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Digital technologies provide an opportunity to further increase the sustainability and productivity of grasslands and rangelands. Three resources are key to that change. These are the soil on which forage grows, the forages that grow on those soils and the animals that use the forage resource as food. This paper describes elements of technologies to measure and monitor these resources and provides some insights on combining that knowledge and controlling the animal's utilization through virtual fencing. There are many potential challenges to the application of digital technologies to pastoral farming. These often require the calibration of digital signals to define biophysical characteristics. The significant repository of historic data of pasture growth over many geo-climatic regions, for example, provides New Zealand with an opportunity to accelerate that development. Future advances in rangeland use, nutrient deposition, greenhouse gas emissions and the provision and utilization of high quality and quantity will be enabled by the application of digital technologies at scale, under the control of virtual fencing. Digital technologies may provide the means to maintain or enhance ruminant production from grassland in a sustainable operating space into the future.
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INTRODUCTION

Digital technologies have the potential to change the way rangeland and grassland are managed. The rise of the internet-of-things and cloud storage has changed how we collect, store, and process data. Previous systems were paper-based and often transient. Users tended to internalize the knowledge gained from data collection without further storage or application. Such systems have been traditional in many cultures, where learning is passed down through generations, often using spoken histories. Written knowledge has developed significantly with formal learning approaches and records, but individual learnings at a farm or business scale have often still been assigned to experiential, with knowledge passed verbally among participants.

Digital technologies now enable both the collection and storage of data in perpetuity. This data can be transferred easily among users and interpreted remotely. Huge amounts of data, representing numbers, words, sounds and images, can be stored this way because it takes up very little physical space. This also means that the data can be transmitted to, and interpreted by, other users, including machines. The universal nature of digital data provides an enormous opportunity to collect, store, share and interpret data. New information and knowledge can be created through that interpretation.

The activities of humans across the globe has pushed natural systems to, and potentially beyond, their limits (Steffen et al., 2015). While agricultural intensification may be at the forefront of concerns (Campbell et al., 2017), ruminant grazing systems may provide an opportunity to utilize the unique resource that grassland and rangeland provides. This would enable the continued delivery of valuable products without the primary use of crops for animal production (McCoard et al., 2020).

However, current trends in production-driven grassland systems are toward intensification and highly productive and specialized breeds. For example, the Angus beef cattle breed makes up ~60% of the Bos taurus cattle numbers in the world. The trend toward using these highly productive cattle also poses a threat to sustainable land use. Spiegal et al. (2019) used GPS tracking to demonstrate that highly productive cattle (Angus x Hereford) generated twice as many hotspots (mass urine and fecal deposition sites) and less use of native food supplies than the traditional Raramuri Criollo cattle in New Mexico rangeland.

These trends toward intensification and specialization have led to pastoral degradation, reductions in biodiversity, fire protection and ecosystems services such as water provision (Battaglini et al., 2014). Shifts from traditional breeds and approaches also threaten co-developed systems such as the sylvo-pastoral dehesas system in Spain and the montados in Portugal that deliver high ecological and biodiversity values alongside animal products (Buckwell and Nadeu, 2018).

Digital technologies may be able to optimize animal productivity while minimizing environmental impacts. Technologies that provide a unique advantage for grassland and rangeland are those that can be used to characterize of the soil, the pasture/forage resources and the grazing animals. The characterization of each of these provides information on potential intervention and management options. Control of the grazing animal has traditionally been through herding and fencing to place animals in the right part of the environment to meet their nutritional needs, while providing the potential to rest some parts of the grassland to provide feed in the future. The development of virtual fencing technologies has added an extra dimension to both spatial and temporal control of animal grazing and nutrient transfer events. These technologies are not without their limitations. Algorithms need to be created, calibrated and validated to predict biophysical information from digital data. Data, both digital and biophysical contains uncertainty through both the accuracy and precision of measurement (Czarnecki and Podolak, 2013) and inherent expression of the observation (Steel and Torrie, 1980).

