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Abstract
The promised benefits of precision technologies (PTs) include improved efficiency, quality, animal health and 
welfare and reduced environmental impacts. To date, PTs (including sensors, algorithms, big data, decision-
support tools, etc.) have had a relatively modest impact in pasture-based dairying systems in comparison with 
other agricultural sectors such as arable production. The areas animals roam and graze in pasture-based systems 
and the associated connectivity challenges may, in part at least, explain the comparatively reduced use of PTs in 
those systems. Thus, there are very few technologies designed specifically to increase pasture utilisation with 
the exception of global positioning systems (GPS) and Bluetooth-enabled Plate Meters. Terrestrial and satellite-
based spectral analysis of pasture biomass and quality is still in the development phase. Therefore, one of the key 
drivers of efficiency in pasture-based systems has only been marginally impacted by PTs. In contrast, technological 
development in the area of fertility and heat detection has been important and offers significant potential value to 
dairy farmers. In general PTs can be described as good at measurement, data collection and storage but fall down 
around interpretation and providing useful outputs to end users. As a result, it is unclear if farm management is 
being sufficiently improved to justify widespread adoption of PTs. A needs-driven development of PTs and decision-
support tools are required for the succesful integration within agriculture. Further cost/benefit analysis is also 
required to determine the efficiency of investing in PTs and what, if any, factors affect the variation in the returns.
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Introduction

Agriculture is changing and is challenged by increasing 
globalisation, fluctuation in food prices, greater societal 
expectations, environmental constraints and policy changes 
both at national and international levels. It has been estimated 
that demand for animal-derived protein may double by 2050 
(Henchion et  al., 2017). Meeting this demand sustainably 
will, at a minimum, require producers to maximise production 
efficiencies while minimising negative environmental impacts, 
or in other words, developing increasingly resilient and 
sustainable agricultural systems. Many studies have reported 
that pasture-based systems of milk production have a distinct 
advantage over high input systems (Shalloo et al., 2004; Dillon 
et  al., 2005), with grazing systems associated with greater 
global sustainability, increased product quality (O’Callaghan 
et al., 2016), improved animal welfare (Wagner et al., 2018), 

increased labour efficiency (Dillon et al., 2005; O’Brien et al., 
2012) and increasing global food security (Laisse et al., 2018) 
relative to systems of production where the animal is eating 
feed that could be consumed by humans. Although traditionally 
prevalent in areas such as the lowland of northwestern Europe, 
grazing is in competition with maize and renewable energy 
systems (Taube et al., 2014) despite its strong economic (Dillon 
et al., 2005) and environmental potential (O’Brien et al., 2012). 
The potential of grass-based systems is restrained by a lack of 
expertise and path dependency over the last century which has 
driven most European farms towards indoor and all year round 
calving systems. Increasing the efficiency and sustainability of 
pasture-based (and other) systems is thus desirable to make 
them even more competitive, especially in areas where the 
pasture-based system is currently a niche production model.

A review of precision technologies in pasture-based 
dairying systems
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In this context, precision technologies (PT) development and 
application is increasing with “Automation” and “Big Data” 
now common in industry, society and science. The initial 
applications of sensor technology were mostly in robotics, 
defence and industrial production processes (Helwatkar et al., 
2014), but this is now expanding to most industries including 
agriculture. The terms precision agriculture/livestock, smart 
farming and digital agriculture, and PTs are thus now also 
familiar. The primary goals of precision livestock farming is 
to generate reliable data using biosensors, robotics, digital 
technologies and integrated databases to process it to 
create value for the farmer, the environment and the animals 
(Neethirajan et al., 2017). In order to produce added value, 
the data delivered by PTs (or retrieved from databases) 
needs to be translated into knowledge to facilitate automation 
or improved management decisions through using the 
information in an integrated format to facilitate the decision-
making process. The integration of Big Data (large data sets 
that can be treated systematically) is then facilitated by the 
proliferation of the Internet nationally and the development of 
cloud-based computing. Therefore, the incorporation of PTs 
can be viewed as the culmination of a number of processes. 
The first is to measure the parameter of interest (e.g., pasture 
growth, quality, grazing cow behaviour) through sensors. 
The second step is to transfer the sensor data to a hub for 
integration. This data is generally then converted to useful 
information through the generation of algorithms. Finally, 
when this data is integrated with other data/interrogated/
modelled, useful decision-support information can be used 
to automate processes on farm (e.g., cow drafting, dynamic 
fertiliser application, etc.) through the provision of advice or 
a decision back to the end user in an appropriate medium 
(Rutten et al., 2013). Appropriate data visualisation is key to 
Precision Livestock Farmer acceptance (Van Hertem et  al., 
2017). It is only at this point that the data actually has a value 
for the end user. How information is delivered to the farmer 
and how the farmer uses this information is integral to the 
success of any technology (Banhazi et  al., 2012) used on 
farm. In a review of sensors in health management for dairy 
farms, Rutten et al. (2013) noted that while the measurement 
part of systems largely functioned, the integration and 
decision-support elements were inadequate. As a result, 
while many relevant technologies are currently available, their 
value to farming systems is not clear (Steeneveld et al., 2015). 
While PTs in farming promise increased efficiency, improved 
product quality, reduced environmental impact, and overall 
improvements in animal health and welfare (Shalloo et  al., 
2018), much of the benefits have been slow to be realised so 
far. This has been more pronounced in pasture-based systems 
(e.g., grass measurement, grassland management, cow 
location, soil fertility, etc.) in part at least, due to the additional 
costs of connectivity across large grazing platforms but also 

