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H I G H L I G H T S    

• A method to perform multi-objective optimization for dairy farms was proposed.  

• Multi-objective optimization was based on financial & renewable criteria.  

• Photovoltaic (PV) model created and validated using experimental data.  

• Model used as part of a test case for multi-objective optimization on dairy farms.  

• Load shifting and PV may negate the need for battery storage on farms.  
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A B S T R A C T   

The aim of this study was to develop a financial and renewable multi-objective optimization (FARMOO) method 
for dairy farms. Due to increased global milk production and European Union policies concerning renewable 
energy contributions, the optimization of dairy farms from financial and renewable standpoints is crucial. The 
FARMOO method found the optimal combination of dairy farm equipment and management practices, based on 
a trade-off parameter which quantified the relative importance of maximizing farm net profit and maximizing 
farm renewable contribution. A PV system model was developed and validated to assess the financial perfor
mance and renewable contribution of this technology in a dairy farming context. Seven PV system sizes were 
investigated, ranging from 2 kWp to 11 kWp. Multi-objective optimization using a Genetic Algorithm was im
plemented to find the optimal combination of equipment and management practices based on the aforemen
tioned trade-off parameter. For a test case of a 195 cow spring calving dairy farm in Ireland, it was found that 
when the relative importance of farm net profit was high, a PV system was not included in the optimal farm 
configuration. When net profit and renewable contribution were of equal importance, the optimal farm con
figuration included an 11 kWp PV system with a scheduled water heating load at 10:00. Multi-objective opti
mization was carried out for the same test case with the goals of maximizing farm net profit and minimizing farm 
CO2 emissions. Under this scenario, the optimal farm configuration included an 11 kWp PV system when the 
relative importance of farm net profit was low. This study included a sensitivity analysis which investigated the 
use of a 40% grant aid on PV system capital costs. This sensitivity analysis did not significantly improve the 
financial feasibility of PV systems on dairy farms. Moreover, it was found that load shifting of a farm’s water 
heating enabled the majority of the PV system’s electricity output to be consumed. Hence the use of batteries 
with small PV systems on dairy farms may not be necessary. The method described in this study will be used to 
inform policy and provide decision support relating to PV systems on dairy farms.   

1. Introduction 

1.1. Background to research 

Optimizing dairy farm equipment and management practices under 

financial and renewable criteria, including the potential use of solar 
photovoltaic (PV) systems, is important for three reasons: 1) European 
Union (EU) countries have agreed that at least 32% of final energy 
consumption in the EU as a whole will be provided by renewable en
ergy by the year 2030 [16]. Hence, if policymakers wish to incentivize 
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the adoption of PV systems in order to ensure that this target is met, 
information is needed regarding the financial performance and re
newable contribution of these systems. 

2) As part of the 2030 climate & energy framework, the European 
Commission (EC) has targeted a 40% reduction in greenhouse gas 
(GHG) emissions for the EU by 2030, compared to 1990 levels [15]. In 
Ireland, the EC has set a 30% reduction target for GHG emissions by 
2030 compared to 2005 levels [15]. Reaching this target is unlikely to 
happen under current conditions [28], meaning that further GHG mi
tigation measures are required. One possible GHG mitigation strategy 
recommended by Lanigan et al. [28] was the use of primary energy 
saving measures such as the implementation of PV systems on farms. A 
previous analysis conducted by Breen et al. [7] demonstrated the po
tential of PV systems for CO2 mitigation on dairy farms. It was found 
that the annual percentage CO2 reduction upon the addition of a PV 
system varied from 10% to 34%, depending on farm size, PV system size 
and farm technology configuration. 

3) Since the abolition of EU milk quotas in 2015, milk production in 
Ireland has increased by 34.2% [8]. This increase in milk output may 
make the purchase of new on-farm equipment necessary, thereby in
creasing electricity costs per litre of milk produced [46]. Hence, it is 
important to provide information concerning the long term financial 
feasibility of potential cost saving measures, such as the installation of 
PV systems. With this in mind, clarity is required around the perfor
mance of PV systems to ascertain whether they are optimal under fi
nancial and renewable criteria, when different farm equipment and 
management practices are considered. 

Previous research by Nacer et al. [35] assessed the feasibility of PV 
systems on seven dairy farms and found the optimal PV system size to 
meet each farm’s electricity demand. A similar analysis was performed by 
Nacer et al. [36] whereby wind turbines were considered along with PV 
systems for meeting demand on the same seven farms. Nadjemi et al. [37] 
implemented an optimal sizing procedure for PV systems, wind turbines 
and batteries on dairy farms. However, all three of these studies utilized 
static load profiles to represent farm electricity consumption, and there
fore did not take into account changes in milk cooling, water heating and 
milking technologies on the farm and how they influence PV system 
performance. They also did not take into account the altering of the farm’s 
milking times or the shifting of the farm’s milk cooling and water heating 
loads to take advantage of the PV system output. The use of PV systems 
with battery storage has been explored for many applications such as re
sidential buildings [19,24] and electric vehicle charging [23], but has not 
been extensively researched in the context of dairy farms. 

