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Abstract

This study utilised a previously developed support vector machine (SVM) (trained using empirical
data from 56 dairy farms) for predicting and analysing annual dairy farm electricity consumption to
help improve the sustainability of the projected expansion of milk production in Ireland. Firstly, the
capability of the SVM to predict annual electricity consumption was investigated at both a farm and
catchment-level (combined consumption). Electricity consumption data were attained from 16
pasture-based, Irish dairy farms between June 2016 and May 2017 in conjunction with farm data
related to herd size, milk production, infrastructural equipment and managerial tendencies, required to
generate predictions using the SVM. The SVM predicted annual electricity consumption of dairy
farms to within 10.4% (relative prediction error). Concurrently, catchment-level electricity
consumption was predicted with an error value less than 5.0%. Secondly, an investigation was carried
out to assess the impact of increasing herd size and milk production on dairy farm related electricity
consumption at a catchment-level across ten hypothetical infrastructural scenarios. The dairy
expansion analysis showed electricity economies of scale across all ten infrastructural scenarios. The
greatest reduction in electricity consumption per litre was observed when all farms employed ground

water for pre-cooling milk with two additional parlour units, reducing by 4% in 2018, relative to a
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base scenario (no change to infrastructural equipmérhe results presented in this article
demonstrate the potential effectiveness of the 8N macro-level simulation forecast tool for dairy
farm electricity consumption that may be used tardjifly the impact of milk production on electricity

resources, or to offer decision support to dairpnirs.
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1. I ntroduction

The dairy sector was Ireland’s strongest agricaltexport performer in 2017, increasing by 19% to
represent a third (€4 billion) of overall exporiuea (Bord Bia, 2018). The increased production and
exportation of Irish dairy products may be attrédalito the abolishment of European Union (EU) milk
quotas in April 2015. In 2017, Ireland produced Bilon litres of milk (L), representing a 45%
increase over 2007-09 levels, or 90% towards tig928rget of 7.5 billion litres of milk, set out in
2010 (CSO, 2018; DAFM, 2010). The increased dagmdhmilk production and exportation of dairy
products comes with its own significant challenggth regard to Ireland’s 2030 EU target requiring a
30% reduction in greenhouse gas (GHG) emissiomspaced to 2005 levels (European Commission,
2016; Lanigan et al., 2018). The agri-sector ipoesible for 33% of Ireland’s national GHG
emissions and 44% of the non-Emission trading sedtwn-ETS) (Lanigan et al., 2018). Thus, the
improved sustainability of the agri-sector is imgtere to ensure Ireland’s 2030 targets are achieved
to minimise financial penalties and safeguard thearc green image of Ireland’s agri-sector
internationally (DAFM, 2016; Donnellan et al., 2Q1Blowever, Ireland’'s GHG emissions are set to
be between 4% and 6% below 2005 levels by 202(vViay from the targeted 20% reduction (EPA,
2017). Furthermore, it is predicted that withounhsiderable mitigation actions, Ireland’s 2030
agricultural related GHG emissions will increaseoa 2005 levels (Donnellan et al., 2018).
Donnellan et al. (2018) highlighted three categofir GHG mitigation: 1) agricultural mitigation
(reduced agricultural activity), 2) land use mitiga (increase C@ removal through land use
changes), and 3) energy mitigation (improved enef@giency, displacement of fossil fuels etc.). As
reducing agricultural activity would negatively edt Ireland’'s GDP (Gross Domestic Product) and
land use mitigation actions may require a numberedrs to have any substantial impact, one
potential area for improvement is to reduce theaichpf increasing milk production on indirect GHG
emissions related to the consumption of electrioitydairy farms. Empirical modelling can offer an
efficient means to quantify electricity consumptiom dairy farms. These models may be utilised to
guantify potential savings due to changes in itftecture or managerial practises, or used to cateul

the sustainability of Ireland’s agri-sector at éior@al level. This is of particular interest in therrent



volatile milk price climate, whereby previously d@teped technologies such as control systems to
optimise the production of ice in a dynamic pricamvironment may be utilised in future scenarios to
minimise milk production costs (Murphy et al., 2018 ore recently, research in this domain has also

focused on economic and environmental optimisatiodairy farms (Breen et al., 2019).

In Italy, Todde et al. (2017) developed polynomedression models to predict the annual farm-level
diesel use (15% relative prediction error (RPE) dasel) and electricity use (11% RPE). These
models were developed using variables related td sige, farm size (hectares) and data related to
feed mechanisms. The advantage of regression rimagalits simplicity and ease of deployment for

researchers, government bodies and dairy farmegzédlicting consumption figures. However, these

polynomial regression models are not capable @c@sting monthly consumption trends throughout
the year (due to calculating regression coeffigaming annualized figures), and also may not be
used for decision support purposes because thagptdmonsider variations in energy consumption due

varying infrastructural equipment.

Extensive research has been carried out regartisgriediction of electricity consumption on Irish
dairy farms. Upton et al. (2014) developed a metianmodel capable of predicting electricity
consumption to less than 10% (RPE). However, théshanistic model required large-scale data
collection related to specific plate cooler ratister temperatures, milking times etc., and is thot
suited to large-scale macro analysis. However, imadiearning models may be highly suited to carry
out macro analyses due to their abilityaffer satisfactory prediction accuracy using reialy
coarse input variables, which may be attained withioe use of specialised equipmeltachine-
learning algorithms have been applied to a widgeaof applications within agricultural literature.
These include milk production forecasting usingfiaial neural networks (Murphy et al., 2014;
Zhang et al., 2016), comparing the performance rainaom forest, a support vector machine (SVM)
and extremely randomised trees for discriminatiapMeen grassland types in Ireland (Barrett et al.,
2014), and predicting global and regional cropd/igtedictions using a random forest (Jeong et al.,
2016). Machine-learning algorithms in the form aof artificial neural networks and an adaptive

neural-fuzzy inference system have previously bemployed to improve the prediction accuracy



when modelling the energy output of dairy farms$ram (Sefeedpari et al., 2014, 2013). Furthermore,
Shine et al. (2018a) developed and validated astimector machine model (using empirical data
from 56 dairy farms) capable of predicting montklgctricity consumption to within 12% (RPE),
representing a 54% improvement in prediction aauraver standard multiple linear regression
method (Shine et al., 2018b). However, Shine €Réll8a) did not consider the ability of the SVM to
predict annual farm-level electricity consumptiordépr catchment-level consumption, which may be
required for macro-level environmental analysistc@ment-level predictions may offer government
bodies or milk processors the ability to condungdascale analysis for calculating the impact afyda

farming on electrical power resources for life-eyaksessment.