partially because of the smaller market size and perceived 
demand (or lack of) relative to indoor milk production systems. 
The development of novel PTs to improve the performance of 
pasture-based systems would be advantageous to improve 
the productivity of pasture-based dairy farms in the future.
It is crucial that any farm investment strategy will increase 
the profitability of the farm business or have some social 
implications, with particular focus on increasing output through 
increased pasture growth and utilisation (Shalloo et al., 2011). 
Previous research has reported significant potential for 
improved efficiency within pasture-based systems in Ireland 
(Creighton et al., 2011; Kelly et al., 2013). More specifically, 
technological solutions which can increase the utilisation 
of pasture and the productivity and fertility of seasonal 
calving herds are likely to add significant value to pasture-
based systems. There is, however, a risk that technologies 
developed in other contexts will be marketed to farmers in 
pasture-based systems where their utility is marginal and their 
efficacy reduced.
At a more aggregate level, PTs could also provide a platform 
to quantify, in a robust fashion, the sustainability of pasture-
based ruminant production systems through integrating 
existing databases, capturing new data and developing 
scientifically robust models (Egger-Danner et al., 2007; O’Brien 
et al., 2014, 2015, 2018). This would aid the achievement of 
national objectives in consumer protection, continuous quality 
assurance and would allow claims to be made around various 
aspects of the production system and food produced from 
within it (O’Brien et  al., 2015, 2018). The objective of this 
paper is to review big data and smart technologies in pasture-
based dairying systems.

Drivers of performance

How dairy production costs and dairy farm profitability vary by 
system has previously been investigated (Dillon et al., 2005). 
As a feed source for livestock, the cost of pasture relative 
to pasture silage and concentrate has been reported as 
1:1.8:2.4, respectively (Finneran et al., 2010). In line with this, 
the efficiency of pasture-based systems has been found to be 
positively associated with pasture utilisation, grazing season 
length and pasture management and negatively associated 
with supplementation level (Shalloo et al., 2004; Macdonald 
et  al., 2010; Läpple et  al., 2012; Ramsbottom et  al., 2015; 
Hanrahan et al., 2018). Grass utilisation is the single greatest 
driver of profitability and efficiency on pasture-based dairy 
farms and in particular on those with a spring block calving 
pattern (Hanrahan et al., 2018).
Across the spectrum of pasture and increased supplementation 
and total mixed ration (TMR) systems, the optimum calving 
interval is 365 d (Esslemont et  al., 2001). However, the 
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relative importance of fertility is comparatively greater in 
seasonal dairy production systems (Veerkamp et  al., 2002; 
Shalloo et al., 2014). In pasture-based winter milk systems, 
the quality of ensiled pasture will, for example, be important 
(Shalloo et al., 2014) and so the development of technologies 
to help assess and improve the quality and/or reduce the cost 
of ensiled pasture would be valuable for all systems.
The fertility costs associated with reproductive inefficiency in 
dairy herds can be broadly divided into five main categories 
(Shalloo et  al., 2014). These costs include the effects 
associated with:
(1)	 increased calving interval,
(2)	 increased culling,
(3)	 increased labour costs,
(4)	 increased interventions and,
(5)	 reduced submission rates.

Synchronising the demand for feed with pasture growth 
patterns is a key benefit of a spring calving pattern where the 
peak herd feed demand is matched with peak pasture growth 
(Shalloo et  al., 2007). In other words, a compact calving 
period in early spring matches the peak intake demands of 
the cow to spring pasture growth. In pasture-based systems, 
the negative effect associated with increased calving-interval 
is magnified as feed supply and herd demand must be 
aligned. This is the main reason why the economic impact 
of reproductive inefficiency is even larger in pasture-based 
systems compared with more intensive systems.
In the long run, if PTs can increase pasture utilisation and cow 
fertility and or reduce labour requirements while maintaining 
or reducing costs, they will make a significant contribution to 
increasing the overall sustainability of pasture-based systems.

Precision technologies in pasture-based dairying 
systems

Sensor technologies can be characterised by the measurement 
method employed and what is being measured. The focus of 
this review is on what is measured rather than the methods 
employed to do the measurement within pasture-based 
systems.