Bey et al. [2] found the optimal PV system size for one farm to 
reduce its reliance on purchasing electricity from the grid. The optimal 
water pumping and lighting systems on the farm were also found. 
However, no analysis was carried out to find the optimal milk cooling 
system, water heating system or milking machine, with these being the 
three largest energy consumers on dairy farms [44]. Furthermore, the 
PV output simulations were based on an assumption regarding module 
efficiency rather than a validated model. Zhang et al. [50] investigated 
the use of PV systems on eleven dairy farms, however the PV systems 
were exclusively used for water pumping and no other on-farm pro
cesses. De Blas et al. [12] analysed the performance of a PV system 
providing electricity to a dairy farm milk cooling system, with the 
analysis focusing solely on the experimental setup used and therefore 
not being generalizable. In an Irish context, Wrixon [49] evaluated the 
performance of a PV system on a dairy farm on Fota Island, Cork, Ire
land. Again this analysis was not generalizable, since the work focused 
on one specific farm. 

1.2. Gaps in knowledge and contribution 

Gaps in knowledge have been identified based on the literature 
review described above and are outlined below, along with the con
tributions of this study:  

• This study is novel as it explored how best to configure a dairy farm to 
effectively utilize the output of a PV system. Previous research (dis
cussed above) has used static farm load profiles, which lack the scope 
to assess how different technologies relating to milk cooling, water 
heating and milking affect the farm’s electricity consumption. Since 
these technologies contribute approximately 75% of a typical dairy 
farm’s electricity consumption [44], assessing which configuration of 
these best utilizes PV system output is of great importance.  

• Since PV systems produce electricity during daytime hours the 
farm’s electricity consumption may be altered to ensure that PV 
systems provide as much of the farm’s electricity as possible. Hence, 
the use of load shifting to alter the times at which milk cooling, 
water heating and milking take place throughout the day is ex
tremely important and should be assessed. This was not possible 
when using the static farm load profiles seen in previous research. 
This study considered various potential on-farm technologies and 
load shifting measures and used optimization techniques to find the 
combination of these which best utilized PV systems on-farm, both 
from a financial and renewable perspective. To our knowledge this 
has not previously been carried out in the literature.  

• Another contribution of this study concerns the implementation of 
multi-objective optimization to obtain optimal trade-offs between 
the aforementioned financial and renewable criteria. The applica
tion of multi-objective optimization in the context of dairy farming 
has been carried out in a previous study [4], which utilized a Ge
netic Algorithm (GA) and the weighted sum method (WSM). GA and 
the WSM have been used for multi-objective optimization in a 
number of cognate studies [4,14,17,27].  

• Unlike previous studies relating to PV utilization on dairy farms this 
study employed experimental data to construct and validate a 
scalable, generalizable model of a PV system. 

The objective of this study was to carry out multi-objective opti
mization, while considering various combinations of dairy farm 
equipment and management practices, optimizing based on a scalable 
financial and renewable trade-off parameter. A PV model was devel
oped and validated, and used to demonstrate the multi-objective opti
mization on a simulated test case farm. 

2. Materials and methods 

2.1. Overview of methodology 

Sections 2.2 and 2.3 describe the methods by which multi-objective 
optimization of financial and renewable criteria on dairy farms was 
carried out. Fig. 1 illustrates the operation of a typical dairy farm with 
an installed PV system - a PV system provides electricity to the farm, as 
well as exporting excess electricity to the grid if necessary. The farm 
also purchases electricity from the grid, but the amount of electricity 
required varies depending on the size of the PV system used as well as 
the farm’s equipment and management practices. For example load 
shifting may be employed by altering the times when milking, water 
heating and milk cooling take place, in order to increase the PV output 
consumed on-farm. The multi-objective optimization carried out in this 
study found the optimal combination of equipment and management 
practices to maximize farm net profit (Section 2.3.2) while also max
imizing farm renewable contribution (Section 2.3.3), based on a joint 
objective function employing a financial and renewable trade-off 
parameter. 

2.2. Modelling of PV system output 

2.2.1. Equipment for PV data collection 
In order to simulate the output of a PV system and assess its effect 

on dairy farm electricity consumption, a model was created using data 
obtained from a PV system in the USA. The equipment used to gather 
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this data was located at the Net-Zero Energy Residential Test Facility 
(NZERTF) on the National Institute of Standards and Technology 
campus in Gaithersburg, Maryland. Details pertaining to the system can 
be found in Davis et al. [11], and the data is open source [21,22]. 

2.2.2. Data for PV model development and validation 
Data in the form of irradiance (W/m2), wind speed (m/s), ambient 

temperature (°C) and power output (W) were recorded at one minute 
intervals for two years - from July 1, 2013 to June 30, 2014 and from 
February 1, 2015 to January 31, 2016. This study used an hourly time 
step, and hence hourly values of irradiance, wind speed, ambient 
temperature and power output were calculated based on the afore
mentioned data. The resulting hourly values could then be used for 
model validation. The irradiance, wind speed and ambient temperature 
data used for PV model development and validation is summarized in  
Table A.1 in Appendix A. 

2.2.3. PV model development 
The PV model described by Villalva et al. [48] was used in this 

work. The equation employed by the model which describes the cur
rent–voltage characteristic of a PV cell is as follows: 
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where Io,n is the nominal saturation current, Tn is the nominal cell 
temperature (K), T is the cell temperature (K), Eg is the bandgap energy 
of the semiconductor (eV), q is the electron charge 
(1.60217646 × 10−19C), k is the Boltzmann constant 
(1.3806503 × 10−23 J/K), Isc,n is the nominal short circuit current (A), 
Voc,n is the nominal open circuit voltage (V), Vt,n is the nominal thermal 
voltage (V), Pmax,e is the maximum experimental power from the da
tasheet (W), Imp and Vmp are the array current (A) and voltage (V) at 
maximum power point, respectively, Ns is the number of cells in series. 