New Zealand has a significant history of characterizing this pasture production to understand that variation and provide resources to assist farmers in enterprise choice and systems design. These variations in climatic conditions result in large variation in the amount and seasonal distribution of pasture production (e.g., Radcliffe, 1974; Baars, 1976; Piggot et al., 1978; Roberts and Thomson, 1984). Enterprises are chosen to suit local pasture growth conditions, aimed at maximizing pasture use and minimizing imported feed (McCall and Sheath, 1993). The grazing systems employed are supplemented by some forage cropping to provide extra feed, most often to augment winter and/or summer feed supply depending on the regional imbalance (Stevens, 2009). The most regularly used forage crops, brassicas and beets, provide feed in winter at higher altitudes or higher latitudes. In these instances, usually no more than 5% of the farm might be planted in forage crops.

The range of New Zealand landscapes and their variability, both spatially and temporally, provides the opportunity for unique insight into the role and performance of digital technologies and their potential application on grazed landscapes. Documented characterization of soils, pastures and animals provides a base from which to build, and to use for calibration and reference when developing new digital technologies.

This paper explores a set of critical technologies with which the authors are currently working. It provides a perspective on the implementation of those technologies. This paper aims to provide stimulation of thinking for the reader to facilitate the integration of digital technologies to provide sustainable, productive future landscapes, using New Zealand grassland examples.



CHARACTERIZING THE LANDSCAPE RESOURCES

The ability to quantify the current resource and predict future pasture supply becomes of immense value for resource management and productive outcomes. Quantification of current and future states also provides opportunity to minimize the impacts of management on environmental outcomes such as soil disturbance, water quality and greenhouse gas emissions.

While conventional science has provided a significant base for measuring and understanding the soil and plant resources of grazing ecosystems, often these resources are expensive to implement and have been defined at relatively large scales such as farm, catchment, region or per km2. Refining both the temporal and spatial variations in those resources will drive innovation in the efficient use of, and change in the use of, those resources.

Many grasslands and rangelands are in remote locations, have significant scale per enterprise and have topography that is unsuited for conventional direct measurement techniques. Therefore, direct measurement of soil and pasture is time consuming and expensive especially if high resolution variation is present. The most promising options for broad scale grassland farming is spectral analysis for both plants (Edirisinghe et al., 2012) and soils (Yule et al., 2015).

Using remote sensing via spectral analysis can collect large amounts of data quickly and relatively inexpensively at a scale that can be varied from patch to paddock to farm. Imagery can capture the spectra of radiation that is reflected from the earth's surface (Rouse et al., 1974). These spectra consist of the range of radiation that is received by the earth's surface from the sun, e.g., ultra-violet, visual and infra-red. Spectral analysis uses the principle that the spectra of radiation that is reflected from plants and soils can be calibrated to determine the type of vegetation, the area of exposed soil, the density of plant life and the chemical composition of the plants (Rouse et al., 1974). This information can be collected in a variety of ways, with rapid collection in remote conditions being enabled through satellite imagery or aircraft surveys (Yule et al., 2015).

Resolution has increased, both from satellite, from 1.15 to 3 m2/pixel, and higher with drone footage. This means that the imagery can be used for general biomass estimation (Rouse et al., 1974), down to prediction at the grazing animal scale (Dymond et al., 2006; Edirisinghe et al., 2012). This then enables an increased range of potential decision-making layers or intervention points for management, across large tracts of grassland or rangeland.



CHARACTERIZING GRAZING ANIMALS

Where animals go and what they do in their environment has significant implications for resource use efficiency and environmental impacts, both positive and negative. The technological advances in micro-processors, genetic/genomic technologies and big data management has created the opportunity to scan large numbers of animals using advanced technologies to gather in-depth data on behavior and personalities. The combination of data from these technologies can then be used to make more informed animal selection decisions, matching animal personalities to environments to improve rangeland utilization and environmental impact. Developing grazing and environmental personalities of animals using global positioning system (GPS), inertial measurement (activity sensors) and urine sensors is explored here as a means of characterizing the grazing ruminant.

Studies of rangeland utilization of farmed ruminants using GPS units has been able to identify different individual behaviors. Bailey et al. (2004) demonstrated that individuals within a herd consistently utilized different terrain and resources than other individuals. Wesley et al. (2012) also demonstrated that individuals that consumed supplements faster in confinement utilized larger rangeland areas and spent less time close to water than individuals that consumed supplement slower. Bailey et al. (2015) was able to associate utilization of terrain type to genotype. This work indicated that several quantitative trait locus (QTL) accounted for significant proportions of variation in terrain use indexes.