The objectives of the work presented in this atislere twofold: 1) assess the annual prediction
accuracy of the SVM model at an individual farmdkvand catchment-level (combined consumption
of 16 study farms). 2) utilise the SVM model to bfpetically analyse the impact of increasing herd
size and milk production on related electricity somption across multiple infrastructural scenarios.
This hypothetical study was designed to highlighe teffectiveness of the SVM model for
investigating electricity consumption across deéfrinfrastructural scenarios during a period ofyda
expansion. Thus, certain assumptions were madtedeta the dairy expansion projections, which
allowed for the impact of increasing herd sizes amitk production levels along their current
trajectory to be assessed. To the authors’ knowledg previous studies have been carried out that:
1) compare and contrast the ability of an empiroabtel to predict dairy energy consumption across
both a farm-level and a catchment-level and 2) aohd hypothetical analysis related to the impéct o

expanding dairy activities on energy consumption.



2. Materials & Methods

2.1. Study farms

Table 1 Electricity consumption statistics, hembsimilk production levels infrastructure equipmantl managerial
procedures across the 16 study farms

Farm Characteristic mean median SD min max
Electricity consumption (kWh) 20,314 19,087 91 11,747 36,722
Wh Lt 36.54 38.15 8.01 22.85 50.51
kWh cow* 195 197 48 116 310
Herd size (no. dairy cows) 104 101 22 71 501
Milk production (Ly) 557,413 542,094 145,125 315,150955,205
No. of air compressors 0.3 0.0 0.5 0.0 1.0
HzHW (hot washes / month) 8.3 8.0 6.7 1.0 30.0
No. parlour units (n) 12.3 10.0 3.6 8.0 20.0
Bulk tank volume (L) 8,688 8,884 2,680 3,100 13,000
Water heater volume (L) 209 174 82 150 400
No. of scrapers 2.75 2.50 2.72 0.00 8.00
Cows / parlour unit 8.7 8.2 1.6 6.7 12.1
Milk production (L) / dairy cow 5,354 5,436 634 3,728 6,135
Milk cooling system DX (16) | IB (0)

Milk pre-cooling system No (2) | Yes (14)

HzHW = Frequency of hot washing

IB = Ice bank milk-cooling system

DX = Direct expansion milk-cooling system
This study utilised the SVM model trained and vatiét by Shine et al. (2018a), capable of predicting
monthly electricity consumption to within 12% (RPB)description of the 16 study farms utilised to
test the annual and catchment-level prediction raogu of the SVM model, as per their farm
characteristics throughout the June 2016 to May72périod, is shown in Table 1. Electricity
consumption data were recorded through a remotetonmy system installed on a study sample of
16 pasture-based, Irish dairy farms between Judé 206d May 2017. The June 2016 to May 2017
period represents a timeframe of 12 months afeefittal month used for training and validating the
SVM model. Data related to these 16 study farmsmdit exceed the remit (lower or upper limits
(with respect to herd size) of the training dathjhe SVM model, ensuring no extrapolation when
generating predictions in the dairy expansion aisl¢section 3.2). This description covers the eang
of input variables to the SVM model required foegictions, the acquisition of which is described in
detail by Shine et al. (2018c). These variables@leed to milk production and stock, infrastruatu

equipment and managerial procedures. The averagaa electricity consumption on the selection



of dairy farms equalled 20,314 kWh ranging from @mimum of 11,747 kWh and maximum
consumption of 36,722 kWh. The average observedraigy consumption per litre of milk equalled
36.5 Wh L,*, ranging from 22.9 Wh k' to 50.5 Wh L,/*, while the average measured electricity
consumption per dairy cow per year equalled 195 lat*, ranging from 116 kWh cowto 310
kWh cow'. The 16 study farms had a median herd size ofdilfly cows, 40% greater than the
national average of 72 dairy cows in 2016 (Teag28t6). The 16 study farms had a median annual
milk production of 542,093 /. throughout the analysis period, producing 8.9iamllL,, combined,
representing 0.12% of the milk produced nationallgr the same 12 month period (CSO, 2018). All
16 study farms utilised direct expansion (DX) sgstewhereby two farms did not employ ground
water (gW) for the pre-cooling of milk. Concurrentthe study farms had an average of nine cows
per parlour unit (range; 7 — 12 cows per parlout)uwith milk production per cow equalling 5,354
L., cow" year' (range 3,727 — 6,134, Lcow’ year™), essentially equalling the national average of