PV cell manufacturers generally provide datasheet values measured 

Fig. 1. Overview of methodology deployed. Multi-objective optimization is utilized to find the optimal farm configuration to maximize farm net profit and renewable 
contribution based on a trade-off parameter α. Acronyms used: “MCS” = Milk cooling system; “Tib” = Ice bank start time; “PC” = Precooling; “WHS” = Water 
heating system; “WHT” = Water heating timer; “LS” = Load shifting; “MTm” = Morning milking time; “MTe” = Evening milking time; “VSD” = Variable speed 
drives; “PV” = Photovoltaic system. 
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at standard test conditions. Model parameters Ipv, Io, Rs and Rp were 
determined using Equations (2) – (5) above, however these may vary 
greatly in a real life scenario since cells from different manufacturers 
vary in terms of performance. Hence, the values for Ipv, Io, Rs and Rp 

found using Equations (2) – (5) and the chosen value of parameter a 
(1.3) may not be a true reflection of their values under real conditions. 
Therefore the five parameters were tuned to minimize errors between 
measured and predicted power output. In this study a method similar to 
that described by Ismail et al. [26] was utilized for parameter tuning. 
The five parameters were used as decision variables in a Genetic Al
gorithm (GA), whereby the error between measured and predicted 
power output represented the GA objective function. The GA then al
tered the decision variables (i.e. the five parameters) in order to 
minimize this objective function. 

The five parameters were constrained to the ranges below for the 
GA [25,34]: 

I [1, 8]pv
× ×I [1 10 , 1 10 ]o

12 5

a [1, 2]
R [0.1, 2]s
R [100, 5000]p
The mean absolute percentage error (MAPE) between hourly mea

sured and predicted PV power output (W) was used as the objective 
function value to be minimized. The GA configuration (population size 
etc.) was determined based on the method described by Breen et al. [6]. 

Using the method described, the parameters Ipv, Io, a, Rs and Rp had 
final values of 7.65 A, 6×10-7 A, 1.69, 1.67 Ω and 940 Ω, respectively. 

2.2.4. PV model validation 
The accuracy of the developed PV model was assessed by comparing 

the measured output power values to those predicted using the model 
described in Section 2.2.3. Accuracy was determined using stratified k- 
fold cross validation with a k value of 10 [41]. Model accuracy was 
measured using the root mean square error (RMSE), relative prediction 
error (RPE) [38], and concordance correlation coefficient (CCC) [29]. 
Model bias was assessed using the MAPE and the mean square predic
tion error (MSPE), consisting of mean bias (MB), line bias (LB) and 
random variation (RV) [3]. These indicators have been used in previous 
agriculture related studies [1,20,39,41,47]. Validation results can be 
found in Appendix B. 

2.2.5. Integration of PV model with model for electricity consumption on 
dairy farms 

To assess the effect of PV systems on dairy farm electricity con
sumption, it was necessary to use the developed PV model in conjunction 
with the model for electricity consumption on dairy farms (MECD), 
which was developed by Upton et al. [47]. The MECD predicts dairy farm 
electricity consumption, monetary costs and electricity related CO2 

emissions by applying mechanistic modelling techniques. The MECD was 
validated using data from three farms. All of the model inputs and out
puts consisted of a month × daily hour (12 × 24) matrix structure. 
Therefore the PV model outputs used the same 12 × 24 structure. 

2.3. Optimization 

This section describes the multi-objective optimization procedure 
used in this study. A similar method was used in the authors’ previous 
work – please see Breen et al. [4] for a more detailed explanation. 

2.3.1. Optimization procedure 
The weighted sum method (WSM) transforms numerous objectives 

into a singular objective problem and was used for multi-objective 
optimization in this study. The WSM assigns weights to each objective 
function in a multi-objective problem through the use of a trade-off 
parameter. Varying the trade-off parameter allows multiple optimal 
points in the search space to be found. These points are known as pareto 

optimal solutions. A solution is pareto optimal if there is no other 
feasible solution that improves one objective without deteriorating 
another [31]. The Non-dominated Sorting Genetic Algorithm II (NSGA- 
II) [13] was also considered for multi-objective optimization in this 
study and obtained the same solutions as the WSM. Since the NSGA-II 
generally provides a diverse range of solutions on the true pareto front 
this validated the results obtained by the WSM. However, the NSGA-II 
method did not allow for a trade-off parameter to be specified prior to 
multi-objective optimization being carried out and hence the WSM was 
employed in this study. To find the optimal combination of dairy farm 
equipment and management practices under a financial and renewable 
trade-off parameter, the financial criterion considered was the farm’s 
annual after tax net profit (ATNP) over a specified time horizon in 
years. The renewable criterion considered was the farm's annual re
newable contribution (RC). 

2.3.2. Financial criterion – After tax net profit (ATNP) 
The procedure for financially assessing specific configurations of 

farm equipment and management practices is shown in Fig. 2. A dairy 
farm scenario of interest, i.e. a dairy farm with a particular equipment 
and management combination, was entered into the MECD described in  
Section 2.2.5. The scenario of interest was defined using 45 variables 
relating to herd management, milk cooling, water heating, milk pre
cooling, milking machine, miscellaneous equipment and electricity/oil/ 
gas/milk pricing. More information on this procedure can be found in 
Breen et al. [6]. An additional variable included in this study pertained 
to the use of PV systems on the farm. This is described in further detail 
in Section 2.3.4. Of the 45 variables, 35 were fixed variables while 10 
were decision variables. Upon the input of these variables, the total 
annual electricity consumption and related costs for the farm were 
calculated using the MECD. These electricity costs as well as equipment 
investment costs were used, along with farm financial performance data 
from the Teagasc eProfit monitor [43] to calculate the farm’s annual 
ATNP over a specified time horizon in years. The ATNP was calculated 
using the method described in Upton et al. [45]. 