Pasture specific PTs
Dairy farmers that rely on pasture as their primary feed 
source and so require accurate real-time measurement of 
pasture biomass and quality to optimise grazing and nutrition 
management.
Technology designed specifically to increase pasture 
utilisation is currently relatively rare. With other crops such 
as maize and soybean, sensors now routinely being placed 
in fields measuring the microclimate, spectral characteristics 

and small-scale differences in soil fertility to help improve crop 
management and productivity (Wolfert et al., 2017). Sensors 
developed with a focus on improving pasture growth are still in 
development and as of yet not commercially available.
Examples of PTs that enable increased pasture utilisation 
include digitally enabled rising plate meters (grass 
measurement tools) which streamline and automate aspects 
of  collecting data required to generate pasture budgets 
(French et al., 2015). These have an added benefit in that 
the skill and experience required is much less than when 
compared to visual assessments. Given the importance of 
measurement in managing and increasing pasture utilisation, 
plate meters can offer significant benefits for relatively 
modest investment on a farm. Grass yield data can be 
combined with global positioning systems (GPS) information 
and a smartphone in order to be sent to an app or server to 
calculate on farm pasture availability (French et  al., 2015). 
Another approach is to measure the height of the pasture 
canopy without a plate resting on the pasture but this is less 
sensitive to pasture density and so less sensitive to biomass. 
Distance measurement in both plate and canopy height is 
usually done via an ultrasonic sensors which measure the 
height of the canopy itself or of a plate resting on the canopy 
(Moeckel et al., 2017). While plate meter approaches provide 
a good estimate of biomass, to assess pasture quality, 
spectral analysis is an area promising quality estimates 
(Sibanda et al., 2016) that are quick and efficient alternatives 
to lab-based assessments.
Be it handheld, drone or satellite-based, there is increasing 
momentum around spectral approaches (Sibanda et  al., 
2016). Spectral analysis can be completed with portable, 
aerial or satellite-based systems and a common approach 
is to develop particular wavelengths to create indices such 
as the normalised difference vegetation index (NDVI) which 
estimates if vegetation is present or not by assessing the ratio 
of red and near-infrared wavelengths. The challenges include 
background soil effects, atmospheric effects, grazing impact 
and heterogeneity of species and variation in pasture growth 
stages/proportion of senescent material in the canopy which 
disproportionately influence spectral data (Moeckel et  al., 
2017). Most studies have focussed on measuring pastureland 
biomass in tropical savannahs via remote satellite sensing with 
less focus on temperate pasturelands (Moeckel et al., 2017).
Moeckel et al. (2017) reported combining an ultrasonic sensor 
with handheld hyperspectral sensor data and satellite-derived 
spectral data to measure canopy height. They found that 
the best predictions of biomass were early in the grazing 
season when pastures were more homogenous. As the 
grazing season continued issues such as pasture refusal 
post grazing resulted in variability in the sensor outputs which 
could not be accounted for when predicting biomass. The R2 
values achieved with biomass, however, indicate that further 
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development is required before practical applications in 
pastureland management are possible (maximum R2 = 0.52).
Askari et al. (2019) used an unmanned aerial vehicle (UAV) to 
gather spectral data to assess pasture quality and achieved 
an R2 of between 0.77 and 0.83 relative to chemical analysis. 
There has been some progress using satellite data to estimate 
pasture biomass using synthetic-aperture radar. One study 
of Irish pasture found that grass biomass could be predicted 
with an R2 of up to 0.75 based on this approach (Ali et al., 
2017). However, predictions with that level of accuracy were 
only achieved periodically when weather conditions were 
clear. Highly coherent paddocks tended to have low biomass 
after mowing. Variables such as wind flattening tall grass and 
grazing or mowing thus complicated the interpretation of the 
satellite data, especially as biomass increased.

Cow behaviour and status PTs
Cow behaviour such as movement, location, rumination 
and resting are of importance for herd management, most 
notably for heat detection. Several different approaches have 
been developed to measure various cow behaviours. Some 
systems use three-dimensional/two-dimensional (3D/2D) 
cameras in line with machine vision (Nasirahmadi et al., 2017), 
digital micro-electronics (Beauchemin et  al., 1989; Rutter 
et  al., 1997) or pressure sensors to detect jaw movements 
(Zehner et al., 2017). Büchel & Sundrum (2014) showed that 
jaw movements are indicative of feeding behaviour.
Accelerometers are another common sensor on cows and 
can measure behaviours such as feeding and rumination. 
The position of those systems on a cow varies with head-,  
neck-, ear- and leg-mounted devices available (Bikker 
et al., 2014; Borchers et al., 2016). Accelerometers, usually 
attached to the animal’s legs, can be used to measure 
locomotion activity (e.g. RumiWatch pedometer, ITIN + 
HOCH, Fütterungstechnik, Switzerland [Alsaaod et al., 2015] 
or IceTag pedometer, Northampton, UK [Ungar et al., 2017]). 
These measurements can give an insight into different events 
(e.g. heat, health, behaviour, etc.) as increased activity can be 
associated with oestrus events. Other technologies for heat 
detection are mounting activity sensors including tail paint, 
scratch cards, KaMaRs (KaMaR) and HeatWatch (CowChips) 
(Holman et al., 2011).
As feeding behaviour differs when cows are grazing, the 
sensors which accurately measure feeding behaviour indoors 
are unlikely to be as effective with grazing cows without the 
development of algorithms for grass-based systems, thus 
sensors may require adaption and recalibration for grazing 
cows. The research-based noseband sensor RumiWatch is 
capable of measuring detailed grazing behaviour such as 
rumination chews and grazing bites as well as rumination 
and grazing times (Werner et  al., 2017a). Most commercial 
sensors used on farms for measuring grazing behaviour 

