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Precision livestock farming (PLF) tools are increasingly used in daily herd management to improve health, welfare, and overall production. While not intended to reduce greenhouse gas (GHG) emissions on farm, PLF tools can do so indirectly by improving overall efficiency, thereby reducing the emissions per unit of product. This work modelled the potential effects of commercially available PLF tools on whole enterprise and product emissions of two average Scottish dairy farm systems (an 8,000 L and 10,000 L herd) using the Agrecalc carbon footprinting tool. Scenarios modelled included an improvement in fertility and an improvement in fertility and yield from the introduction of an accelerometer-based sensor, and an improvement in health from introduction of an accelerometer-based sensor, with and without the use of management interventions. Use of a sensor intended to improve fertility had the largest reduction in total emissions (kg CO2e) of −1.42% for a 10,000 L farm, with management changes applied. The largest reduction in emissions from milk production (kg CO2e) of −2.31% was observed via fertility technology application in an 8,000 L farm, without management changes. The largest reduction in kg CO2e per kg fat and protein corrected milk of −6.72% was observed from an improvement in fertility and yield in a 10,000 L herd, with management changes. This study has highlighted the realistic opportunities available to dairy farmers in low and high input dairy systems to reduce their emissions through adoption of animal mounted PLF technologies.
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Introduction

The number of dairy farmers utilizing precision livestock farming (PLF), or agri-tech, tools in daily management of their enterprises is increasing. These include estrus detection technology, lameness detection technology, in-line milk quality sensors, and many more. Currently, the number of farmers utilizing PLF tools globally is not known, with many farmers not regarding themselves as users, despite utilizing technology daily. Often, literature focuses on adoption of a specific technology in a specific region, i.e., automatic milking system (AMS) adoption in North Holland (Floridi et al., 2013); AMS adoption in Norway (Hansen, 2015); AMS adoption in Idaho (Tejeda et al., 2020). When utilized to their fullest potential, PLF tools can help support animal management, improve animal health (Neethirajan, 2017; Le Cozler et al., 2022), welfare (Berckmans, 2014; Buller et al., 2020) and production (Marino et al., 2021). They can also help monitor or reduce greenhouse gas (GHG) emissions (Hammond et al., 2016; Gabbi et al., 2021), improve overall farm environmental efficiency (Morrone et al., 2022) and improve traceability of livestock products (Kampan et al., 2022), among other uses.

Particularly important for larger herds, PLF tools and technologies can provide more focused use of available labor. Tools are not meant to replace evaluation of stock by a trained stockperson, or the routine visual and auditory information they gather, but to aid them (Wathes et al., 2008). In comparison to existing methods, PLF technologies can allow collection of detailed information in more rapid and accurate ways, with reduced animal handling and the associated negative impacts (Hamilton et al., 2004; Slayi, 2023). Use of PLF technologies is linked to improved decision making on farm, either solely by the farmer or directed by a decision support system aligned with the technology. With increasing herd size, time pressures and poor labor availability, particularly in dairy herds, more focused use of time is important.

Mitigation of GHG emissions is an important policy objective for UK and international governments. In Scotland, agriculture is estimated to account for 20% of the GHG emissions, and significant reductions are needed to meet the emission reduction targets of 75% by 2030 and 90% by 2040 (Scottish Government, 2023). There is not a clear agreement in the literature as to whether one dairy production system provides a more “climate-friendly” alternative to another (Lorenz et al., 2019), with high milk production systems being shown to be lower emitters in some years and lower production systems in others (Toma et al., 2013). Therefore, to reduce emissions across all dairying systems, a focus on increasing efficiency in each individual system could provide opportunities to reduce undesirable outputs, including GHG emissions (Toma et al., 2013).