2.3.3. Renewable criterion – Renewable contribution (RC) 
When a dairy farm scenario of interest was entered into the MECD, 

the farm renewable contribution was also computed. The total farm 
electricity consumption was calculated in a 12 × 24 matrix structure as 
described in Section 2.2.5. The RC was defined as the amount of the 
farm’s annual gross electricity consumption which was provided by a 
PV system. The RC was examined in order to ascertain how well the 
farm’s electricity consumption profile coincided with the PV system 
output. If the RC was high and the amount of electricity exported to the 
grid by the PV system was low it indicated that the majority of the PV 
system’s output was used on-farm (i.e. self-consumption). However if 
the RC was low and the amount of electricity exported to the grid was 
high it indicated that little PV system output was used on-farm, which 
could greatly affect the financial potential of PV systems in the absence 
of a feed-in tariff. It was assumed that any electricity produced by the 
PV system which wasn’t consumed on-farm was exported to the na
tional electricity grid. Therefore the annual renewable contribution for 
a given farm was calculated as follows: 

=RC x y
Q y

Q x
( , )

( )
( )

pv

f mecd, (6)  

where =RC x y( , ) Annual renewable contribution for farm x and PV 
system y (%), =Q y( )pv Annual electricity production of PV system y 
consumed on-farm (kWh), Q x( )f mecd, = Annual gross electricity con
sumption of farm x calculated from MECD (kWh). 

2.3.4. Decision variables 
The 10 decision variables used in this study are described below. 

More details on these decision variables can be found in the authors' 
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previous studies [4,6]: 

• Milk cooling system (MCS) – Two options considered: Direct ex
pansion (DX) and Ice bank (IB).  

• Ice Bank start time (Tib) – 24 options considered - Times from 00:00 
to 23:00 in hourly increments.  

• Precooling (PC) – Two options considered – “Yes” or “No”.  
• Water heating system (WHS) – Three options considered – electric, 

oil and gas.  
• Water heating timer (WHT) – Two options considered – “Yes” or “No”.  
• Load shifting (LS) – Times to which the water heating load could be 

shifted– 24 options considered - Times from 00:00 to 23:00 in hourly 
increments.  

• Morning milking time (MTm) – Two options considered – 07:00 or 
08:00.  

• Evening milking time (MTe) – Two options considered – 17:00 or 
18:00.  

• Variable speed drives (VSD) – Two options considered – “Yes” or 
“No” option.  

• PV systems – Seven options considered – Six sizes of PV systems, five 
of which ranged from 2 kWp to 10 kWp in increments of 2 kWp, one 
of size 11 kWp (the largest PV system size for which the user is 
considered a microgenerator in Ireland) and one option whereby no 
PV system was used. 

2.3.5. Objective function 
The financial and renewable criteria described previously were used 

as objective functions for multi-objective optimization. These objective 
functions were as follows: 

Objective function A Maximise ATNP x: ( ) (7)  

Objective function B Maximise RC x: ( ) (8)  

Where x = vector of the 10 decision variables, ATNP x( ) = average 

after tax net profit over the specified time horizon using x decision 
variables, RC x( ) = annual renewable contribution over the specified 
time horizon using x decision variables. The methods for obtaining 
ATNP x( ) and RC x( ) are described in Section 2.3.2 and 2.3.3. 

The overall objective function J x( ) was defined as a trade-off be
tween objective functions A and B, with both objective functions nor
malized within the range [0,1] to facilitate the use of trade-off para
meter α, as follows: 

= +Maximise J x ATNP x RC x( ) ( )( ( )') (1 )( ( )') (9)  

= trade-off parameter in the range [0,1] which assigned relative 
importance to the financial and renewable criteria within the overall 
objective function J x( ), ATNP x( )' = ATNP using x decision variables 
normalized to a value in the interval [0,1], RC x( )' = RC using x de
cision variables normalized to a value in the interval [0,1]. ATNP x( )'
and RC x( )' were computed using Equations 10 and 11. 

=ATNP x ATNP x ATNP
ATNP ATNP

( ) ( ) min

max min

'

(10)  

Where ATNPmax = Maximum ATNP value, ATNPmin = Minimum 
ATNP value. 

=RC x RC x RC
RC RC

( ) ( ) min

max min

'

(11)  

Where RCmax = Maximum RC value, RCmin = Minimum RC value. 
For the analysis presented, the 10 decision variables were re

presented using a vector of integer values: [MCS, Tib, PC, WHS, WHT, 
LS, MTm, MTe, VSD, PV]. J(x) was maximized for eleven different va
lues of α, ranging from 0 to 1 in increments of 0.1. 

The following constraints were used in the optimization process 
(Equations 12–15): 

T MT CDib m (12) 

where Tib = Ice bank start time, MTm = morning milking time, 

Fig. 2. Procedure for calculating after tax net profit and renewable contribution.  
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CD = Maximum daily milk cooling duration (hours). 