The ability to add other sensors to GPS collars has also allowed more behaviors to be captured. GPS units now commonly have multiple axis accelerometers as activity sensors and, when combined with spatial data, can define behaviors such as grazing, traveling and resting (Bailey et al., 2018).

This opportunity to collect both spatial and temporal data of whole herds will allow new insight into grazing behavior, animal impacts and identification of animal genotype suitable for different environments (Bailey et al., 2015). This may increase productive potential and biodiversity retention while minimizing environmental harm and fire risk.

Animal urination is a particularly sensitive activity as it concentrates nitrogen in the environment. This has an important part to play in redistribution of nutrients and creation of hotspots of potential water contamination (Castillo et al., 2000).

Urine sensor technology has gained increasing attention to measure urine excretion from grazing livestock for developing strategies to mitigate farm nitrogen loss. This technology ranges in complexity from measuring the time of each urination event and volume using flow meters or thermistors (e.g., Betteridge et al., 2010; Ravera et al., 2015) to also measure urine nitrogen concentration (Betteridge et al., 2010; Shepherd et al., 2017a).

Urine sensor technology has been used to assess the effect of different forages on urine excretion from livestock (Bryant et al., 2017), and compare changes in farm systems on livestock urine nitrogen production (Shepherd et al., 2017b). Moreover, detailed information on the diurnal and spatial (linked with GPS technology) patterns in urination characteristics could be harnessed to develop new nitrogen mitigation strategies.



DIRECTING ANIMALS IN THE ENVIRONMENT

Benefits of understanding the pasture and soil resources, and the grazing behaviors and preferences of the livestock can often only be captured by directing livestock to the right part of the landscape. Without control of grazing livestock, landscapes are often under- or over-utilized.

Understocking may result in significant shifts in biodiversity and ecosystem type. For example, the ingress of woody weeds has been identified as a significant issue in many environments (e.g., Archer et al., 2001). Estimates of safe operating limits in Europe identify the need for ruminants in uncultivable grasslands to maintain biodiversity and reduce fire risk (Buckwell and Nadeu, 2018).

Overstocking is also a significant concern, often in regions where control of animals in grasslands and rangelands cannot be implemented. A lack of property rights and low social capital often leads to a lack of resource management due to the “tragedy of the commons.” Often these grazing systems are only “overstocked” because severe continuous grazing restricts pasture growth (Hodgson, 1990). The impacts of ruminants on the landscape are also associated with the uneven distribution of grazing (Bailey, 2005). Controlling animals in the environment provides a solution to overgrazing, uneven grazing and nutrient redistribution.

Controlling animals in a domesticated setting has a documented history of 8,000 to 10,000 years. The opportunity to protect animals, control feed utilization and improve environmental outcomes has made fences indispensable in modern livestock farming. However, current fencing methods are costly, time consuming and potentially not available to all, restricting their implementation and potential benefits. Virtual fencing has enabled new opportunities for animal containment through recent advances in training techniques, coupled with rapid changes in digital technology. Virtual fencing (or herding), is explored in its ability to completely rethink both capital and resource use paradigms, as well as controlling environmental impacts of the grazing animal.

There are several virtual herding systems in development, all based on each animal wearing technology housed in a neckband or collar. These include eShepherd®, NoFence®, Halter®, and Vence®. These are all based on avoidance learning using the cognitive activation theory of stress (Ursin and Eriksen, 2004). This describes a scenario where animals learn to respond to a non-aversive audio stimulus to avoid an aversive electrical pulse. Successful learning occurs when the animal perceives cues to be predictable (audio warning always precedes a pulse) and controllable (operant response to the audio cue prevents receiving the pulse) and an acceptable welfare outcome ensues. After the initial learning period (~6 approaches for 50% of cattle to learn; Campbell et al., 2018), and with coupling of the application of the audio warning consistently at every approach event, responses indicate that cattle learn the situation has high predictability and can avoid the electrical stimulation by responding to the audio cue alone (Lee et al., 2008, 2009).

A GPS receiver in a collar is used to define the area available for the animal to access. The information to set the accessible area is loaded via remote systems such as LoRa or cellular networks, once defined by the user in the associated software. Other sensors in the collar help determine the response of the fence algorithm. The e-Shepherd® for example uses the accelerometer within the collar to detect an animal running toward a virtual fence. The herding software is disabled, recognizing that a charging animal cannot be successfully contained by the training and control of the electric stimulus. The program within the collar tracks the animal and when the animal has stopped running, the fence is reset in such a way to herd the animal back to the original accessible area.