Although not intended to reduce GHG emissions, PLF technologies can do so indirectly by improving the efficiency of animals and therefore the enterprise. A reduction in GHG emissions from livestock could be achieved by increasing production efficiency and feed efficiency, by lowering production emissions intensity, or a combination of both (Min et al., 2022). The more efficient an animal is, the lower the emissions per unit of product, such as milk or meat (Grossi et al., 2018) across the supply chain or sector. Improving animal production efficiency through adoption of PLF technologies has the potential to maximize the profitability of average and high yielding dairy systems and therefore improves environmental and economic sustainability of the sector (Tzanidakis et al., 2023). For example, on dairy farms, utilizing PLF technology such as an estrus detection tool could reduce GHG emissions through more accurate detection of estrus, leading to more successfully timed artificial insemination (AI). More successful AI reduces days left open, reducing the number of days cows are non-productive on farm – i.e., producing emissions with no product. In beef systems, technology such as automated weigh crates can reduce GHG emissions through closer monitoring of performance and ensuring animals reach target weights quicker. By reaching targets earlier, age at slaughter can be lowered, meaning animals are on farm for less time, requiring less feed, producing less manure and therefore emitting less GHGs. However, it should be noted that commercially available systems are often not peer reviewed for their intended use, and even less so for reducing emissions. In a study of 1,111 publications relating to dairy cattle sensor technologies, only 42 studies (30 tools) met requirements for external validation (Stygar et al., 2021). The aims of this study were therefore to demonstrate the impact of the adoption of a PLF tool intended to improve fertility or health on the emissions of a high and low input dairy farm, based on currently commercially available animal-mounted systems.



Materials and methods

Data for Scotland from the Cattle Tracing System (CTS) and the Farm Advisory Service (FAS) Farm Management Handbook (SAC Consulting Ltd, 2022) were utilized in this study. The CTS is a UK governmental database for all cattle in Great Britain for notification of births, movements, and deaths. The FAS is a Scottish Government funded advisory service which aims to provide information and resources on how to increase sustainability and profitability of farms and crofts in Scotland. Data were collated and average values were used to create a baseline dairy farm, typical of those seen in Scotland; 225 cows calving all year-round (AYR), having access to pasture and producing 8,000 L/cow/annum. Utilizing data from the Langhill Dairy Research herd (SRUC, Scotland) and the Farm Management Handbook (SAC Consulting Ltd, 2022), a second baseline dairy farm was created; 225 cow, AYR calving, fully housed herd producing 10,000 L/cow/annum. Diets were formulated utilizing input from SAC Consulting dairy nutritionists to create representative Scottish dairy total mixed rations (TMR), along with typical grazing periods. Diets were formulated to provide 17% crude protein (CP) at 70% digestibility, and comprised of predominantly grass silage plus wholecrop cereal, barley and barley straw, concentrate pellets and minerals. Grazing cows (8,000 L and 8,500 L herds) were assumed to be grazed for 152 days of a 305-day standard lactation. For all herds and scenarios, dry cows were expected to be grazed (60-day dry period). Youngstock were expected to be grazed for 340 days, and fed concentrate in late season when grass is poorer quality and less available, at a rate of 1.5 kg/head/day, as is standard in region.

Baseline farm carbon footprints and PLF technology adoption scenarios were modelled using the Agrecalc carbon footprinting tool (Agrecalc Ltd., Edinburgh). The system boundary for Agrecalc is “cradle-to-gate” meaning all emissions from dairy production from birth to farm gate are included. Agrecalc closely mirrors UK National GHG Inventory reporting and is aligned with PAS2050 carbon footprinting standards (2011). The tool uses methodologies from the latest 2019 refinements of the 2006 Intergovernmental Panel on Climate Change (IPCC) Guidelines for National Greenhouse Gas Inventories. Agrecalc employs IPCC (2019) Teir 2 country-specific emission factors (EFs) for all enteric and manure methane (CH4) emissions. IPCC (2019) Tier 2 calculations are also employed for nitrous oxide (N2O) from excreta deposited on grazing land, manure management and direct emissions from soil following fertilizer and manure application. N2O emissions from crop residues and indirect emissions arising from volatilization and leaching utilize IPCC (2019) Tier 1 methodology. EFs from energy use come from DEFRA (2012). Embedded fertilizer emissions use values form Kool et al. (2012) and imported feed from the Dutch Feedprint database (Vellinga et al., 2013). Agrecalc uses global warming potential over 100 years (GWP) published in the fourth assessment report (AR4). Therefore, CH4 has a GWP of 25 and N2O of 298 (IPCC, 2007). All emissions from co-production (e.g., meat and milk) were allocated on an economic basis. It is important to highlight, these values have been updated in the most recent assessment report (AR6; IPCC, 2022). Model outputs were expressed as both total emissions (kg CO2e) and emissions per unit of product (kg CO2e/kg fat protein corrected milk (FPCM)).