+T MT EMD WHDwh e (13) 

where Twh = Water heating timer start time, MTe = evening milking 
time, EMD = Maximum daily evening milking duration (hours), 
WHD = Maximum daily water heating duration (hours). 

MT07: 00 08: 00m (14) 

where MTm = morning milking time. 

MT17: 00 18: 00e (15) 

where MTe = evening milking time. 
Once optimization was carried out, the annual CO2 emissions (kg) 

were calculated for each farm configuration obtained for the 11 α values. 
This provided an additional performance measure to assess the optimi
zation results, but did not affect the optimization itself. To obtain the 
annual CO2 emissions for a particular farm configuration firstly the total 
farm electricity consumption was calculated using MECD (Section 2.2.5). 
To compute the CO2 emissions associated with this electricity consump
tion, the method described by Breen et al. [4] was used. If electricity was 
exported to the grid by a PV system, this electricity could be considered 
“green” and therefore would offset CO2 emissions when purchased from 
the grid by other customers. Hence, it was assumed that every kWh of 
exported electricity reduced the farm’s CO2 emissions by the average CO2 

intensity per kWh at the time when exporting took place. 
A further analysis was carried out whereby objective function B was 

to minimize annual farm CO2 emissions, while objective function A 
(maximize ATNP) remained the same. The multi-objective optimization 
procedure to carry out this analysis was the same as that explained 
above and that performed by Breen et al. [4]. 

2.3.6. GA implementation for multi-objective optimization 
The method by which GA was used for multi-objective optimization 

in this study is illustrated in Fig. 3. The overall objective function 
(Equation 9) was utilized to evaluate the performance of a population 
of decision variable combinations. These combinations were then re
ordered based on their performance using genetic operators comprising 
selection, crossover and mutation. A stopping criterion in the form of a 
maximum number of iterations was employed. The parameters for the 
GA were selected based on the method described by Breen et al. [6]. 
The parameters selected were as follows: Population size = 120, Type 
of selection = Rank selection, Type of crossover = Two point cross
over, Crossover probability = 0.85, Mutation probability = 0.05. 

2.4. Test case for application of methods 

The test case used in this study was the same as that used by Upton 
et al. [45] and Breen et al. [4,6] i.e. a farm with annual milk yield of 
774,089L and a 195 cow spring calving herd. Simulations were carried 
out over a ten year time horizon. The multi-objective optimization 
using ATNP and RC (Section 2.3.5) shall be referred to as Scenario 1 
while that using ATNP and CO2 emissions shall be referred to as Sce
nario 2. A sensitivity analysis was also carried out whereby grant aid of 
40% was applied to the cost of PV systems. Equipment costs including 
cost of installation are shown in Table 1. These were based on in
formation taken from DAFM [10] as well as relevant suppliers. 

Electricity, gas, oil and milk prices did not fluctuate year-on-year 
over the ten year time horizon. The prices of these commodities for the 
test case were as follows: Oil and gas prices were €0.08/kWh and 
€0.06/kWh respectively [40], while milk price was €0.33/L and elec
tricity price was €0.09/kWh from 00:00 to 09:00 and €0.17/kWh from 
09:00 to 00:00 [6]. 

To simulate the test case in this study weather data consisting of 
irradiance, wind speed and ambient temperature measurements were 
required. The data obtained for this purpose consisted of six years 
(2013 to 2018 inclusive) of hourly measurements obtained from six 

weather stations throughout Ireland. Data was averaged over the six 
year period and over the six locations to obtain a typical year of Irish 
weather conditions. The data, provided by Met Éireann [33], is sum
marized in Appendix A, Table A.2. 

3. Results 

All simulations were carried out in MATLAB 2014a using a com
puter with the following properties: Windows 7 64-bit, 3.50 GHz Core 
i3-4150 CPU, and 8 GB RAM. On average each run of the multi-ob
jective optimization algorithm took 45 min and 29 s. 

The multi-objective optimization results for Scenario 1 (optimizing 
ATNP and RC) are shown in Table 2. The optimal combination of de
cision variables for each of the 11 α values are listed, along with their 
corresponding average ATNP and RC over the ten year time horizon. 
The annual CO2 emissions are also listed for each value of α, as well as 
the electricity exported annually by the PV system (kWh) and the ex
ported electricity as a percentage of annual PV production. When an α 
value of 1 was used, the optimal milk cooling system, water heating 
system, morning milking time and evening milking time were DX, 
Electric, 07:00, and 18:00, respectively while the farm used milk pre
cooling, a water heating timer with a start time of 00:00, no VSDs and 
no PV system. This optimal scenario had an ATNP of €61,876, an RC of 
0%, no electricity exported and CO2 emissions of 14,217 kg. Upon 
decreasing α, the optimal scenario remained the same as that for α = 1 
until an α value of 0.6 was reached at which point load shifting of water 
heating to 10:00 was implemented and an 11 kWp PV system was in
troduced. The farm had an ATNP of €59,859, an RC of 39%, 879 kWh 
electricity exported (6.7% of annual PV production), and CO2 emissions 
of 8,322 kg. The optimal scenario remained the same until an α value of 
0.4 was reached at which point VSDs were introduced and the farm had 
an ATNP of €59,535, an RC of 43%, 982 kWh electricity exported (7.5% 
of annual PV production), and CO2 emissions of 6,998 kg. The optimal 
scenario remained the same for all values of α from 0.3 to 0. 