use an accelerometer around the neck (e.g. Heattime®; 
SCR Engineers, Netanya, Israel [Molfino et  al., 2017] or 
MooMonitor+; Dairymaster, Tralee, Ireland [Werner et  al., 
2017b]), with some of these technologies showing extremely 
high levels of accuracy (R2 > 0.90) (e.g. Moo Monitor).
Another aspect of interest is real-time cow localisation which 
might be of particular interest in pasture-based systems. 
There are already a number of techniques to determine animal 
position indoors. One such system is the Smartbow ear tag 
(Smartbow GmbH, Weibern, Austria) which has been shown 
to have reasonable accuracy (within 2.93 m 95% of the time) 
in determining cow location indoors (Wolfger et  al., 2017). 
Smartbow works by triangulating the location of cow worn ear 
tags with low-frequency signals which are detected by multiple 
receivers in the barn allowing triangulation. It is also possible 
to localize animals via ultra-wideband technology (e.g. 
CowView; GEA Farm Technologies GmbH, Bönen, Germany 
[Tullo et al., 2016]). In pasture-based systems, the accurate 
measurement of the animal’s position used to be limited to 
GPS-based tracking systems (Williams et al., 2016), but other 
approaches that are less burdensome on batteries are being 
developed that generally use a combination of approaches.
Health management can be improved by automated detection 
of dairy cow lameness with sensor technologies. This is 
particularly relevant in larger pasture-based dairy farms where 
cows may have to walk long distances between the milking 
parlour and pasture. There are different approaches, such 
as a system attached to the cow, mostly pedometers (e.g. 
IceTag3D™; IceRobotics, Edinburgh, UK), walkover systems 
(e.g. StepMetrix®; BouMatic, Madison, WI, USA) and camera 
systems (Viazzi et al., 2014). Van De Gucht et al. (2017) found 
in a survey that a sensor attached to the cow was preferred by 
the end users, followed by a walkover system and a camera 
system. Some studies already demonstrate positive results 
for automated lameness detection, but in many cases, the 
animal must be critically lame to be detected. Beer et  al. 
(2016) showed that it is feasible to differentiate lame cows 
(>2.5 locomotion score) from non-lame cows with data 
gathered by a pedometer (RumiWatch). One company has 
made a leg mounted accelerometer commercially available to 
detect lameness (IceRobotics, 2017).

Milk sensors
To date, electrical conductivity and changes in milk colour are the 
most common indicators for in-line monitoring of udder health. 
Electrodes are inexpensive and can easily be incorporated in-
line. There is, however, relatively large variation in sensitivity 
and specificity. This may be explained by the strong influence 
of, for example, milk fraction, milk viscosity, temperature, and 
technical conditions on the measured result, which underlines 
the necessity for a clear measurement procedure and sensor 
calibration (Brandt  et  al.,  2010). It is possible to measure 
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milk quality parameters such as fat, protein, lactose and 
milk urea nitrogen contents among others based on in-line 
sensors. With this data, it is possible to assess the energy 
and protein supply cows are receiving as well as metabolic 
imbalances which are major health and welfare concerns in 
dairy cows and could facilitate improved utilisation of pasture. 
These milk quality parameters can be accurately measured 
(milk fat, R2 = 0.95; milk lactose, R2 = 0.83; milk protein, 
R2 = 0.72; SCC, R2 = 0.68) by a near-infrared spectroscopic 
sensing system (Kawasaki et  al., 2008) or additionally with 
optical methods, biosensors or sensor arrays. The accuracy 
of the sensor is generally a function of the sensor cost. An 
example of a commercially available product to determine 
milk progesterone concentration is the DeLaval Herd 
Navigator, Tumba, Sweden. The system is able to measure 
lactate dehydrogenase for detection of (subclinical) mastitis, 
milk urea to assess the efficiency of protein feed rations and 
β-hydroxybutyrate to indicate (subclinical) ketosis and/or 
secondary metabolic disorders (Dobson, 2016).

Data aggregation and application

A database is a structured set of records held in a computer 
that is accessible in various ways. Databases come in many 
different types and structures and a full discussion of this is 
beyond the scope of this review. This section will discuss the 
current types of databases that exist in agriculture today, what 
they do and how they are linked. There are vast quantities of 
data collected and stored across a whole range of different 
aspects of agriculture. Most of this data resides in databases 
specifically designed to facilitate one form of functionality (e.g. 
regulation, disease epidemiology, sustainability, etc.). While 
that data fulfils its original purpose, linking it with other data 
collected for other purposes could dramatically increase the 
value of the data, for example, sustainability assessment 
(O’Brien et  al., 2014) or verification of an Irish grass-fed 
number (O’Brien et  al., 2018). Examples may include the 
use of animal identification information to help populate 
sustainability models or the use of activity data as an animal 
welfare indicator. Some databases are designed to monitor 
commercial farm data and in general, are designed to fulfil a 
specific farm business requirement. The development of the 
Internet allows these databases to be stored remotely and 
linked with other databases.