Model inputs for Agrecalc, including units of measurement, are listed in Supplementary Tables 1–3. Estimated impacts of technologies were modelled based on assumptions from validated technologies, expert opinion (SAC Consulting, Edinburgh), and direct experience of similar tools on similar Scottish farms. Scenarios modelled included: (S1) adoption of an accelerometer-based sensor for fertility (ESTRUS TECH); (S2) adoption of an accelerometer-based sensor for fertility and associated yield improvements (ESTRUS TECH + YIELD); and (S3) adoption of an accelerometer-based sensor for health detection (HEALTH TECH). Those parameters expected to be affected by introduction of technology (e.g., calving interval, replacement rate, mortality, yield) and associated feed, bedding and land requirement changes were considered in the model. Modeling was split into 3 groups with each scenario (S1-3) applied within each group. Groups were pre-determined based on the design of a wider study.

Group 1 – Modeling of PLF technology use on a baseline average Scottish dairy farm with 225 cows calving all year-round (AYR), having access to pasture and producing 8,000 L/cow/annum, with no management changes applied, i.e., no change in percentage use of sexed semen.

Group 2 – Modeling of PLF technology use on a baseline average Scottish dairy farm with 225 cows calving AYR, having access to pasture and producing 8,000 L/cow/annum, with management changes applied, i.e., changes in percentage use of sexed semen with improved fertility.

Group 3 – Modeling of PLF technology use on a baseline 225 cow, AYR calving, fully housed herd producing 10,000 L/cow/annum, with management changes applied, i.e., changes in percentage use of sexed semen with improved fertility.


Scenario assumptions


Scenario 1: S1 ESTRUS TECH – Adoption of an accelerometer-based sensor for fertility.
 

A summary of the input data from each scenario for groups 1–3 is provided in Tables 1–3 respectively, where variations from the baseline farm input in each group are shown in bold. The addition of an accelerometer-based collar intended to improve fertility, through earlier and more accurate detection of estrus, to the baseline dairy farm was modelled with the following assumptions. Introduction of technology resulted in:

1 A reduction in calving interval

2 A corresponding increase in calves born

3 A reduction in replacement rate

4 Associated feed and manure changes:

a Decrease in feed grown for grass silage, whole crop cereal and barley grain and associated fuel, electricity, fertilizer and crop residue emissions

b Decrease in straw purchased for feed and bedding

c Decrease in manure on farm (FYM), while slurry remained constant

5 Associated land requirement changes:

a Reduction in hectares (ha) of grass for grazing.

b Reduction in ha of grass for silage (3 cuts) and aftermath

c Reduction in ha of whole crop cereals and ha of feed spring barley

d Reduction in total land needed



TABLE 1 Input data for Group 1: baseline 8,000 L dairy farm with no management changes for scenario 1 (estrus technology), scenario 2 (estrus technology + yield change) and scenario 3 (health technology).
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TABLE 2 Input data for Group 2: baseline 8,000 L dairy farm with management changes (changes to sexed semen usage), with scenario 1 (estrus technology), scenario 2 (estrus technology + yield change) and scenario 3 (health technology) applied with management changes.
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TABLE 3 Input data for Group 3: baseline 10,000 L dairy farm with management changes (changes to sexed semen usage) with scenario 1 (estrus technology), scenario 2 (estrus technology + yield change) and scenario 3 (health technology) applied with management changes.
[image: Table3]


Scenario 2: S2 ESTRUS TECH + YIELD – Adoption of an accelerometer-based sensor for fertility and associated yield improvements.
 