The multi-objective optimization results for Scenario 2 (optimizing 
ATNP and CO2 emissions) are shown in Table 3. When an α value of 1 
or 0.9 was used, the optimal farm configuration, ATNP, CO2 emissions, 
RC, and electricity exported were the same as those for an α value of 1 
in Table 2. When an α value of 0.8 was reached the water heating 
system changed to gas and the farm had an ATNP of €61,720, CO2 

emissions of 11,055 kg, an RC of 0% and no electricity exported. When 
an α value of 0.5 was reached VSDs were introduced to the optimal 
scenario, and the farm had an ATNP of €61,405, CO2 emissions of 
9,731 kg, an RC of 0% and no electricity exported. When an α value of 
0.3 was reached an 11 kWp PV system was introduced, the evening 
milking time changed to 17:00 and the farm had an ATNP of €59,174, 
CO2 emissions of 4,008 kg, an RC of 8%, and 10,478 kWh electricity 
exported (80.3% of annual PV production). When an α value of 0.2 was 
reached the evening milking time changed to 18:00 and the farm had an 
ATNP of €59,137, CO2 emissions of 3,944 kg, an RC of 7%, and 11,099 
kWh electricity exported (84.4% of annual PV production). The optimal 
scenario remained the same for α values of 0.1 to 0. 

For Scenarios 1 and 2 a sensitivity analysis was carried out whereby 
grant aid of 40% was applied to the cost of PV systems. The results of 
this analysis are shown in Appendix C, Tables C.1 and C.2 for Scenarios 
1 and 2 respectively. Results for all α values were similar to the cor
responding results in Tables 3 and 4 but with higher ATNP values due 
to the implementation of grant aid. 

4. Discussion 

The results for Scenario 1, whereby multi-objective optimization of 
ATNP and RC was carried out, are shown in Table 2. For an α value of 1, the 
optimal farm configuration was similar to that found by Breen et al. [6]. 
This was despite the potential inclusion of a PV system in the optimization 
space. A PV system was not included in the optimal farm configuration until 
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an α value of 0.6 was reached (i.e. the relative importance of ATNP and RC 
were similar). The use of a PV system became optimal at this point, with an 
RC of 39% and a reduction in CO2 emissions of 5,895 kg compared to the 
scenario where α = 1. As α values decreased incrementally from a value of 
1, it could be seen that there were no changes to the optimal farm config
uration before an α value of 0.6 was reached. At this point load shifting of 
water heating at 10:00 was implemented, in order to utilize the PV system 
output during daytime hours. Since the RC of the farm was one of the op
timization objectives and load shifting of water heating was possible, the 
largest possible PV size was selected in order to consume as much of the 
water heating load as possible. 

A sensitivity analysis was performed to assess how grant aiding of PV 
systems would affect the multi-objective optimization results. A grant aid 
of 40% on the capital costs of PV systems was introduced, similar to the 
PV grant amount on pig and poultry farms in Ireland [9]. These results 
can be seen in Appendix C, Table C.1. However, this sensitivity analysis 
yielded similar results to those displayed in Table 2, with PV systems also 
being introduced at an α value of 0.6. Again the largest possible PV 
system size was selected due to the possibility of load shifting. 

The results for Scenario 2, whereby multi-objective optimization of 
ATNP and CO2 emissions was carried out, are shown in Table 3. For an 
α value of 1 the optimal farm configuration was the same as that in  
Table 2. When an α value of 0.8 was used a gas water heating system 
was included in the optimal farm configuration. The reason for this was 
the use of CO2 emissions as an objective instead of RC for Scenario 2, as 

seen previously in Breen et al. [4]. PV systems were optimal when 
α ≤ 0.3, however they were used with gas water heating rather than 
with electric water heating. Since load shifting to match PV system 
output was not possible due to the selection of gas water heating, this 
resulted in large amounts of PV electricity being exported to the grid 
(up to 84.4% of annual production). These configurations were optimal 
due to the fact that exported electricity reduced farm CO2 emissions as 
described in Section 2.3.5. Hence a large PV system was selected to 
export as much electricity as possible when the relative importance of 
minimizing CO2 emissions was high. 

A sensitivity analysis with a PV grant aid of 40% was also carried 
out for Scenario 2. These results can be seen in Appendix C, Table C.2. 
This sensitivity analysis yielded similar results to those displayed in  
Table 3 where no grant aid was in place. 

Under Scenarios 1 and 2, for PV systems to be included in the op
timal farm configuration at a higher α value i.e. high relative im
portance of ATNP, their capital costs would have to reduce. The fact 
that PV systems did not become optimal until an α value of 0.6 was 
used in Scenario 1 and 0.3 was used in Scenario 2 indicates that their 
payback periods are relatively long. Furthermore, the addition of a 40% 
grant aid made little difference to the financial performance of PV 
systems for both scenarios. Comparing results to those of other studies 
is difficult due to the lack of literature concerning the financial per
formance of PV systems on dairy farms. However, the financial in
feasibility of PV systems found in this study agrees with previous results 
reported by Nacer et al. [36] on dairy farms in Algeria. On the other 
hand Lukuyu et al. [30] demonstrated that PV systems were profitable 
for farms in Tanzania with high milk cooling requirements. However 
the study carried out by Lukuyu et al. assumed that lead acid batteries 
were used with PV systems. 