5,316 L, cow" year" in 2016 (Teagasc, 2016).
2.2. Thesupport vector machine

SVMs operate through the non-linear mapping of ingata to higher dimensional variable space
whereby linearity can be exhibited, and a linegrasator can be calculated, which can be controlled
via the tuning of SVM parameters (Basak et al.,72@mola & Scholkopf, 2004; Vapnik, 1995). The
methodology employed for model selection includedious variable selection techniques, outlier
extraction, grid-search hyper-parameter tuning, awedted cross-validation. A comprehensive
description of the methods employed for develomng assessing the SVM model is presented in
Shine et al. (2018a). The SVM regression modeltwaased and validated through MATLAB 2016b,
thus, all consequent analyses were also carriethoaugh MATLAB 2016b (MathWorks, 2018)he
final developed SVM model was trained using monthligctricity data collected between Jan 2014
and May 2016 from 56 Irish pasture-based dairy $arfihe final developed SVM model utilised 11
variables: month number, the total number of dadws, milk production, the number of parlor units,
the total water heater volume, the frequency ofviashing (HzHW), the milk-cooling system, the

milk pre-cooling system, the bulk tank volume, thenber of air compressors and the total number of



scrapers. The SVM algorithm was found to offer gheatest prediction accuracy when compared to
an artificial neural network, a CART decision traed a random forest (Shine et al., 2018a). The
SVM with a rbf kernel, a C parameter value equgllif®,000 ang value equalling 1.92 offered the
greatest prediction accuracy of electricity constiompfor a single 10-fold cross-validation loop.€Th
SVM model was found to provide the greatest premhcticcuracy when compared to the MLR
model, artificial neural network, CART decision drand random forest algorithms. Shine et al.
(2018a) found this SVM model capable of predictmgnthly dairy farm electricity consumption to
within 11.9% (RPE), on average overpredicting 302.(mean percentage error (MPE) = -2.2%).
This suggested the SVM model performed more acelyrathen predicting across a number of farms
and months compared to predicting the monthly B&igt consumption of a single farm. However,
Shine et al. (2018a) did not consider the predictierformance of the SVM when predicting annual

consumption figures for large scale dairy farm eleity prediction.

Thus, the present study builds on prior knowledgeabalysing the SVM model for the predicting
annual and overall catchment-level electricity eongtion of a selection of 16 study farms using
consumption data in the 12-month period post maigeelopment (June 2016 — May 2017). All
predictions were carried out at a monthly resohjtivith related annual and catchment-level
accuracies calculated thereafter. Considerationgiasn to ensure that data related to the 16 study
farms did not exceed the lower or upper limits kwitspect to herd size) of the training data, engur
no extrapolation took place when generating elatgripredictions for accuracy calculations or
generating predictions for the dairy expansionysigl This is important as machine-learning models
are trained to quantify interactions and/or nordirity’s of data within a specific remit of itsitmang
data, as generating predictions based on datadeutdi the training data limits may be highly

inaccurate.
2.3. Prediction accuracy analysis

Shine et al. (2018a) found encouraging resultsegelto improvements in prediction accuracy when
predicting the cumulative monthly prediction acr@s$arge number of monthly predictions. More

specifically, the SVM model resulted in a MPE valfe-2.2% representing a considerably lower
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error value when compared to the absolute value9%1(RPE)) for predicting electricity
consumption on a single farm. This was primarilg do electricity consumption overprediction on a
particular farm and/or month being equalised by uhderprediction of electricity consumption on
another farm and/or month, resulting in an improgeduracy value (e.g. MPE) for the collection of
dairy farms. Thus, this study focused on calcutatire prediction performance of the SVM model
across two areas: 1) annual electricity consumppi@aliction per dairy farm was analysed whereby
prediction accuracy may be improved compared tooathty resolution as areas of overprediction
and underprediction may be equalised on each ohaivifarm. 2) cumulative electricity consumption
predictions were investigated whereby the annuadiption accuracy of all 16 study farms combined
may be further improved as areas of overpredictioth underprediction are balanced throughout the

year and between the farms themselves.

For presenting prediction accuracy results of t®Snodel a number of criteria were calculated.
Prediction bias across all study farms were evatliaccording to calculated mean percentage error
(MPE (%)). Positive MPE values represented modetlegorediction, while negative values
represented overprediction, with the absolute MRitues representing the scale of under or
overprediction. Absolute model precision was euadaaccording to root mean squared error
(RMSE) (square root of MSPE) (Bibby and Toutenbur@y7), relative prediction error (RPE (%))
(RMSE expressed as a percentage of the dependam) rfiRook and Gill, 1990) while prediction
agreement was measured via the concordance cmrelepefficient (CCC) (Lin, 2016). These
criteria are in line with previous studies analgsmodel prediction in agriculture (Hanrahan et al.,

2017; Upton et al., 2014a).
2.4. Dairy expansion analysis

A hypothetical analysis pertaining to the relatlups between increased herd sizes and milk
production levels on Irish dairy farms and the hasg impact on electricity consumption was carried
out. This analysis was not to test the accuracthefmodel. Instead, the impact of increasing dairy

cow numbers and milk production levels on assodiakectricity consumption was investigated



through a catchment-level analysis across a bas®@so (assuming current dairy farm infrastructural

equipment) and nine additional infrastructural scers.

For each study farm (n = 16), the slopes of montidyd size and milk production were calculated
using monthly data from Jan 2014 to Aug 2017. Mapecifically, 12 individual linear slopes were
calculated (one for each month (Jan — Dec)), fohéarm. These were used to generate herd size and
milk production figures for 2018, 2019, 2020 an@2@t a monthly resolution. These herd size and
milk production figures for each dairy farm werepbthetical, assuming increases in herd size and
milk production continued along their current tcgey. This allowed the dairy expansion analysis to
be carried out, while also allowing for changesmiik production trends to be considered (e.g.
potential increased milk production in winter), sifie to each farm. This method assumed milk
production per dairy cow continued on the curreajettory in line with increasing cow numbers.
More specifically, this method assumed either ameased availability of pasture due to increased
acreage and/or increased concentrate feed, propalktio the increase in cow numbers, in line with
the current expansion trajectory on each study fafims method assumed dairy cow parity
proportions of each dairy herd, concurrent withrage levels throughout the Jan 2014 to Aug 2017

period.