The data was further modelled to include, in addition to assumptions 1–5 modeled in S1, a 6th assumption of an increase in milk yield, expected from the reduction in replacement rate and corresponding change in herd structure. With a reduced replacement, it was assumed that numbers of 2nd, 3rd, or higher parity cows would increase in the herd, increasing the overall yield.


Scenario 3: S3 HEALTH TECH – Adoption of an accelerometer-based sensor for health detection.
 

The addition of technology on farm such as an accelerometer-based sensor, intended to improve health, welfare, and production, via earlier detection of diseases and disorders, to the baseline dairy farm was modelled with the following assumptions.

1 A reduction in cow and calf mortality and associated reduction in deaths on farm

2 An increase in yield

3 A reduction in calving interval

4 A corresponding increase in calves born

5 A reduction in replacement rate

6 Associated feed and manure changes:

a Decrease in grass silage, whole crop cereal and barley grain

b Decrease in straw purchased for feed

c Decrease in bedding and purchased straw

d Decrease in manure on farm, while slurry remained constant

7 Associated land requirement changes:

a Decrease in ha of grass grazing

b Decrease in grass for silage (3 cuts) and aftermath

c Decrease in whole crop cereals

d Decrease in ha of feed spring barley




Results

Resource use and emissions for each scenario were compared to the baseline farm for groups 1–3. For all groups and scenarios, most dairy and whole farm emissions (methane, nitrous oxide and energy use) came from enteric fermentation, followed by purchased feed, manure management and fertilizer, respectively. Baseline emissions (kg CO2e/kg FPCM) were higher for the 8,000 L grazing herd with (1.56 kg CO2e/kg FPCM) and without management changes (1.56 kg CO2e/kg FPCM; groups 1 and 2), in comparison to group 3, the 10,000 L housed herd (1.46). For each scenario, the emissions intensities were also lower for group 3, with S3 resulting in the lowest emission intensity of 1.37 kg CO2e/kg FPCM compared to 1.46 kg CO2e/kg FPCM for groups 1 and 2.

Scenario 1, ESTRUS TECH, resulted in a decrease in total emissions from farming, total emissions from milk production and kg CO2e/kg FPCM for all groups. Scenario 2, ESTRUS TECH + YIELD, resulted in an increase in total emissions from farming for all groups. However, for total emissions from milk production and kg CO2e/kg FPCM, a reduction was observed in all groups. Scenario 3, HEALTH TECH modelled as reduced mortality, improved replacement rate (reduced culling) and increased yield (reduction in sub-clinical and clinical diseases) resulted in a decrease in kg CO2e/kg FPCM for all groups. A reduction in total emissions from milk production was also observed for all groups and a reduction in total emissions from farming for group 3.

For group 1, where management changes were not considered in an 8,000 L baseline herd, i.e., assessing the potential impact of technology introduction alone, there was a reduction in total emissions from farming for S1 ESTRUS TECH (−1.03%), while an increase was noted for S2 ESTRUS TECH + YIELD (+0.28%) and S3 HEALTH TECH (+0.43%). Reductions in total emissions from milk were observed for all scenarios, with the largest reduction observed for S1. Reductions were − 2.31% (S1), −0.58% (S2), and − 0.93% (S3) respectively. Reductions in emissions per kg FPCM were observed for all scenarios, with the largest reductions observed for S2 and S3. Reduction in emissions per kg FPCM were − 2.60% (S1), −6.62% (S2), and − 6.62% (S3) (Table 4).