Fig. 4 shows the average daily electricity consumption profile of the 
farm under Scenario 1 when α = 1, as well as the average daily elec
tricity consumption profile of the farm when α = 0. The consumption 
profile for α = 0 does not take into account the use of the 11 kWp PV 
system selected as part of the optimal farm configuration for α = 0 in  
Table 2. The average daily electricity production of the 11 kWp PV 
system is also shown in Fig. 4, as well as the production for the day of the 
year with maximum PV output. It should be noted that the electricity 

Fig. 3. Genetic Algorithm procedure for multi-objective optimization.  

Table 1 
Investment costs for equipment used in the test case, including installation 
costs.    

Equipment Investment cost (€)  

DX milk cooling system 25,779 
IB milk cooling system 27,469 
Electric water heating system 1,200 
Oil water heating system 2,400 
Gas water heating system 3,000 
Plate heat exchanger 2,390 
Variable speed drives 3,350 
PV system (per kWp) 1,400 
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production of the PV system varied greatly depending on weather con
ditions. Hence the amount of excess electricity exported to the grid from 
the PV system also varied day-to-day and month-to-month. Fig. 4 illus
trates the differences between the electricity consumption profiles of the 
farm for α values of 0 and 1. It can be seen that when α = 0 load shifting 
is implemented, with water heating taking place at 10:00. When α = 1 
load shifting is not implemented, with water heating taking place at 
00:00. It can also be seen that when α = 0 the electricity consumption 
peaks corresponding to the farm’s milking times are lower, due to the 
reduction in milking machine electricity use resulting from the adoption 
of VSDs. Fig. 4 also illustrates why an 11 kWp PV system was selected as 
part of the optimal farm configuration when α = 0 and why it was not 
selected when α = 1. It can be seen that the implementing of load 
shifting when α = 0 results in a small portion (approximately 8%) of the 
annual PV system output being exported to the grid. Hence it is possible 
for load shifting to consume the majority of the PV system's output, in
dicating that the requirement for batteries with PV systems on dairy 
farms could be alleviated. While this has been deduced from the test case 
examined, load shifting of milk cooling, water heating, and milking 
machine electricity use could be carried out on farms at any location. A 
study by Upton et al. [44] showed that over 90% of dairy farms used 
electric water heating, meaning all of these farms could implement load 
shifting. While PV system output may vary at different locations, the 
farm’s load profile can be adjusted to coincide with the electricity pro
duction of a PV system. 

On the other hand, not implementing load shifting (as shown in the 
electricity consumption profile for α = 1) would result in a large 
portion (approximately 83%) of the annual PV system output being 
exported to the grid. Simola et al. [42] previously investigated the use 
of PV systems on a Finnish dairy farm without a feed-in tariff, with 
results indicating that the most profitable PV system was that which 
exported 2% of its output. Hence if there is no feed-in tariff in place, the 
use of a PV system with no load shifting in place may yield low 
monetary savings. It has however been shown that having feed-in tariffs 
can lead to improved financial performance for PV systems on dairy 
farms in Algeria and Ireland [5,35,37]. However as there is currently no 
feed-in tariff structure in place in Ireland such an analysis was not 
considered in this study. 

5. Conclusions   

• A method for financial and renewable multi-objective optimization 

(FARMOO) of dairy farms was developed. 
• The FARMOO method found the combination of dairy farm equip

ment and management practices which maximized farm net profit 
and farm renewable contribution based on a trade-off parameter.  

• The FARMOO method also allowed the use of load shifting for milk 
cooling, water heating and milking to be investigated. This provided 
insight regarding which combination of farm equipment best uti
lized PV systems on-farm.  

• It was found that for a 195 cow test case farm, an 11 kWp PV system 
was added to the optimal farm configuration when the relative im
portance of farm net profit and renewable contribution were similar. 

• A 40% grant aid on PV systems made little difference to their fi
nancial feasibility.  

• Load shifting of electric water heating consumed the majority of the 
PV system's output on the test case farm.  

• It was determined that the requirement for batteries with small PV 
systems on dairy farms could be alleviated through thermal storage. 

6. Future work 

The FARMOO method will provide a useful means for farmers, farm 
managers and policymakers to garner advice relating to the use of PV 
systems on dairy farms. Further studies may include analyses relating to 
the use of batteries on dairy farms, which could be compared to results 
from this analysis. A financial analysis could also be carried out to find 
optimum levels of grant aid for PV systems and batteries in a dairy farm 
context, taking into account future electricity pricing scenarios. 
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Fig. 4. Average daily farm electricity consumption for α = 1 (kWh), average daily farm electricity consumption (without PV contribution) for α = 0 (kWh), average 
daily electricity production for an 11 kWp PV system (kWh) and the peak daily electricity production for an 11 kWp PV system, all under Scenario 1 (Table 2). 
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Appendix A. Data for PV model development, validation and simulation 

(See Table A.1 and A.2) 

Appendix B. PV model validation results 

Using the model validation method described in Section 2.2.4, the PV model resulted in a RMSE of 225 W, a RPE of 4.9%, a CCC of 1.00 and a 
MAPE of 2.9% (Table B.1), indicating satisfactory model prediction, according to the rating system described by Fuentes-Pila et al. [18] and excellent 
strength of agreement between measured and predicted values, according to the rating system described by McBride [32]. 

Appendix C. Multi-objective optimization results – 40% grant aid for PV systems. 