COMBINING TECHNOLOGIES TO OPTIMIZE GRASSLAND MANAGEMENT

Knowing where animals are going, how far they travel and what they do when they get there introduces many opportunities. How far an animal travels directly influences their energy requirements. For example, ewe lambs in a semi-intensive grazing environment traveled an average of 3.4 km/day (Johnson, unpublished data) while ewes grazing a large extensive environment traveled 5.3 km/day (Steer, 2012). However, there is large variability between individuals with 3–5-fold differences reported in the above studies, which is both repeatable and heritable (Johnson, unpublished data). Associated with this range of movements is the proportion of the potential grazing area an individual animal encounters. This provides some individuals with much greater access to the feed resource, providing potential benefits in the type and quality of feed available.

Comparative movement and extension of home range also influences the deposition of feces and urine, so altering the pattern and intensity of hot spots in the environment (Spiegal et al., 2019). The use of urine sensors to characterize the relative variation in urine deposition of animals could also be used to allocate appropriate animals to different environments, depending on the sensitivity of that environment to nitrogen overloading.

Using activity sensors to understand individual animal intakes would improve animal management through matching feed requirements with feed availability. It would also allow detection of reduced intakes. Indoor feed intake studies in sheep (and cattle) have demonstrated large between-animal variability in how animals manage their daily intake. This includes number of daily feeding events, the duration of these feeding events and the rate of intake during feeding events. If intake data could be integrated with the GPS data, it would unlock even more information about variability in grazing to be matched with pasture disappearance and soil mineral maps.

When combined to the mob level, pasture use across the landscape can be mapped. This can be combined with satellite NDVI estimates of pasture cover and soil mineral maps to understand the interactions between the soil, pasture and animal (Trotter et al., 2018). This information could be used in management decisions such as changes to grazing plans, retirement from grazing for alternative uses, differential fertilizer application, and reductions in nitrogen leaching potential.

While collars on animals provide a starting point for generating new knowledge about the animal and its use of its environment, the technology also provides an enabling opportunity through directing livestock into specific parts of the environment, or exclusion from other parts. The use of both a GPS and virtual fence, and many sensors and interpretive algorithms in a permanent collar worn by the grazing ruminant provides a range of potential benefits (Table 1).


Table 1. A range of issues and solutions that digital sensors may provide when linked to the collar containing virtual herding technology, identified at a lead-user workshop in 2019, Hamilton, New Zealand.
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Many farms face challenges with the installation and maintenance of fencing infrastructure (Stevens et al., 2019a). This may be due to the age of current fencing, to the erosion-prone nature of some soil types, to flooding or snow damage. The availability of virtual fencing can provide options to tailor new fencing configurations that optimize the use of the landscape. It is envisaged that early adopters farming beef in hill country will take up the virtual fencing for waterway protection in New Zealand due to government implementation of new regulations restricting waterway access for livestock. New Zealand hill country has many waterways which require livestock exclusion. The difficult terrain makes physical fencing extremely costly (Obadovic et al., 2020) and presents logistical challenges.

The much finer control of livestock grazing provides an opportunity to increase resource use efficiency, while reducing secondary losses from the system, such as nitrate through leaching and soil through sediment movement. Controlling where the animals graze and congregate can alter the distribution of nutrients in the environment. Varying this position over a series of grazing events will enable the redistribution of nutrients around the landscape, reducing the need for fertilizer inputs.

An example of innovative application of this technology is livestock security. In some parts of the world, being able to prove both ownership and location of livestock may enable greater capital investment in livestock farming, by having greater surety of current values of livestock.



LIMITATIONS AND CHALLENGES

While digital technologies show promise they all have several limitations. Calibration and validation are key to the success of digital technologies. This is because each data measure is generally only an approximation of a true value or distribution—even though there may be hundreds, thousands or millions of them. Each data point has varying levels of quality and uncertainty, for example, data collected by physical techniques vs. satellite sensing technologies. Quality and uncertainty are defined by the precision and accuracy of the data collected and expressed as the error that can be calculated from repeated sampling of any population (Steel and Torrie, 1980). Uncertainty in data, and therefore in all types of data science models, introduces the risk of poor decision outcomes because of biases, drift and lack of precision in individual sensor systems (Wolfert et al., 2017). Further, as the volume and variety of data increases, so do the uncertainties inherent within (Czarnecki and Podolak, 2013; Hariri et al., 2019)—big data is often subject to noise, incompleteness, bias and inconsistency (Hariri et al., 2019; Sharifi et al., 2020), and may often be disparate, dynamic, untrustworthy, and inter-related (Wang and Jones, 2017).