With monthly herd size and milk production figurealculated for 2018, 2019, 2020 and 2021,
totalised electricity consumption per litre of milkas firstly calculated for the dairy farm catchmen
to provide the base scenario (i.e. no change ty daim infrastructure). To avoid extrapolation, it
was ensured that data utilised to generate predgtduring the dairy expansion analysis did not
exceed the upper limits (with respect to herd sifethe training data, for each scenario. The SVM
has been trained to quantify interactions and/ar-lmeearity’s of data within a specific remit ofit
training data. Thus, predictions were carried @ibg data within the lower and upper ranges of the
training data as generating predictions based tmal#side of the training data limits may be hyghl
inaccurate. This was particularly important forstlinalysis whereby the impact of expanding milk

production on electricity consumption was beingeased.
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Nine additional hypothetical infrastructural sceoarwere assessed consisting of varying milk-
cooling systems, milk pre-cooling systems, incregg@arlour units and hot washing frequency across
the study farms. The data utilised for training ®¢M model contained each of the scenarios
included in the analysis (as described in Table T2)e nine infrastructural scenarios included:
Scenario 1) a 100% IB scenario whereby all farnas émployed DX milk bulk tanks were altered to
employ IB milk-cooling systems. The benefit of IBlkrcooling systems are threefold: a) milk can be
cooled faster than DX systems, thus minimising éx@ait growth, improving milk quality (Murphy et
al., 2013; Paludetti et al., 2018). b) IB bulk taratlow for load shifting capabilities, whereby vedd
electricity prices during off-peak hours may beetaladvantage of to reduce milk-cooling related
electricity costs (Shine et al., 2018c; Upton et 2014b). c) Increasing the load shifting capaoity
the electricity grid is beneficial to grid operaprs the potential for demand side management is
increased; this is particularly significant withetlincreased penetration of intermittent renewable
energy sources (Finn and Fitzpatrick, 2014). Thhis,scenario assumes a large uptake of IB milking
systems as a means of improving milk quality, réawaenilk-cooling related electricity costs and
helping to improve electricity grid conditions. &egio 2) 0% GWPHE (milk pre-cooled via gW
through a plate heat exchanger), whereby no farer® \assumed to pre-cool milk with gW. Pre-
cooling milk via gW through a plate heat exchangan reduce milk-cooling related electricity
consumption by 21%, by reducing the temperatumaiti prior to entry to the bulk tank (Shine et al.,
2018c). Thus, this 0% GWPHE scenario may calcuteempact of pre-cooling throughout the dairy
expansion. Scenario 3) a 100% GWPHE scenario wheatklfarms that did not pre-cool milk with
gW were changed to assume that all farms pre-couléd Understanding the impact of pre-cooling
milk while expanding dairy operations may help gdarmers and researchers minimise electricity
consumption per litre of milk. The next four hypetical scenarios include: Scenario 4) a base + 2
units, Scenario 5) a 100% IB + 2 units, Scenari®@%) GWPHE + 2 units, and Scenario 7) 100%
GWPHE + 2 units, which each assessed the additiomv@ parlour units to each study farm in
conjunction with the dairy expansion. Increasing thumber of parlour units (or clusters) will
improve a farm’s milk-harvesting efficiency (i.eoves milked per hour). The addition of a parlour
unit will increase electricity consumption as auabgtial milk-harvesting equipment is used. However,
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overall electricity consumption may also decreas¢ha milking period is reduced due to dairy cows
being milked quicker, resulting in less wasted teleity consumption between milking cows. Thus,
understanding the impact of adding parlour unitastfructure in conjunction with dairy expansion
may aid in minimising electricity consumption pigird of milk. Scenario 8) a 100% GWPHE & 100%
IB, which assumes all farms employing 1B milk budnks, while pre-cooling milk through a plate
heat exchanger. This scenario may quantify the @étnpaadditional milk pre-cooling on farms that
solely employ IB milk bulk tanks as opposed to D¥séd milk-cooling systems (as in scenario 3).
The final hypothetical scenario: Scenario 9) HzEHWL12, incorporated a minimum hot washing
frequency amongst the dairy catchment to maintggiemic requirements of milking equipment
throughout the dairy expansion. Currently, the gttadms hot washed their parlour equipment 8.3
times per month equating to less than twice perkwhdrequent hot washing may lead to issues
surrounding bacterial counts and milk residues ilking equipment, which may affect milk quality
as milking equipment may not be properly sanitideghosing a minimum hot washing frequency of
12 hot washes per month equates to around thregdsbies per week, in line with an every-other-day
milking schedule, (all 16 study farms have evetyeoiday milk collections schedules). The
recommended frequency of hot washing depends owrl&aming product used, and thus, will vary
from farm to farm (O’Brien, 2008). This hot washifrgquency allows all milking equipment to be

hot washed with no milk in the bulk tank. A concéescription of the ten scenarios is presented in

Table 2.
Table 2 Concise descriptions of the ten hypothetidfedstructural scenarios assessed
Scenario Description
Base Scenario No change to dairy farm infrastratguipment

1.100% IB All farms employing 1B bulk tanks
2. 0% GWPHE No farms pre-cooling milk with gW
3. 100% GWPHE All farms pre-cooling milk with gw
4. Base + 2 units Base scenario with each fawmb& additional parlour units
5.100% IB + 2 units All farms employing IB butinks and 2 additional parlour units
6. 0% GWPHE + 2 units No farms pre-cooling milithwgW and having 2 additional parlour units
7. 100% GWPHE + 2 units All farms pre-cooling knivith gW and having 2 additional parlour units
8. 100% GWPHE & 100% 1B All farms employing IBlldanks and pre-cooling milk with gw
9. HzZHW=> 12 All farms hot washing a minimum of 12 times p®nth
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IB = Ice bank

gW = Ground water

GWPHE = Milk pre-cooled via gW through a plate hessthanger
HzHW = Frequency of hot washing
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3. Results and Discussion

3.1. Mode performance

3.1.1. Farm-level prediction
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Fig. 1 Scatter plot showing annual observed andigter electricity values graduated according & th
concordance correlation coefficient between montiiyerved and predicted values on each farm

Annual observed and predicted electricity values file SVM model are shown in Fig. 1.
Concurrently, calculated CCC values are presengec aneasure of the agreement of monthly
observed and predicted monthly values on each dady (i.e. the calculated CCC between 12
observed values and 12 predicted values on eantf).fdihe lowest CCC value calculated from the
SVM model predictions was 0.51 (herd size = 104;omilk production = 628,384 ,Lyeai’, DX
bulk tank with pre-cooling, annual electricity cangption = 16,660 kWh, annual prediction error =

17.2%).
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Fig. 2 Annual farm-level absolute prediction errofshe 16 study farms and mean absolute error line
Absolute annual percentage errors from the SVM miadged from 0.3% to 20.4%, as shown in Fig.
2. The mean absolute percentage error across teudg farms equalled 7.3% (mean absolute error
= 1,476 kWh), suggesting improved prediction caliteds when predicting electricity consumption of

a group of farms.