From data to information
Raw data is generally of little use to users so the processing 
and summarising of data is a key aspect of PTs and these 
processes are generally completed by algorithms (for review, 
see Valletta et al., 2017). At its most basic level, algorithms can 
generate coefficients that can then be used to report metrics 

(e.g. changes in steps taken per day). Building on this and 
including models, automated inferences are made based on 
the data. This could, for example, include predicting if a cow 
is in oestrus or not by drawing upon cow history (e.g. calving 
date). At a more developed stage, a recommendation to breed 
or not could be made taking into account factors such as cow 
waiting period since calving and if a cow has been identified 
for culling. The sire to be used might also be suggested 
taking into account available genetic information or breeding 
goals (e.g. older cows served for beef calves and younger 
cows served sexed semen to produce more high genetic 
merits heifer calves). Ultimately an algorithm could partially 
automate the process by informing the artificial insemination 
technician of the cow to be served and the sire to use without 
the farmer’s active input.

Interoperability and linkages
Large quantities of data are generated on farms, stored locally 
or aggregated by government agencies and companies. In 
most cases, those databases were developed with limited 
applications in mind. However, there is a magnitude of potential 
uses for the data (e.g. milking machine companies sharing 
data with the genetic improvement organisations around 
milking speed). A key barrier is aligning the huge incentives 
for all stakeholders (especially farmers) involved to deliver 
benefits. Data generated by machinery is generally stored 
locally and only aggregated by the machinery manufacturer. 
Integration with other manufacturers’ systems and agencies 
databases is the exception. Data formats and protocols are 
not standardised and consequently, data measuring the same 
thing from different systems will not be interchangeable. 
Sometimes data formats are deliberately protected inhibiting 
access to the data by third parties. This has resulted in the 
potential of much of the collected data not being harnessed.
The ability of a sensor or system to work with other in-situ 
technologies such as ID or drafting gate systems is often 
crucial to making them viable investments. Collaboration, 
protocols for interoperability, data formatting standards, 
open source and open data approaches may be required to 
realise the full potential of PTs. To improve linkages between 
databases, there is a requirement to understand the design 
of existing databases including the database platform and 
infrastructure. The focus should centre on strategies to 
develop linkages between different databases. This process 
should identify issues around data integration and ensure that 
any future developments in data collection can be undertaken 
using a standard methodology. The integration of data across 
relevant databases adds value to the analysis that may be 
completed as not all the pertinent data resides in a unique 
database. For example, with every milk collection from a farm, 
there is an array of data collated (milk temperature, volume 
and time). Regularly, samples are taken for milk composition 
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and milk hygiene and quality characteristics. Some of this 
data can now be used for management purposes in relation 
animal health or feeding strategies.
Overcoming the barriers and challenges associated with 
data and intellectual property protection will be crucial. The 
challenges include data interoperability, sharing/access, 
proprietary systems and intellectual property concerns. 
In response to these challenges, major vendors have 
responded by creating company-specific ecosystems with 
good intracompany interoperability. This approach includes 
bundling/cross-selling of products.

Pastureland management databases
One such example in the area of pastureland research is 
PastureBase Ireland (PBI) (Hanrahan et al., 2017). It builds 
on the concept of citizen science (Conrad & Hilchey, 2011). 
Citizen science has proved highly successful in the past in 
many countries, forming the bedrock of biological recording 
in various large research projects particularly in ecology and 
environmental sciences. In the case of PBI, pastureland 
farmers are the citizen scientists collecting the pastureland 
data which is the data fuelling a new research program. This 
function is being achieved through the creation of discussion 
forums within the PBI system which allows for the roll-out of 
research and technology initiatives more easily, increasing 
farmer engagement.

Soil fertility
Data regarding fertiliser use on farm is generally stored with 
the merchant where the fertiliser is purchased. Protection 
of this data is important for many farmers and generally, 
they are unwilling to share it, harbouring concerns that any 
disclosure of this data might be used against them (e.g. 
nitrates regulations, land values). The potential benefits of  
centrally collecting and storing that data for sustainability 
assessments or at individual paddock levels to determine 
fertiliser response functions is significant. Ideally, if the 
farmer uses an app linked to a smartphone to record fertiliser 
information (spreading dates, quantities) this information can 
be automatically integrated with the pastureland database like 
PBI. This simplifies recording and improves the utility of the 
data for the farmer.