Using spectral data for soil and plant characterization has several known limitations. These include spectral saturation, cloud cover, changing satellite angle and spatial resolution. For example, the Normalized Difference Vegetation Index (NDVI) uses the difference between near infrared, which is reflected by vegetation, and red light, which is absorbed by vegetation (gisgeography.com, 2017). As NDVI approaches the upper limit of 1.0 for pastures (around 3,500 kg DM/ha), the spectra become saturated lowering the accuracy of prediction. Another known issue is the inability to perform NDVI measurements where clouds cover the area of interest. That decreases the temporal resolution of data and requires producing weekly or monthly image composites to create cloud-free imagery. Spatial resolution has significant influence on the accuracy of the measurements. While the 250 m/px imagery available daily from MODIS Terra and Aqua satellites is potentially useful tool on a national scale, it tends to mask differences between different pasture cover types and provide higher NDVI values than higher resolution satellite imagery for the same area, which eventually lead to overestimation of dry matter.

These issues mean that developing algorithms which are calibrated and validated for farms located across a range of environments remains very challenging. The work of Dymond et al. (2006) and the Pastures from Space project in Australia (Hill et al., 2004) have demonstrated potential, yet the scale of ground-truthing required remains a major obstacle. Future machine-learning and artificial intelligence building off smaller data sets holds significant promise. Lack of reliable field biomass measurements for farms located in different regions and topography is another problem that decreases the transferability of calibrations. Issues such as shading due to satellite and sun angle in hill country and the amount of dead matter in pasture may compromise the ability of a single calibration to provide repeatable prediction of herbage mass (Edirisinghe et al., 2012).

Technical challenges are apparent in creating algorithms that can be universally applied. Digital approaches are nearing a point where the precision of imagery and machine learning may help solve the calibration/validation issue. This would rely on the ability to utilize herbage mass data that was manually collected on-farm. Industry and government investment to collect and utilize farm data are increasing (e.g., FarmIQ, Farmax; Isaacs and White, 2016).

The on-going requirement for an evolving calibration of spectral analysis data poses a significant problem in situations where biomass estimates are not made. In the New Zealand context dairy farm managers often assess and report pasture biomass, albeit using a trained eye assessment (Eastwood and Dela Rue, 2017). In this circumstance machine learning or algorithm development could provide an on-going adjustment of image analysis to modify imagery interpretation, allowing the technology to be continually applied. When ground-truthing data is not available, this cannot happen. Therefore, farming systems that already measure features such as pasture quantity and quality will be much better placed to develop techniques to capture the value of these digital technologies.

One ground-based technology has been developed to address some of these issues. Farmote Systems® uses an infra-red-light source positioned within each paddock operating at night. It automatically returns data via a radio network and delivers a decision-ready report to graziers. It also uses a cross-reference to satellite imagery as available (Milsom et al., 2019). This type of approach mitigates several of the concerns of spectral analysis. For example, taking a reading at night, at near ground-level removes interference from other radiation sources. Cross-referencing provides the opportunity to modify calibrations to improve accuracy. Automated recording and reporting remove significant labor requirements to gather data. This type of technology integration provides a good example of capturing the value of digital approaches.

Technologies that reside on animals have unique issues that may limit use. Animal welfare concerns are potentially significant as harnesses and fitting may hinder movement, disrupt behavior and injure the animal. These issues are being addressed through thoughtful design and constant improvement. The general public have raised concerns about technologies such as virtual fencing. Many of the studies of virtual fencing have been directed to address these concerns (e.g., Campbell et al., 2019), though efforts to provide that information to the general public will also need to be made to aid with its use (Stampa et al., 2020).

Advances in battery engineering, computing hardware, and satellite networks have improved since the initial release in 1991 bringing animal tracking into the realm of big data research (Kays et al., 2015). However, many commercially available units still retail for considerable costs and have ongoing software licensing and data management fees. The rise of open source hardware has allowed the production of self-managed low-cost GPS units to be developed (Cain and Cross, 2018) allowing access to this technology to the masses.