Table 3 Farm-level annual prediction accuracy stia for the SVM model across the 16 study farms

RPE CCC MAPE MAE MPE r RMSE
10.4% 0.95 7.3% 1,476 KWh 4.3% 0.97 2,040 kWh
RPE = relative prediction error; CCC = concordarmeelation coefficient; MAPE = mean
absolute percentage error; MAE = mean absolute;vBE = mean percentage error; r =
Pearson’s correlation coefficient; RMSE = root megnare error

Farm-level

The annual prediction accuracy statistics for tBestldy farms (farms whose data is within the remit
of the SVM model during the June 16 — May 17 periad presented in Table 3. Farm-level
electricity consumption was predicted with error 19.4% (RPE) and CCC value of 0.95 was

calculated with MPE of 4.3% (i.e. underpredictioBhine et al. (2018a) found the SVM model could
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predict monthly electricity consumption to withid.2% (RPE). Thus, this suggested that the SVM
model may offer greater functionality as a predictiool across an annual timeframe compared to
monthly resolution for farm-level predictions. Thisduced error may be due to a balance between
monthly underprediction and overprediction valueughout the year. l.e. months that the SVM
model overpredicted electricity were cancelled dayt other months that the SVM model

underpredicted electricity consumption.

3.1.2. Catchment-level prediction

Table 4 Catchment-level prediction performance ef$¥M model across the 16 study farms

No. of farms Observed (kWh) Predicted (kwh) Eréd) (
16 study farms 325,028 308,755 5.0%

The catchment-level (combined annual consumptiorthef 16 study farms) measured electricity
consumption (summed electricity consumption of gtfakms), predicted electricity consumption
from the SVM model and prediction error value, presented in Table 4. In total 325,028 kwWh was
consumed between the 16 study farms. The SVM mueelicted an overall consumption of 308,755
kwh, resulting in a percentage error value of 5.0%us, the usefulness of the SVM model is further
demonstrated when utilised as a catchment-levetdigiren tool for dairy farm electricity
consumption. Thus, it was observed that the SVMehbédlanced overprediction and underprediction
when predicting at the monthly resolution acrogsngaas well as at the annual resolution across
farms. l.e. farms that the SVM model overpredictizttricity were cancelled out by other farms that

the SVM model underpredicted electricity consumptio
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3.2.

Hypothetical dairy expansion

scenarios

Table 5 Dairy expansion characteristics and SVMtalgty projections for 16 study farms across ifnastructural

Dairy expansion characteristics 2018 2019 2020 2021

Milk production (million L) 10.3 11.0 11.6 12.3
Average herd size (n) 114 119 124 129

Dairy farm scenario Wh L,*

Base scenario (farms as is) 32.6 31.9 31.1 30.3
1.100% 1B 36.8 (13%)* 35.1(10%)  33.4 (7%) 31.9 (5%)
2. 0% GWPHE 35.9 (10%)  34.7 (9%) 33.4 (7%) 32.1 (6%)
3. 100% GWPHE 31.3(-4%) 30.6 (-4%) 29.9 (-4%)  29.1 (-4%)
4. Base + 2 units 32.6 (0%) 31.6 (-1%) 30.8 (-1%) 29.9 (-1%)
5.100% IB + 2 units 37.2(14%) 35.4(11%)  33.6 (8%) 32.1 (6%)
6. 0% GWPHE + 2 units 35.7 (9%) 34.4 (8%) 33.1 (7%) 31.8 (5%)
7.100% GWPHE + 2 units 31.5(-4%) 30.5(-4%) 29.8(-4%)  29.0 (-4%)
8.100% GWPHE & 100% 1B 36.3 (11%)  34.5 (8%) 32.9 (6%) 31.4 (4%)
9. Base HzZHW 12 33.3 (2%) 32.5 (2%) 31.7 (2%) 30.9 (2%)

*Values in brackets represent the percentage denifiom the base scenario, in each year

Combined projected expansion figures (herd sizenaifidproduction) for 2018, 2019, 2020 and 2021
for the dairy farm catchment (comprising of 16 stfarms whose projected dairy expansion (relative
to herd size) was within the remit of the SVM modelining data), are presented in Table 5.
Electricity consumption per litre of milk for theaidy farm catchment (current base scenario) and nin
hypothetical infrastructural scenarios are alsowshin Table 5 in conjunction with the projected
dairy expansion. Compared to the June 2016 — May p@riod, a 24% increase in the average herd
size (from 104 to 129 dairy cows) and a 38% inadasmilk production (from 8.9 to 12.3 million
Lm) was calculated in the 2021 calendar year actosd6 study farms. These figures assumed the
expansion of the study farms between 2014 and 20h#nues on the current trajectory, which has

been largely influenced by the abolishment of mitkgquotas in April 2015.
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Fig. 3 Percentage comparison of electricity congiongper litre of milk between the base scenargrddine) and the nine
hypothetical infrastructural scenario across foyramsion years

Regarding the base scenario (no change to infdstal equipment), the SVM model calculated
economies of scale due to increasing productionh wlectricity consumption per litre of milk

reducing by 7.3% from 32.6 Wh,[* to 30.3 Wh L,;*. More specifically, the proportional increase in
electricity consumption was less than the propodioincrease in milk production. This was
potentially due to a dilution of non-milking (mikksoling and milk-harvesting) related electricity
consumption, such as: water heating, lighting, waiemping and other miscellaneous usage

throughout the farm which contribute to 53% of k&fectricity consumption (Shine et al., 2018c).
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Nine additional infrastructural scenarios were ssed and compared to the base scenario (as
discussed in section 2.4), whereby economies dé sesare observed for all nine scenarios when

comparing the 2018 and 2021 years, as shown ireTabahd Fig. 3.

