not
owned. Outside this framework, only
information systems can have ownership, but the owners may want to share
this information in a contractual form
depending on the purpose of this sharing. Different applications that concern
livestock farming may offer new services based on the data collected and
with the farmer’s consent.
Genetic selection requires the collection of much phenotypic information
associated with the genetic information on the animals. The feedback of

data to the selection centres would
make it possible to propose new indices based on genomic information,
as shown by the currently available
genomic index on the risk of ketosis in
dairy cows (Barbat-Leterrier et al., 2016).
Parameters routinely recorded by automated milking robots, such as milking
speed (Heringstad and Bugten, 2014),
milk flow rates (Fogh et al., 2012), temperament (based on milking behaviour
as measured by the number of times the
milking clusters are unhooked (Rinell,
2013)), udder conformation (based on
robot camera and laser beam recordings (Fogh et al., 2013), udder shape
(based on robot camera and laser
beam recordings (Fogh et al., 2012))
could easily be used for the selection
of traits related to the milking ability of
dairy cows.
It is possible to make better use of
the possible synergies between the

data. Applications could collect all the
data of a farm to provide it with further information extracted from these
data. This is the objective, for example,
of the Applifarm company in France
or JoinData in the Netherlands. Many
data from monitoring can be used for
instantaneous evaluation. However,
there is great potential for wider use of
these large databases, for example to
help veterinarians diagnose problems
and provide advice to producers. On
an experimental basis for 18 months,
French law No. 2020-526 of 5 May 2020
authorises the performance of veterinary acts by means of telemedicine, a
field where IoT and the link with business software would be particularly
useful. It is also possible to compare
a farm with other farms in the same
region by benchmarking. The analysis
of these data over longer time steps can
provide other indicators to help farmers in their decisions (integrated vision

Figure 2. Examples of possible segmentation of milk and meat products and sources of data that would allow objectification
of compliance with specifications.
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of health data, choices of reforms and
reproduction, individualised management based on past information, etc.).
The data generated by the IoT can allow
the revisiting of norms considered physiological by taking each animal as its
own control. The notion of health could
be investigated by defining a set of indicators at the level of each animal. The
current lack of clear and simple gateways between the software used by the
various stakeholders (e.g. farmers and
their veterinarians) limits the use of the
data collected.
The “big data” approach to the large
amount of data in agriculture has
attracted much interest. Several projects in agriculture, especially in the livestock sector, will undertake to collect
and process the masses of information
(big data) resulting from new technologies in these sectors using new artificial
intelligence technologies (Morota et al.,
2018). Thus, the Microsoft “Farmbeats”
initiative offers tools to achieve this
(https: //www.microsoft.com/en-us/
research/project/farmbeats-iot-agriculture/). However, the combination of more mechanistic modelling
approaches with big data approaches
might well further improve the use of
information for decision-making (Ellis
et al., 2020). The stakes are high at the

scale of dairy or meat sectors or territories to anticipate market situations,
resource supply, health risks, etc. (Ellis
et al., 2020). For example, in terms of
health risks, algorithms continuously
analysing the gestation periods of cows
in syndromic surveillance (Marceau
et al., 2014) would have made it possible to detect anomalies in northern
France in 2008 only 7 weeks after the
first clinical notification of bluetongue.
Data collected continuously would
make it possible, following the example of Google’s famous Flu Trends algorithm, to detect the emergence of a new
syndrome on a territorial scale.

Conclusion
ICT techniques facilitate the acquisition of information and allow access
to much new information in animal
husbandry. Some of these techniques
are already widely used. This is only the
beginning and further exciting applications will no doubt emerge. However,
these techniques still require a significant amount of monitoring work to
provide reliable information, an activity
that is not part of the traditional tasks
of farmers. Abundant information is
provided by these technologies but
their use in decision-making and man-

agement processes of livestock farming
is not always clear. It is not enough to
provide masses of data to assist in decision-making. Information must be relevant (few false alarms) and the farmer
must know how to use it for livestock
management. The most widespread
applications currently meet these criteria. Before developing new applications,
it will be advisable to find out what
information farmers need most to help
them in their decisions. Furthermore,
the mass of data generated can find
other applications than just in livestock
management and many operators are
interested in this. Traceability from
farm to fork is already a reality and will
be fuelled by this information (or will
impose it); this will require finding a
balance between the farmer’s feeling
of being controlled by other actors and
the possibility of strengthening links
between farmers and consumers.
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Abstract
New technologies for sensors, communication and data processing have entered the farming world. The information they provide is more
diverse and obtained more frequently, over longer periods and from more entities. They raise new problems of qualification, reliability and
maintenance of information, which largely remain to be explored. In decision theory, ’information’ means what is likely to have an impact
on a decision. When the information is acquired by automatic devices rather than obtained by human observation or measurement, those
devices quickly find their place if they are reliable. Devices providing information on animal health and welfare or on the environment are
still little used and their integration into effective decision-making tools is still insufficient. Also, the use of this information is not now limited
to livestock farms. Consumers want to know where their food comes from, how it was produced, and with what environmental footprint and
animal welfare provision, and they want this information to be reliable. In conclusion, new information technologies give access to much
new information in animal production, but it is not yet clear how this information can be used in decision-making by livestock farmers or
other actors in the food chain.

Résumé
Élevage de précision : de nouvelles informations utiles pour la décision ?
Les nouvelles technologies des capteurs, de la communication et du traitement des données ont fait leur entrée dans les élevages. Elles constituent
une nouvelle source d’informations à la fois plus nombreuses et diversifiées, à plus haute fréquence, sur des durées plus longues et pour plus d’entités. Elles soulèvent dans le même temps des problèmes de qualification, de fiabilité et de maintenance des informations qui restent largement à
explorer. Dans la théorie de la décision, le terme information ne concerne que ce qui est susceptible d’avoir un impact sur la décision. Lorsque les
informations acquises par des dispositifs automatiques se substituent à des informations obtenues par des activités de surveillance ou de mesure
manuelles, ces dispositifs trouvent rapidement leur place s’ils sont fiables. À l’opposé, pour d’autres informations concernant les alertes de santé, le
bien-être ou l’environnement, les dispositifs sont encore peu utilisés et leur intégration dans des outils performants d’aide à la décision est encore
insuffisante. De plus, aujourd’hui, l’information sort du cadre strict de l’élevage. Les consommateurs veulent savoir d’où vient leur aliment, comment
il a été produit, dans quel respect de l’environnement ou du bien-être animal, avec des garanties sur ces informations. En conclusion, les nouvelles
technologies de l’information permettent l’accès à beaucoup de nouvelles informations en élevage, mais avec une idée encore trop imprécise de
leurs utilisations dans les processus de décision de l’éleveur ou d’autres acteurs.

FAVERDIN P., ALLAIN C., GUATTEO R., HOSTIOU N., VEISSIER I., 2020. Precision livestock farming: new information to help decision-making?
INRAE Prod. Anim., 33, 223e-234e.
https://doi.org/10.20870/productions-animales.2020.33.4.4585

This article is published under the Creative Commons license (CC BY 4.0).
https://creativecommons.org/licenses/by/4.0/deed.en
The citation and use of all or part of the contents of this article must mention the authors, the year of publication, the title, the name of the journal,
the volume, the pages and the DOI in accordance with the information given above.

INRAE Productions Animales, 2020, numéro 4