Calibration requires significant resources and is often specific to one configuration of the technology. Data from animal-based sensors available through publication has been restricted to small scale studies, often with farm management objectives in mind, or the development of prediction equations for specific traits. Often calibrations are proprietary to the technology developer.

Handling and interpreting huge amounts of available data is key to extracting value in complex decision-making. Many decisions may only require simple data to make yes/no decisions. For example, knowing a critical temperature boundary has been exceeded may provide a decision-making point to declare food unsafe. Complex decisions, such as those required to manage grazing systems, use much more data, and integrate data from many sources (Gray et al., 2005).

Sources of available data will include climate, soil, plant, animal, product, and consumer (Table 2). Insights will be enhanced by understanding the associations or relationships between these variables. This data needs to be collated and integrated with technologies such as machine and deep learning, augmented reality and multi-functional decision-making. This will provide an understanding of current state of the world and generate opportunities to predict or visualize what might happen and to (re)direct for the best outcome(s).


Table 2. An example of the sources and types of data that will be available to collate and integrate to inform current state, predict future states, and direct decision-making.
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APPROXIMATION AND UNCERTAINTY

Biological systems are inherently variable. For example, pasture growth in a single paddock will vary greatly depending on factors such as microclimate, soil fertility and previous urine and fecal deposition. This is then overlaid by the dietary preferences of the grazing animal and their avoidance of undesirable parts of the pasture. Thus, even at the finest level, the scale at which we can collect data guarantees that the biological system introduces another layer of uncertainty, over and above that of the measurement techniques, before an outcome is realized.

The risk of poor decision outcomes is particularly true in analytics that combine non-traditional information sources such as rapidly arriving data from sensors, process models, qualitative information and user behavior (Wynne, 1992). Using multiple disparate data sources means compounding data uncertainty originating from the data collection, data curation and combination from multiple sources (Czarnecki and Podolak, 2013; Hariri et al., 2019). Communicating uncertainty in data can introduce further complexities, and uncertainties are sometimes ignored, or even explicitly denied (van der Bles et al., 2019). Uncertainty in the data collection, analysis and knowledge extension processes can lead to a lack of confidence in the resulting model outputs and decision made thereof. Communication of the uncertainties associated with findings from data modeling is vital, since, unless uncertainty is communicated effectively, decision-makers may put too much or too little faith in it (Fischhoff and Davis, 2014; van der Bles et al., 2019) leading to poor or unexpected outcomes (Meenken et al., 2020).

Matching the potential predictions and decisions of digital technologies with the expectations and experiences of the end-user will remain a challenge. This has effect in two ways. The first is the ability of the digital technologies and the data analysis to represent the biophysical situation accurately. For example, tools to measure pasture biomass need be calibrated to appropriate pastures (Eastwood and Dela Rue, 2017). If calibrations of the data, or its use in defining future states such as pasture growth, cannot match reality then the end user will dismiss the technology. Many technologies have suffered this in the past. The second effect is when the outcomes from digital data analysis provide new insights into the impacts of decision-making, or potential new ways of proceeding. In this instance the technology may be right, but not representative of the experience of the end user. In this situation, valuable progress may be dismissed.

Successful complex disparate data analysis will provide a) uncertainty evaluations that account for the combination of all types of data by applying the principles of metrological traceability and b) support decision making with excellent tools to communicate uncertainty. Quantitative and qualitative metrics of uncertainty both improve confidence in the validity of the information and provide evidence for the underlying quality of the model and data (Mastrandrea et al., 2010).



DISCUSSION

First steps in capturing the power of digital technologies will be small, as the technologies are not yet fully formed. Gains will be made in improving the fit of resources to productive potential of both the land and the animals. For example, grazing control may improve the utilization of the grassland resource, increasing both quality and quality of forage available. This would result in an initial increase in production via pasture utilization, and a secondary increase in stocking rates and/or an increase in animal performance. Interestingly, these outcomes may augment or deplete the environment depending on the pathway chosen by the grazier. If a grazier chooses stocking rate to capture the benefits, then more nutrient leakage (from urine and fecal deposition and treading damage) may result.