Animal genetics and health
Use of veterinary medicines (especially antibiotics) is regulated 
in most countries with the recording of information regarding 
diagnosis and treatments being a common requirement. The 
quantity and type of medicines administered to individual 
cows could potentially be stored in a central database. 
However, in most countries, while this information has been 
systematically recorded on paper, it generally has not been 
recorded electronically and has not been collated centrally 

(Egger-Danner et al., 2007, 2012). One example of a country 
where a significant effort has been put into standardising 
and aggregating animal health data relating to dairy cows is 
Austria. In Austria, the recording of animal health treatments 
was made a legal requirement in 2002 but the form and coding 
of this recording were not standardised or aggregated (Egger-
Danner et al., 2007, 2012).
In relation to animal genetics, there are a number of 
databases that are critical to increasing herd genetic merit 
(e.g. International Committee for Animal Recording Interbull 
database; Irish Cattle Breeding Federation Database). Such 
data can be collected by public companies or associations 
(as is done in Ireland) but also by private genetic companies. 
Information regarding animal performance including milk yield, 
fertility, longevity, animal health, administered treatments, 
calving, etc. is routinely recorded. PTs offer huge potential 
to inform breeding programmes through the automated 
collection of phenotypic traits such as activity and behaviour, 
which may be of economic value to select for, within a 
breeding programme. An example might include monitoring 
activity data that is collected by devices on individual animals 
as well as diagnoses of illness or heat events. Many of the 
traits that these devices collect information on are heritable 
traits, and it makes practical sense to record to improve future 
breeding programmes.

Farm decision-support and automation

The primary objective of using a PT is to inform humans or 
facilitate automated/improved decision-making on farm. In 
many cases, human discernment and knowledge cannot be 
substituted by machines, so machine autonomous decision-
making is not always possible. PTs can be categorised by the 
number of stages of decision-making automated for the farmer. 
Rutten et al. (2013) described four stages of decision-making 
as a way to characterise how PTs integrate into decision-
making on farms. In many circumstances, automated decisions 
may be desirable where the operator’s decisions may not 
practically be able to fully consider and interpret the data, and/
or automation saves the farmer time or labour. As the quantities 
and types of data available in addition to the multiplicity of 
automated decision-implementation methods develop, this will 
become more relevant. In systems that rely on the operator to 
make and implement decisions, information is made available 
to them via an interface, report or notification. The format 
and timeliness of how the information is provided effect the 
subsequent decision-making process. Some systems have 
algorithms and interfaces developed specifically to support 
decisions. Others however, only collect and report data and/
or cannot link different data sources inhibiting aggregation of 
relevant information in one view or report.
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Decision-support systems (DSS)
To date, literature about decision-making with PTs is sparse; 
especially regarding pasture-based dairy systems. Robustness 
of data collected by sensors is still perceived as a priority 
and thus, most research focusses on sensing accuracy and 
systems validation. Decision-making remains pivotal to the 
successful application of PTs because it determines the value 
of a PT for the farmer (Hostiou et al., 2017). In recent years, a 
few significant PTs have become available for pasture-based 
dairy operations, potentially generating a wealth of data 
regarding pasture, animal health and milk production.

Pasture
Decision support systems for pasture management are 
available for farms which utilise pasture as a major source 
of feed. Such technology facilitates improved pastureland 
management, delivering tangible benefits in terms of pasture 
supply, quality and utilisation (Creighton et al., 2011; Hanrahan 
et al., 2017) and ultimately profitability (Shalloo et al., 2011). 
Pasture management tools can include the pasture wedge, 
pasture budget and the spring and autumn rotation planners. 
Such tools assist farmers in short- to medium-term pasture 
management (Macdonald et al., 2010). Some DSS can also 
use historical pasture growth data to estimate pastureland 
production capacity and aid long-term management decisions 
like determining the most suitable stocking rates and plan 
paddock reseeding, which have been found to be strictly 
related to the economic performance of pasture-based dairies 
(Kennedy et al., 2007; Shalloo et al., 2011; McCarthy et al., 
2013).
Herbage data such as farm average pasture cover in a given 
paddock are usually captured manually by the operator using 
a specific interface. Recent developments in information 
technology have allowed the development of automated 
pasture cover sensing (e.g. web-enabled rising plate meter) 
with a mechanism to upload the data automatically via the 
cloud (McSweeney et al., 2015). Most DSS for pastureland 
management now exist in the form of web-based applications. 
These provide greater flexibility to the user; web-based 
architecture enables the collation of large quantities of data 
in central databases which extend DSS functionalities beyond 
the farm level. Data collected on a wide number of farms can 
be used to benchmark performance of a single operation, but 
also for research purposes and policy formulation (Hanrahan 
et al., 2017).

Health and fertility
Over the last few years, automatic heat detection systems 
have become available on pasture-based operations. In 
some cases, data collected by heat detection systems are 
integrated with other information regarding the cow (e.g. 

stage of lactation, fertility status, milk yield, etc.) to provide 
better decision-support information like whether or when to 
inseminate a cow or culling decisions (Mottram, 2016). Several 
DSS have been developed around reproductive management 
on dairy farms (Giordano et al., 2011; Rutten et al., 2016), and 
some have focussed on pasture-based production systems 
(Beukes et al., 2010; Fenlon et al., 2017). These DSS have 
not been connected to any sensor systems.