TABLE 4 Total emissions from farming (kgCO2e) (including emissions from meat), total emissions from milk production (kgCO2e), and kgCO2e/kg FPCM for each scenario and percentage change relative to baseline for group 1, where management changes were not considered in an 8,000 L baseline herd, assessing the impact of technology introduction alone.
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For group 2, where management changes were considered alongside technology use in a baseline 8,000 L herd, there was a reduction in total emissions from farming for S1 of only −1.22%. For scenarios S2 and S3, there was an increase in emissions of 0.07 and 0.16%, respectively. For total emissions from milk, there was a reduction observed for all scenarios of −1.77, −0.1%, and − 0.5%, respectively for S1, S2, and S3. A reduction in kg CO2e/kg FPCM was observed for all scenarios, with the largest increased observed for S3 of −6.62%, followed by S2 (−5.94%) and S1 (−1.94%) (Table 5).



TABLE 5 Total emissions from farming (kgCO2e) (including emissions from meat), total emissions from milk production (kgCO2e), and kgCO2e/kg FPCM for each scenario and percentage change relative to baseline for group 2, where management changes were considered alongside technology use in a baseline 8,000 L herd.
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For group 3, where management changes were considered alongside introduction of technology in a 10,000 L herd, there was a reduction in total emissions from farming observed for S1 FERTILITY (−1.42%), and S3 (−0.23%), while an increase was noted forS2 (+0.31%). Reductions in total emissions from milk were observed for all scenarios, with the largest reduction observed for S1. Reductions were − 2.22, −0.82% and − 1.18%, for S1–S3, respectively. Reductions in emissions per kg FCPM were observed for all scenarios, with the largest reductions observed for S3. Reduction in emissions per kg FPCM were − 2.78% (S1), −6.72% (S2), and − 6.36% (S3) (Table 6).



TABLE 6 Total emissions from farming (kgCO2e) (including emissions from meat), total emissions from milk production (kgCO2e), and kgCO2e/kg FPCM for each scenario and percentage change relative to baseline for group 3, where management changes were considered alongside introduction of technology in a 10,000 L herd.
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Discussion

Application of PLF technologies intended to improve fertility and health and welfare, to both lower yielding grazing and higher yielding housed Scottish dairy systems, with and without management changes, resulted in reductions in total emissions from farming, emissions from milk production and emissions per kg FPCM across some scenarios. As noted by Garnsworthy (2004) in their modeling, the endpoint for consideration of GHG emissions in this model was the individual enterprise. Herd size, fertility and nutrition are all affected by management decisions made at the herd level, in comparison to policy and legislative decisions, such as emissions targets, which are made at national and international levels (Garnsworthy, 2004). Although this model is based on data from an average Scottish dairy herd (lower input, grazing 8,000 L/annum, and higher input, housed, 10,000 L/annum), results from the model could be scaled up to a national level to estimate the impact of technology adoption using the total number of cows/herds in Scotland, or average data from across all system types. However, Rotz et al. (2020) note that lower level, more detailed assessment of dairy farms allows creation of tailored mitigation strategies for individual farms which are more effective than enforcement of uniform strategies at a national level. It is also worth noting that scaling up of this modeling would require assumptions on the level of uptake of these PLF technologies. While technology is prevalent in some regions, its adoption remains slow in others, influenced by several factors such as suitability of new technologies, market availability, and uncertainties regarding return on investment (Russell and Bewley, 2013; Chavas and Nauges, 2020).

Assumptions made in this modeling are thought to be achievable for the two production systems explored. Changes achieved from proposed technology adoption were made based on expert opinion and with the advice of a senior dairy consultant, ensuring that outputs were realistic and achievable on an average farm. However, depending on the individual farm and management aspects there may be a variation in the time taken to reach these changes. Although this work is based on a number of assumptions, they were based on best available knowledge and were within the ranges found in the literature (SAC Consulting Ltd, 2022).