Scenario testing using fine-scale GIS data of topography and aspect, combined annual and perennial thistle density data and soil nutrient and water-holding data has been used to predict the relative economic benefits of thistle control on a complex hill property (Stevens et al., 2019b). This provides an example of how digital technologies can be used at fine scale to offer new insights into farm management options. This work utilized 64 potential pasture/thistle interactions in the range of micro-geoclimatic zones present on a single farm. While this may technically provide on-farm opportunities for increasing efficiency/profitability, the current fencing would not allow optimal pasture utilization. Adding virtual fencing would aid in capturing benefits that can now be predicted using digital technologies.

As the technologies are further refined then land managers may capture benefits by fitting practices to landscape and avoiding potential conflicts of changing productivity. Ecosystems services such as biodiversity, nutrient loss minimization and water harvesting may be improved through selective use of various landscapes. This selective use may involve both time and space, to for example, vary grazing near waterways, or restrict grazing access to specific times of the year when damage is minimized, and benefits enhanced. For example, using ruminants to graze pastures in spring to prevent fuel build-up in fire-prone areas, enabled by the use of virtual fencing.

Potentially the addition of new enterprises, or changes from current to future enterprises may occur. Benefits from increased utilization and productivity of pastures may allow land of higher quality to be released for other enterprises such as arable or horticultural use. The emergence of such enterprises will require a redistribution of labor and resources. It potentially may also result in shifts of power, depending on the relative profitability of each enterprise, influencing other outcomes such as social and environmental impacts.

For example, when adding legumes into a hill farm, Dodd et al. (2020) determined that significant increases in both pasture and animal production were achievable, while reducing nitrogen fertilizer inputs. Legume introduction was targeted at specific micro-geoclimatic zones on the farm, using GIS mapping. However, realizing those gains in practice will again require much more precision in livestock control and grazing, hence requiring these technologies to be enabled by virtual fencing.

However, using the data is not all that is required. Key to the success of applying any digital information is the ability to uniquely identify the data and assign it to a space and time. Therefore, the shift to digitization must be accompanied by not only data collection, but storage and categorization in a standardized way. Many farmers collect animal liveweights for example, but current collection and storage processes are fraught with problems which include data being confined to files which have no common or systematic naming protocols, have few unique identifiers and poor time stamp control. This then means that the data is difficult to decipher and utilize beyond the farm boundary.

Digital technologies come at a cost, both financially and in time. This can be a significant barrier to technology uptake. Thus, technologies will be adopted at different rates depending on the urgency and relative cost compared to other solutions. For example, Yang et al. (2021) found that the uptake of digital technologies varied both from region to region and between farms of different demographics and herd size, depending on economies of scale, access to capital, and current infrastructure constraints. In another example, the uptake of virtual herding technology may be driven by legislative change to waterway fencing regulation (Obadovic et al., 2020) with the cost of the technology be lower than the cost of conventional fencing.



CONCLUSIONS

Key to applying digital technologies to enhance the outcomes from grasslands and rangelands is understanding the roles and interactions between principle factors that influence the balance between productivity and sustainability. Using remote digital approaches to characterize the resource base with both spatial and temporal precision will unlock a range of new options to manage biophysical resources.

Characterizing animals will provide new opportunities to match grazing behaviors to plant and soil resources, improving sustainability. While, for example, variations in grazing style (animals with different bite size for example), may not have a direct effect on productivity, the rate of prehension and subsequent rumination may have a significant effect on the extent of digestion and potential greenhouse gas emissions.

Previous research on grazing behavior tested theories through varying pasture conditions, but key to applying digital technologies is to know what variation is available between animals. It will be the application of variability in the animal to harness the variability in the soil and pasture resource that will provide the step-change in resource use efficiency in grassland-based ruminant production systems. Understanding, interpreting, and discovering new insights into the data will underpin our ability to capture value as data adequately reflects practice.

Step-change will only be realized if livestock can be directed to appropriate niches within the landscape. Virtual herding technology provides that option. Finally, new business models that make use of the shared data will change our approaches to managing grasslands and its future production. The balance between efficiency, intensity and environmental impacts will be better understood and managed.

Integration of digital technologies may provide the means to maintain ruminant production from grasslands in a sustainable operating space. We must discern the difference between the fascinating and the important in the quest to develop digital solutions. However, we must also be able to recognize when the fascinating becomes the important.
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