Scenario 1 (100% IB) increased the proportion oflgtfarms that employed IB milk bulk tanks with
pre-cooling from 0% to 100% (i.e. DX milk bulk talon all 16 farms were replaced by IB bulk
tanks). Compared to the base scenario, 2018 eliégtdonsumption per litre of milk in scenario 1
increased by 13%, whereby in 2021, an increase%fvias observed. Thus, the difference in
electricity consumption per litre of milk (compartmthe base scenario (zero line)) reduced as cow
numbers and milk production increased from 2018@21. Concurrently, the 100% IB scenario
resulted in a reduction of 2.38 Wh, L from 2018 to 2021 in line with the dairy expansidinis
reduction is displayed in Fig. 3, whereby the petage difference between Wh;,t between the base
scenario and the nine hypothetical infrastructacanario across each of the four expansion years is
presented. Increasing electricity consumption du¢he installation of IB milk bulk tank was an
expected projection of the SVM model. IB bulk tahis/e been shown to consume 3.1 W nore
electricity for milk-cooling than DX systems (Shiee al., 2018c), thus lower than the 4.2 Wh'L
reduction (compared to base scenario) calculateZDit8 for scenario 1. However, this value may
vary depending upon the pre-cooling methodologyleyaa (Shine et al., 2018c), and water-to-milk

ratio (Murphy et al., 2013).

Scenario 2 (0% GWPHE) reduced the proportion oflysttarms that pre-cooled milk with gwW
through a plate cooler from 87.5% to 0% (i.e. nphe-cooling systems on 14 of the 16 farms were
removed). Compared to the base scenario, 2018ieigctonsumption per litre of milk increased by
10%, whereby in 2021, electricity consumption geee lof milk increased by 6%. A reduction of 3.9

Wh L, * was observed from 2018 to 2021 in line with thieydaxpansion, as shown in Fig. 3.

Scenario 3 (100% GWPHE) increased the proportiostwdy farms that pre-cooled milk with gw
through a plate cooler from 87.5% to 100% (i.e knpite-cooling systems installed on the 2 farms
with no milk pre-cooling system). Compared to tleesdo scenario, 2018 electricity consumption per

litre of milk reduced by 4%, while in 2021, electty consumption per litre of milk also reduced by
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4%. A reduction of 2.2 Wh ! was observed from 2018 to 2021 in line with thiydexpansion, as

shown in Fig. 3.

Scenario 4 (Base + 2 units) added two parlour utitseach study farm, assuming all other
infrastructural equipment remained consistent With base scenario. Compared to the base scenario,
2018 electricity consumption per litre of milk reimed the same (from 32.6 Wh,L). However, in

the fourth expansion year (2021), electricity canption per litre of milk reduced to a level 1% lawe
than the base scenario. This suggested that adéegpansion was only reached after 2018, whereby
the advantages associated with two additional patimits on each farm outweighed disadvantages
due to increased electricity consumption of theitamtal milking equipment. A reduction of 2.7 Wh

L.* was observed from 2018 to 2021 in line with thigydexpansion, as shown in Fig. 3.

Scenario 5 (100% IB + 2 units) increased the promornf study farms that employed IB milk bulk

tanks from 0% to 100% (like scenario 1), while asloling two additional parlour units. Compared to
the base scenario, 2018 electricity consumption liper of milk increased by 14%, while 2020

electricity consumption per litre of milk increaseg 6%, as shown in Fig. 3. In comparison to
scenario 1 (100% IB), the addition of two parlounitsi did not result in a reduction of electricity

consumption per litre of milk in any of the expamsiyears. Instead, electricity consumption pee litr

of milk increased by 1% and 1% in 2018 and 202Xkpeetively, compared to scenario 1.
Additionally, a reduction of 5.2 Wh,* was observed for scenario 5 from 2018 to 2021ni With

the dairy expansion, thus slightly greater than&i®ewh L, * observed for scenario 1.

Scenario 6 (0% GWPHE + 2 units) reduced the praporf study farms that pre-cooled milk with
gW through a plate cooler from 87.5% to 0% (likersario 2), while also adding an additional two
parlour units on each study farm. Compared to #melscenario, 2018 electricity consumption per
litre of milk increased by 9% while in 2021, elécity consumption per litre of milk increased by 5%
as shown in Fig. 3. In comparison to scenario 2 ®WPHE), the addition of two parlour units
reduced electricity consumption per litre of mitkéach expansion year. Electricity consumption per

litre of milk reduced by less than 1% and 1% in2@hd 2020, respectively, compared to scenario 2.
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Additionally, a reduction of 4.0 Wh {* was observed from 2018 to 2021 in line with théyda

expansion, thus slightly greater than the 3.9 Wh dbserved for scenario 2.

Scenario 7 (100% GWPHE + 2 units) increased the@timn of study farms that pre-cooled milk
with gW through a plate cooler from 87.5% to 100%e(scenario 3), while also incorporating two
additional parlour units on each study farm. Coregato the base scenario, 2018 electricity
consumption per litre of milk reduced by 4%, while2021, electricity consumption per litre of milk
was reduced by 4%. In comparison to scenario 3%LGWPHE), the addition of two parlour units
failed to reduce electricity consumption per lioé milk in the 2018 expansion year. Electricity
consumption per litre of milk increased by 1% aaduced by 1% in 2018 and 2021, respectively,
compared to scenario 3. Thus, electricity consusnppier litre of milk for scenario 7 was the lowest
observed for each of the three scenarios (scedanor), which involved the addition of two parlour
units. Additionally, a reduction of 2.5 Wh,Lt was observed from 2018 to 2021 in line with thizyda

expansion, thus greater than the 2.2 WH abserved for scenario 3 (100% GWPHE).