Automation
The clearest example of PTs and automation lie in automatic 
milking systems (AMS), which utilise data coming from a 
wide number of sensors to make autonomous decisions. 
Another example includes automated cow drafting systems 
using integrated information to autonomously separate cows 
that need specific attention and which adds significant value 
to many other sensors installed on farms (Wagner-Storch 
& Palmer, 2002). Another autonomous decision-making 
technology that may find application in pasture-based 
farms is individualised feeding. The integration of sensor 
information with in-parlour feeding systems can offer each 
cow different amounts and types of concentrate according to 
specific parameters. These kinds of automatic systems are 
generally known as feed-to-yield systems as individual milk 
yield is usually the only parameter considered to calculate the 
amount of feed offered. In pasture-based farms, individualised 
feeding systems are usually installed in the milking parlour. 
On AMS, individualised concentrate feeding is standard (Bach 
& Cabrera, 2017).
Decision-making deserves further attention in future research 
as it is key to maximise the benefits of PTs (Rutten et  al., 
2013). As new and improved PTs are developed, there 
is a growing need to foster the process of integration of 
information as it forms the base for sound decision-making. 
The employment of an open and standardised data format 
to enable data exchange among PTs is therefore strongly 
desirable. Advances in the fields of data analytics and 
computer modelling are expected to facilitate robust analysis 
systems capable of processing data from several sources. 
Improvements in DSS and autonomous systems are also 
expected.

Economics of investment in precision-based 
technologies

Although PTs have been widely recognised as a potential 
route to improve productivity and sustainability of animal 
husbandry, acceptance and diffusion of such technologies 
in pasture-based dairy production systems has been limited. 
Pasture-based farms are known to be low input systems 
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where investments need to be carefully evaluated in order 
to maintain low costs of production. Uncertainty of the 
cost/benetits of some PTs is likely to be one factor limiting 
adoption (Neethirajan et  al., 2017). In numerous studies, 
PTs are presented as a way to improve farmers’ quality of 
life by reducing working time and alleviating the burdens 
associated with farm management tasks. Such benefits 
often remain theoretical as the adoption of PTs can generate 
new, intellectually demanding and time-consuming tasks. 
This is especially true if aspects of the system, such as data 
presentation and decision-support, are poorly implemented 
(Hostiou et  al., 2017). Another limiting factor for the uptake 
of PTs on dairy farms is the lack of interoperability (real or 
perceived) between different data sources and software 
packages, which restricts integration of information, and 
thus the value and decision-making capabilities of precision 
management systems (Aubert et al., 2012).
The efficacy of a novel PT will usually be unclear for a 
period after it becomes commercially available. Over time, 
successful tools tend to be validated by independent research 
organisations. Even if a tool has been shown to be technically 
effective, for example, accurately detecting oestrus, it may, 
however, not be economically viable. Potential factors 
influencing returns from technologies include cost, reliability/
robustness, ease of use, farm circumstances, user’s ability 
and interest. These aspects have rarely been included 
formally along with assessments of technical efficacy and are 
crucial to determine the mid to long-term benefits of a PT.

Investment in decision supports
For dairy farmers, it is difficult to estimate the economic 
impacts for most PTs in advance of adoption. The risk of 
expensive technologies delivering poor financial returns to 
farmers is significant. One of the few studies that investigated 
this aspect found that PTs did not deliver a discernible return 
to Dutch dairy farmers between 2008 and 2013 (Steeneveld 
et al., 2015). They compared three categories of dairy farms, 
conventional milking systems with no sensor technology, 
conventional milking systems with sensors, and AMSs. 
The AMS systems were significantly less profitable than 
conventional farms with sensors as profit per 100 kg of milk 
dropped from €3.86 to €1.31. They found that no statistically 
significant difference in productivity before finance costs could 
be discerned between conventional systems before and after 
installing sensor systems, though profit was slightly higher 
on average after installation (increasing from €5.11 to €6.16). 
This indicates, on average, a neutral or very modest return on 
investment for the average farmer in the study. Similar results 
were found in a study by Shortall et al. (2016) in relation to 
AMS technologies within pasture-based systems in Ireland.
PT has advanced since that study with, for example, increasing 
performance of activity sensors (Steeneveld et  al., 2017; 

Werner et  al., 2017a), and advanced techniques such as 
machine learning applied to activity monitors to add additional 
value such as the potential to predict/detect calving (Borchers 
et  al., 2017). Returns may have also improved as PTs and 
knowledge about them improves, and the technology gets 
cheaper. There may, however, be significant variation in the 
returns achieved which can be attributed to variation in farms, 
farmers and technologies invested. Consequently, there will 
continue to be a proportion of farmers investing in technologies 
which are not delivering good financial returns. Replicating 
these findings in a pasture-based dairy system and establishing 
the reasons for variation in investment returns would add 
to the literature. Why some farmers benefited financially 
while others did not, from investing in the Dutch dairy farmer 
study (Steeneveld et  al., 2015), has not been appropriately 
answered. Farmers are rightfully cautious about technologies 
until clear information is available on the potential returns. In 
doing so, they will be likely to overlook specific technologies 
which offer higher likelihoods of economic benefits.
This information gap is a major issue as the adoption rate of 
PTs is low (Steeneveld et al., 2017). In light of this, increased 
knowledge of the drivers of adoption rates can also be used 
to increase average returns. While the drivers of good returns 
from technology investment are relatively unknown, there is a 
wealth of literature on the motivations of farmers to invest in a 
technology or adopt specific management practices (Garforth 
et al., 2006; Rehman et al., 2007; Garforth, 2010; Jones et al., 
2016).
Traditional decision-support tools generally take traditional 
forms such as Microsoft Excel, Visual Basic interface Excel, 
webpages or standalone software programs. They help 
farmers to improve outcomes or guide difficult decisions 
around a specific topic, for example, mastitis. The data is 
generally entered manually by the farmer or the advisor and 
they do not rely on precision agriculture or big data (Geary 
et al., 2014). A search of the literature did not uncover any 
currently available tools focussed specifically on assessing 
investments in PTs. Developing such tools was previously 
mentioned as a primary objective in one study (Bewley et al., 
2010) and would be of significant value to farmers, advisors 
and vendors, creating clear information that will assist the 
decision-making process. It appears that in general, pasture 
measurement technology and heat detection tools could have 
a strong economic rationale. More generally, as it is difficult 
for farmers and researchers alike to discern good and poor 
investments, cost/benefit analysis of novel technologies is 
required, in particular, on the areas with greatest potential 
financial impact (Bewley et al., 2010).