The most consistent reductions achieved in the current research, though not numerically largest, were observed for S1 ESTRUS TECH; introduction of a technology intended to improve fertility, across all groups. With fertility technologies being increasingly popular in dairying systems, this additional benefit (decreased GHG emissions) could further improve farmer uptake. This reduction in emissions through improvements in fertility has been noted in several studies in both dairy (Garnsworthy, 2004; Wilkinson and Garnsworthy, 2017) and beef cattle (Cullen et al., 2016; Smith et al., 2016). Garnsworthy (2004) demonstrated that improved fertility in dairy herds had the potential to reduce methane emissions by 10–11% and ammonia emissions by 9%, achieving this reduction through nutritional strategies for improving fertility. This was measured as probability of conception at each service based on parameters including estrus detection rate, conception rate to first service and to subsequent service and number of services before culling, rather than technologies. However, this large reduction in emissions achieved by Garnsworthy (2004) has been reported to be higher than achievable in practice, with emission reductions being dependent on milk quotas at the time (herd size and productivity), diet and management decisions (Bell et al., 2011). It should be noted that milk quotas have since been phased out.

In all but one case across groups 1–3, there was an increase in total emissions from farming with S2 ESTRUS TECH + YIELD and S3 HEALTH TECH. This is likely because of the increased stock numbers due to improved fertility, reduced mortality, increased feed, and electricity consumption associated with improved yields and herd size changes. However, when considered on a per product basis (kg CO2e/kg FPCM), S2 and S3 resulted in the greatest reduction in emissions for all groups. The lower per product emissions noted for group 3 in comparison to groups 1 and 2 was expected. It has been shown that milk yield per cow influences CH4 emissions; higher milk yields require diets with higher proportions of concentrates and lower neutral detergent fiber (NDF), which would reduce CH4 emissions (Yan et al., 2000; Yates et al., 2000; Garnsworthy, 2004). Additionally, emissions associated with the feed intake to cover energy requirement for maintenance of a higher yielding cow are divided across a higher milk yield (von Soosten et al., 2020).

The difference between the percentage reduction in total emissions from milk production and per kg FPCM between groups 1 (no change in percentage use of sexed semen) and 2 (changes in percentage use of sexed semen with improved fertility) highlights the effects that other factors can have on enterprise emissions and the expected impacts of technology introduction. Differences in management and the overall mix of enterprises mean that effects of technology introduction on emissions intensity will vary greatly between farms. For example, a farm with poorer fertility that would benefit greatly from PLF introduction would be expected to show a greater corresponding reduction in emissions (Baruselli et al., 2023). This is exemplified with group 3, the higher yielding farm with poorer baseline fertility, showing greater reductions in emissions from milk production in comparison to group 2, a lower yielding herd with better fertility.

Results from Scenario 3, improvement in health, which showed a reduction in emissions intensity across all scenarios (per kg product) agreed with previous work by von Soosten et al. (2020) who showed that cows which were retained in the herd longer had reduced emissions intensity. Modeling by von Soosten et al. (2020) found that a cow with five to eight lactations could have emissions intensity 40% lower than those which left the herd after their first lactation. Therefore, monitoring of health via PLF would not only improve animal health and welfare and improve production (reduction in sub-clinical and clinical diseases which limit production), which reduces emissions, but also further reduce emissions intensities through reduced culling. This strategy would also reduce antibiotic usage on farm. As with estrus technologies, demonstration of additional benefits of technology beyond that which they were originally developed for could further improve uptake across the sector (Smith et al., 2007; Kipling et al., 2019).

The differences between total emissions from the whole farm – an increase for some scenarios – and emissions per kg FPCM noted in this study highlights that the most efficient farms (in terms of product emissions) are not always the lowest emitters (in terms of total emissions). Improved fertility and health could lead to more animals with higher liveweights, so although there is more output for emissions to be divided over, total emissions would still be increased. Moreover, if production efficiencies were increased, farmers would likely increase their stock numbers. Therefore, care must be taken that any efficiency gains are made sustainably to avoid an unintended increase in total emissions, i.e., by increasing livestock numbers across the sector as a whole.