Scenario 8 (100% GWPHE & 100% IB) increased thepprioon of study farms that employed IB
milk bulk tanks with pre-cooling from 0% to 100%hike also increasing the proportion of study
farms that pre-cooled milk with gW through a platmoler from 87.5% to 100%. Compared to the
base scenario, 2018 electricity consumption pex bf milk in scenario 8 increased by 11%, whereby
in 2021, an increase of 4% was observed. Thus)agirto scenario 1, the difference in electricity
consumption per litre of milk (compared to the basenario) reduced as cow numbers of milk
production increased from 2018 to 2021. Concuryertie 100% GWPHE & 100% IB scenario
resulted in a reduction of 5.0 Wh,E from 2018 to 2021 in line with the dairy expansiequalling
the reduction calculated in scenario 1. Comparestémario 1, 2018 electricity consumption per litre
of milk in scenario 8 reduced by 1%, whereby in 2Gh increase of 2%. Thus, similar to scenario 3,

this shows to calculated benefit of increased miticcooling adoption.

Scenario 9 (HzHW- 12) incorporated a minimum hot washing frequeri® tfot washes per month)
amongst the dairy catchment. This increased tavashing frequency on 75% of the 16 study farms,

increasing the average HzHW from 8.3 hot washesnoaith to 13.1. Compared to the base scenario,
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2018 electricity consumption per litre of milk increased by 2%, while in 2021, an increase of 2%
was also observed. Thus, the increase in elegticobhsumption due to the increased hot washing is
constant throughout the expansion of milk produrciio this analysis. This is retrospective of the

electricity consumption related to hot washing aflpur equipment not having any interactions with

farm variables included in the SVM model. More speally, results presented in scenario 9 displays

how the HzHW does not interact with herd size olkngiroduction within the SVM model, as

expected.
3.3. Discussion overview

The SVM was capable of accurately capturing intéwas between input variables and dairy farm
electricity consumption to provide an effective mmalevel simulation tool, as shown in Fig. 3. More
specifically, the SVM captured four primary intetians to model dairy farm electricity consumption.
Firstly, the effect of installing an IB milk-coolinsystem was accurately quantified by the SVM
model, whereby electricity consumption increasedH®yWh L, * (in 2018) due to the installation of
an IB milk bulk tank on each dairy farm, as showrscenario 1. Secondly, the effect of milk pre-
cooling was effectively quantified by the SVM modehereby the 0% GWPHE scenario (scenario 2)
had a 4.6 Wh L* greater electricity consumption than the 100% G\EPd¢enario (scenario 3),
greater than the 2.9 Wh, ! calculated by Shine et al. (2018c). The effecinstalling IB milk-
cooling systems (100% IB) in conjunction with mitke-cooling systems (100% GWPHE) on all
farms were shown in scenario 8 (100% GWPHE & 108) Whereby as expected, WhLin all

four expansion years were found to be less tharl@®86 IB scenario, and greater than the 100%
GWPHE scenario. Thirdly, the effect of adding twetmliional parlour units to each farm across each
dairy expansion scenario was captured, and efidgtshown in the Base + 2 units scenario (scenario
4). In scenario 4, a level of expansion was achidgue2019 and onwards, whereby the advantages
associated with two additional parlour units (dasezl milking timeframe) on each farm outweighed
disadvantages due to increased electricity consampf the additional milking equipment. Lastly,
the effect of increasing the HzHW in conjunctiorthwihe expansion of dairy farms was accurately

captured by the SVM model as no interactions wetdeat. More specifically, the difference in
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electricity consumption due to increasing HzHW wamstant throughout the dairy expansion
analysis (2018 — 2021) as hot washing is indepdnofetime milk production process (i.e. increasing
milk production had no impact on the electricitynsamption related to hot washing of milking
equipment). These interactions (or lack thereofptwaed by the SVM allow for macro-level
simulations and sensitivity analyses to be cargatfor a large number of dairy farms (provided
farms are within the remit of the data used fointreg the SVM). These simulations and/or analyses
may be performed using easily attainable farm métron, which may be collected without the use of
specialised equipment. This method of simulatingydarm electricity consumption contrasts that of
the mechanistic model for electricity consumptiondairy farms developed by Upton et al. (2014),
which requires large-scale data collection relatedpecific plate cooler ratios, water temperatures
milking times etc..

Using the 16 study farms as a test-set, the SVMeahpdedicted annual farm-level electricity
consumption to within 10.4% (RPE). This represergeti3% reduced prediction error compared to
the monthly prediction error value of 11.9% caltethby Shine et al. (2018a) using the stratified
nested k-fold cross validation method. The SVM nmadas found capable of predicting combined
electricity consumption of the 16 study farms tahivi 5.0% (error). This result concurred with that
of the mechanistic model for dairy farm electricdgnsumption, whereby the average annual error
across three test farms equalled 2.6%, which wssstlgan the average monthly error value of 7.5%
(RPE) (Upton et al., 2014a). This improved the werice threshold of the SVM model for macro

scale analyses.