(See Table C.1 and C.2) 

Table A1 
Summary of meteorological data (July 2013 to June 2014 and February 2015 to January 2016) used for model development and validation. The minimum, mean, 
median, maximum, standard deviation (SD) and inter-quartile range (IQR) for irradiance, ambient temperature and wind speed were aggregated across the two years 
for each month (January to December).                        

Irradiance (W/m2)  Wind Speed (m/s)  Ambient Temperature (°C) 

Month Min Mean Median Max SD IQR  Min Mean Median Max SD IQR  Min Mean Median Max SD IQR  

Jan 0 244 220 694 178 254  0.5 2.5 2.4 5.6 1.1 1.5  −10.5 −0.7 −0.2 9.8 4.7 7.7 
Feb 0 280 239 800 223 349  0.6 2.8 2.7 6.3 1.3 2.0  −11.2 −1.2 −1.3 11.9 4.1 5.2 
Mar 0 289 265 863 216 343  0.6 2.8 2.8 7.0 1.2 1.7  −9.2 4.5 4.6 17.3 5.2 6.6 
Apr 0 335 281 897 260 438  0.2 2.7 2.6 6.6 1.1 1.6  3.1 12.9 12.4 26.8 4.3 6.2 
May 0 369 340 894 258 467  0.2 1.7 1.6 4.9 0.9 1.2  8.9 19.7 19.7 29.9 4.3 6.5 
Jun 0 339 312 866 243 419  0.2 1.9 1.8 4.9 0.9 1.3  15.0 23.3 23.0 32.0 3.6 5.2 
Jul 0 330 318 845 239 434  0.6 2.1 2.0 4.0 0.7 1.0  18.1 25.3 25.0 34.4 3.1 4.8 
Aug 0 348 325 863 251 459  0.3 2.1 2.1 4.8 0.7 0.9  15.5 24.0 23.8 32.1 3.3 5.1 
Sep 0 363 357 853 250 468  0.6 2.1 2.1 4.5 0.7 1.0  10.7 20.8 20.7 32.7 4.6 6.5 
Oct 0 267 266 781 196 335  0.5 2.4 2.3 5.2 0.8 1.1  3.9 14.1 14.2 26.1 4.1 5.7 
Nov 0 261 254 708 186 285  0.5 2.4 2.3 5.1 0.9 1.3  −2.2 9.2 9.1 22.6 5.0 7.3 
Dec 0 179 140 599 151 249  0.7 2.3 2.2 5.4 0.9 1.2  −1.8 7.4 7.1 17.0 3.8 4.7 

Table A2 
Summary of data obtained from six weather stations throughout Ireland over a six year period (2013–2018). Data was averaged over the six year period and over the 
six locations in order to represent a typical year of Irish weather conditions. The minimum, mean, median, maximum, standard deviation (SD) and inter-quartile 
range (IQR) for irradiance, wind speed and ambient temperature for each month of the year are shown.                        

Irradiance (W/m2)  Wind Speed (m/s)  Ambient Temperature (°C) 

Month Min Mean Median Max SD IQR  Min Mean Median Max SD IQR  Min Mean Median Max SD IQR  

Jan 0 76 81 181 44 70  3.7 6.4 6.4 9.4 1.4 2.1  3.2 6.2 6.3 9.1 1.3 1.6 
Feb 0 132 134 305 79 134  4.1 6.2 6.1 10.3 1.0 1.4  2.6 5.5 5.4 9.5 1.4 1.8 
Mar 0 198 204 444 117 196  3.5 5.8 5.7 8.0 0.9 1.3  2.8 6.3 6.1 10.0 1.6 2.5 
Apr 0 281 287 623 171 285  2.8 5.2 5.1 7.8 1.1 1.7  4.3 8.4 8.3 13.7 2.0 3.1 
May 0 305 323 722 192 334  2.9 5.1 5.1 8.1 1.1 1.5  6.5 11.2 11.1 15.9 2.0 3.1 
Jun 0 328 339 698 195 355  2.3 4.5 4.5 6.7 0.9 1.4  8.9 13.9 14.0 17.9 2.0 3.4 
Jul 0 297 306 638 184 342  2.2 4.3 4.3 6.5 0.9 1.4  11.4 15.4 15.4 20.0 1.9 3.1 
Aug 0 262 278 551 157 278  2.8 4.8 4.8 7.2 0.9 1.4  11.5 14.7 14.6 17.8 1.6 2.9 
Sep 0 221 232 481 131 225  3.2 4.7 4.6 7.7 0.9 1.1  10.2 13.3 13.0 17.1 1.6 2.7 
Oct 0 151 154 342 89 155  3.1 5.2 5.2 7.5 0.8 1.1  8.3 11.4 11.2 14.6 1.4 2.1 
Nov 0 95 95 248 57 84  3.3 5.4 5.4 8.1 0.9 1.4  4.1 8.1 8.1 12.3 1.6 2.3 
Dec 0 57 61 132 35 50  3.0 6.4 6.6 9.5 1.2 1.7  5.1 7.6 7.8 10.2 1.0 1.4 

Table B1 
Model performance for PV model, using the relative prediction error (RPE), concordance correlation coefficient (CCC), root mean square error (RMSE), mean 
absolute percentage error (MAPE), mean square prediction error (MSPE), mean bias (MB), line bias (LB), random variation (RV) and number of data points at a 
resolution of one hour (n).           

RPE CCC RMSE MAPE MSPE MB LB RV n  

4.9% 1.00 225 W 2.9% 50,554 W2 1.0% 0.1% 98.8% 5,768 
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