While the initial cost of purchasing PLF systems may be unattractive to some enterprises, an improvement in financial performance could be expected through improvements in fertility, health, and the corresponding efficiency improvements if technology is exploited to its full potential (Carillo and Abeni, 2020). Previous work demonstrated that for an average yielding cow, like those in groups 1–2, the net cost of a day of delay in conception is £1.73 (at 2001 prices) when conception is delayed from 85 to 100 days post-calving, increasing to £3.55 per day if conception occurred at 146 to 175 days post-calving (Esslemont et al., 2001). For a higher yielding animal, like group 3, the net cost of one day of delay in conception was calculated at £1.68 when conception is delayed from 85 to 115 days post-calving, increasing to £4.08 per day if conception occurred between 206- and 235-days post-calving (Esslemont et al., 2001). Therefore, earlier, and more accurate detection of estrus using a PLF system could reduce net costs. Negative costs of poorer fertility and delayed conception have been shown in both grazing systems (Shalloo et al., 2014) and fully housed total mixed ration (TMR) systems (Cabrera, 2014). Similarly, high direct and indirect costs from health conditions could be reduced through earlier detection of diseases via PLF systems. A 1997 study of common production diseases and other health issues, such as mastitis, lameness, non-observed estrus, and calf mortality, estimated an average cost of £6,300 per year for a 100-cow herd in England (Kossaibati and Esslemont, 1997). Given the sharp increases in the cost of feed, fertilizer and fuel, it would be expected that all of these costs would be significantly higher in 2023. Other diseases specific studies have shown a cost of €12.10 ± 0.36 per week for a cow suffering from lameness (e.g., digital dermatitis, solar ulcer and white line disease) (Robcis et al., 2023), though did note that preventative trimming could have a larger effect than early detection.

Overall, the scenarios modelled here provide a useful indication of potential emission reductions that could be achieved through appropriate utilization of PLF technologies within typical Scottish dairy herds. It is important to note that our work did not calculate the area of land use change which would occur following the implementation of these measures. Where predictions may suggest a reduction in required cropping land or farm size, on an actual farm, the land for each crop or total land would not reduce with requirement, the farm would simply use the land for another purpose or grow surplus crop to sell. In this model, our assumption was that the land saved was not used for further production. Therefore, though the modeling is indicative of reductions which could be achieved, there would be emissions associated with additional cropping or land utilization which need to be considered in a real farm setting.

Additionally, while improved efficiency leads to reduced emission per kg of product, improved efficiency can also encourage farmers to increase herd sizes to increase their yields. However, in addition to increasing cow numbers leading to an increase in total farm emissions, it is of specific importance in Scotland due to limitations in its dairy processing capacity. In 2021, it was estimated that Scotland had a surplus of 240 million liters of milk (16% of production) that was transported to England for processing [AHDB (Agriculture and Horticulture Development Board), 2021]. Therefore, while increased efficiency and reduced emissions intensity may push farmers toward larger, higher yielding herds, the emissions associated with the haulage of this milk across the border also need to be considered. This current surplus, potential increase in future milk surplus, and the drive for higher efficiency across the entire processing chain may be a useful driving force for increasing the processing capacity in Scotland.



Conclusion and application

This study is the first of its kind to demonstrate the realistic emissions reductions possible for Scottish dairy farmers if they adopt and utilize PLF technologies for improvement of farm management and efficiency. Although this modeling was based on average Scottish farm data, a similar modeling framework could be used across European dairying systems to evaluate the effects of implementing PLF technologies on emissions. However, it must be noted that changes are farm specific and the extent to which the reduction in GHG emissions could be achieved varies greatly between individual farms and systems. Despite the indicative nature of this modeling, it is a useful tool to demonstrate to industry and farmers that PLF tools can not only improve an animal’s fertility, health, or production as intended, but that they can have a positive impact on total emissions and product emissions, by improving efficiency and resilience in some scenarios and enterprises.

To further encourage adoption of technologies which improve animal health, welfare, and production, while also reducing emissions, more demonstration of additional benefits beyond those that the technology is intended for is needed. In Scotland, we must also consider infrastructure limits, processing capacity and associated transport emissions when considering herd sizes and the positive impacts PLF could have on Scottish dairying emissions. Additionally, to be cost-effective and accessible, future PLF systems need to integrate multiple data streams into one system, reducing the need for multiple systems with increased expenditure.
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