The method employed to quantify the dairy expansias biased towards a large expansion due to
the abolishment of milking quotas in April 2015.€lTdairy expansion analysis was useful to quantify
electricity consumption effects on the current ne@ipansion trajectory. However, the calculated herd
size and milk production figures for each dairynrfavere hypothetical, with exact figures subject to

model assumptions related to the availability otpee, concentrate feed and dairy cow parity

proportions, which have been defined in section Zie key finding from the hypothetical dairy

expansion analysis lies with the electricity ecoremof scale over time and the effect of the déifer
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infrastructural scenarios over time in line withe thairy expansion. Previous research presented by
Upton et al. (2015) showed varied electricity conption per litre of milk figures between small
(herd size = 45), medium (herd size = 88) and lénged size = 195) farms, whereby figures of 40.9
Wh L%, 50.5 Wh L;* and 42.2 Wh |,* were calculated, respectively. Upton et al. (20dd)ld not
comment on possible economies of scale as theiysisanvolved three hypothetical farms with
varying infrastructural equipment. In comparisame tairy expansion analysis carried out in this
paper included constant infrastructural equipmesibgithe SVM model for dairy farm electricity

consumption.

Benefits related to milk pre-cooling were showrsgenario 2 (0% GWPHE) and scenario 3 (100%
GWPHE) of the dairy expansion analysis. Reduciegtekity consumption due to the installation of
milk pre-cooling systems was an expected projedifoiie SVM model as milk pre-cooling has been
shown to reduce milk-cooling related electricitynsamption per litre of milk by 21% (2.9 Wh,b),

on average, varying depending upon whether a D¥anilk bulk tank was installed (Shine et al.,
2018c). Concurrently, Ludington et al. (2003) répdr milk-cooling savings of 15% due to the
installation of a milk pre-cooling system. Reducthg number of farms that pre cooled milk to zero
(0% GWPHE) allowed for electricity consumption say8 due to pre cooling milk to be quantified.
This was carried out by comparing scenario 2 (0%RB\E) to the base scenario (whereby 87.5% of
farms pre-cooled milk) and scenario 3 (100% GWPHIEmparing scenario 2 and 3 projections, Wh
L. " savings due to increased milk pre-cooling adopiitatreased between 2018 and 2021 expansion
years. More specifically, in 2018, savings due titk mre-cooling equalled 4.6 Wh,[*, while in
2021, savings reduced to 2.9 Wh,'L Increasing the adoption of milk pre-cooling magt n
necessarily equal a linear electricity saving viitbreased milk production as the operation of plate
coolers could be time based as opposed operatirthdcentire duration of milking. l.e. a plate cerol
could be operated for a fixed period during milkimghereby if milk production increases, increased
electricity savings will not occur. This plate cimgl constraint may be due to water conservation or
farm management purposes, whereby after pre-coatilg plate cooler water is stored in a buffer

tank and used for yard washing. The size of théebutink may therefore be a milk pre-cooling
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constraint (if not of adequate size) if water wgetéo be minimised, as any additional water willdha
to go to waste. Quantifying energy savings duenhéoditilisation of gwW for pre-cooling milk may be
useful for future analyses related to the energiemwimod nexus (Shine et al., 2018c; Wu et al.,

2017).

Compared to the base scenario, scenario 7 (100%HEMP2 units) resulted in the greatest reduction
in electricity consumption per litre of milk. Thigenario showed the benefit of adding 2 parloutsuni
(as well as scenario 8), whereby the electricityirggs due to reduced milking times outweighed
increases in electricity due to increased vacuuits ufhis suggested that a milk production leveswa
achieved across the dairy farm catchment, wheradliantages associated with the increased number
of parlour units (reduced milking periods, reductio wasted electricity between milking cows and a
dilution of non-milking related electricity consutign) outweighed disadvantages related to the
increased electrical load. Additionally, due to thereased number of parlour units, milking occurs
faster, therefore potentially increasing electyicgavings due to pre-cooling as more milk can be
harvested before the buffer tank constraint iseaed (assuming fixed period plate cooler operation)

as previously discussed.

4, Conclusion

This paper utilised a previously developed suppedtor machine to predict annual and catchment-
level electricity on dairy farms and provided fidgunypothetical projections across multiple farm
infrastructural scenarios in line with the currdatry expansion trajectory of a selection of Irikiry
farms. Results showed reduced prediction capaslitis the prediction resolution decreased (i.e.
annual electricity prediction error was 13% (refatprediction error = 10.4%) less than the monthly
prediction error (relative prediction error = 11.9% his study therefore improved the confidence of
the SVM model as a prediction tool for catchmeneleelectricity consumption on dairy farms.
Moreover, further improved accuracy (error = 5.065 observed when predicting annual electricity

consumption across a larger number of farms as aaodel overprediction and underprediction
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balanced throughout the year on each farm as wdletween overall annual predictions across the 16

dairy farms.

The hypothetical dairy expansion analysis was edrout to assess the impact of increasing cow
numbers and milk production across six infrastriadtscenarios (one base (current infrastructural
scenario) and nine hypothetical scenarios). Thithatecalculated a 24% increase in the average herd
size and a 38% increase in milk production by 2@@inpared to the June 2016 — May 2017 period.
Furthermore, results showed economies of scaless@lbnine infrastructural scenarios, with theebas
scenario (no change to infrastructural equipmerh @airy expansion) having a 7.3% reduction in
electricity consumption per litre of milk producéd line with a 19% calculated increase in milk

production between 2018 and 2021.

The results presented in this paper reinforce thpoitance of assessing and refining model
applicability across various prediction applicaorMore specifically, a model found to offer a
specific prediction accuracy for a particular apgiion (i.e. monthly farm-level predictions) may
offer a greater applicability for macro-level apggliions (i.e. annual farm-level or catchment-level
predictions), and thus, must be assessed accoydifigése results demonstrate the effectiveness of
the SVM as a macro-level simulation forecast taol dairy farm electricity consumption. The tool
may be implemented at a national level to quaritiy electrical energy contribution to greenhouse
gas emissions associated with the production df milreland. This information could be utilised fo
government reporting, marketing of dairy produdtsoad and/or as an input to a carbon footprint
based grant system for Irish dairy farms. Additiynaesearch utilising actual dairy farmers’ fugur
plans regarding changes to infrastructural equigriretine with a milk production expansion could
be collected by dairy catchments or governmentdsduantify the impact on electricity consumption

to help achieve EU environmental targets.
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