User attributes
Despite improved information provision, decision-making 
can still be poorly implemented in part due to variation in 
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management capacity to review and interpret the data 
(Rutten et al., 2013). User attributes may thus have a major 
impact on the return derived from PTs. Few PTs interpret 
data and it is rarer still for PTs to automate decision-making 
(Rutten et  al., 2013). For this reason, it is often the case 
that a technology may only provide information. Whether or 
not that information is in fact acted upon will likely depend 
on the user’s time availability, attitudes, personality and 
general ability and understanding in addition to the degree of 
technology specific training received. O’Leary et al. (2017a, 
2017b) assessed the associations between profitability and 
farm manager attitudes and personality. “Growth mind-set” 
and “detailed conscious” competencies of dairy farmers 
were both strongly associated with profitability (R2 > 0.4). 
Those with a growth mind-set believed that their and others’ 
abilities are malleable and are therefore likely to continue 
learning regularly. A high scorer on “detail conscious” 
“focusses on detail, likes being methodical, organised and 
systematic”. A low scorer is “unlikely to become preoccupied 
with detail, less organised and systematic and dislikes tasks 
involving detail”.

Needs-driven precision technology development

One critique of the current nature of PT in agriculture has 
been the prevalence of taking of existing mature technology 
from other sectors (solutions) and then looking for a potential 
application of these on farm.
Kruger & Cross (2006) define solution driven design as 
when:

“The designer focuses on generating solutions, and only 
gathers information that is needed to further develop a 
solution. The emphasis lies on generating solutions, and 
little time is spent on defining the problem, which may be 
reframed to suit an emerging solution.”

Here the solution is more important than the problem or need 
being solved which only becomes relevant at later stages of 
the process. Kruger & Cross (2006) contrast this with problem 
driven design which they defined as:

“The designer focuses closely on the problem at hand 
and only uses information and knowledge that is strictly 
needed to solve the problem. The emphasis lies on 
defining the problem, and finding a solution as soon as 
possible.”

Need driven (ND) development is a useful paradigm for 
the development of successful PTs. Indeed, ND is similar 
to problem driven design but broader in scope and entails 
developing and delivering technologies to meet clearly 
defined needs rather trying to repurpose technologies from 
another context. For example, it includes needs such as 

increasing labour efficiency which might not be classed as a 
“problem” per se. We believe the ND approach and focussing 
on tangible improvements in profitability, sustainability and 
resilience is key to the success of PTs in sustainable pasture-
based systems. We propose that ND technologies are those 
providing informed and real-time management aids to the 
farmer. Further, we characterise ND technologies as those 
delivered in ways that are comprehensible and relevant to 
the farmer. The third key characteristic of ND technologies is 
that they contribute data to essential research programmes 
such a performance evaluation, animal and pasture genetics 
(Egger-Danner et  al., 2007, 2012). Finally, as defining and 
implementing sustainability remains a major challenge, ND 
technologies could contribute to a platform to quantify the 
sustainability of pasture-based ruminant production systems. 
However, the PTs must be capable of standing on their own 
by providing justification for their investment directly back to 
the farmer.

Conclusion

The integration of sensor data, collated within centralised 
databases enriched with existing data and analysed for 
specific end use requirements with outputs provided through 
appropriate media and in a time appropriate fashion could 
increase the efficiency of pasture-based farming. A key 
shortcoming to date in this area is the failure to add value 
to data collected as the focus has been on accuracy and 
sensor development and deployment. Designing tools and 
products with a focus on providing solutions is key to the 
uptake of technologies into the future. For PTs to realise their 
potential in agriculture, there is a requirement for the various 
industry stakeholders to work together to create a consensus 
regarding the main industry needs and to subsequently 
develop platforms and infrastructure that can maximise the 
potential of PTs. The key drivers of efficiency and profitability 
in pasture-based systems are pasture utilisation and dairy 
cow fertility. Technologies that advance these components of 
the business have the greatest chance of delivering a positive 
return for the end user.
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