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ABSTRACT

The agricultural industry is an important contributor to CO, emissions, with dairy accounting for over 15 % of
total agricultural output in the United Kingdom (UK). In line with the United Nations’ Sustainable Development
Goals for responsible consumption, and affordable and clean energy, decarbonisation of agriculture is being pri-
oritised around the world, with integration of renewables, energy storage systems, and load flexibility widely
recognised as viable solutions to achieve net-zero. Analysis and optimisation of energy-consuming agri-processes
remains a huge challenge — compared to residential and commercial buildings — due to non-standardised equip-
ment and the emergence of on-site renewables. In contrast to previous studies that are narrow-focused, do not
involve end-users, do not consider the diverse and largely varying day-to-day energy-intensive activities, or are
not applicable at scale, this article proposes a novel, deep learning-based, data-driven, modular non-intrusive load
monitoring (NILM)-enabled approach, where context is set through co-creation with farms and agritech. The pro-
posed approach enables accurate and scalable load disaggregation at very-low frequencies (30-min), through
transfer learning, and scheduling of energy-consuming processes, which minimises, simultaneously, total elec-
tricity import and carbon footprint, based on renewable production prediction, and granular regional carbon
footprint forecasting. Findings from three small to medium/large-scale dairy farms in the UK with renewables
and diverse non-standardised dairy equipment demonstrated that through the completely non-intrusive and scal-
able co-created load scheduling approach based on identified flexible loads, utility is preserved under a very-low
frequency (30-min) disaggregation scenario. The proposed system achieves electricity cost and carbon footprint
reduction of over 30 % compared to current energy practices on the three farms, and paves the way for completely
non-intrusive/no capital investment NILM-enabled systems for the agriculture industry.

1. Introduction

To meet the demands of the ever-increasing world population [1]
and the global increase in calorie intake, it is expected that in a
decade the global consumption of food commodities will increase by
approximately 15 % [2]. With the requirement of increasing agricul-
tural production while reducing carbon emissions, there is growing
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pressure on the agricultural sector to enhance its resource and energy
efficiency. According to the International Energy Agency (IEA), in 2020,
the agricultural sector emitted 0.4 GtCO,eq, with an expected increase
in emissions by 0.1 GtCO,eq, by 2050 under the Stated Policies Scenario,
which is much higher than the Sustainable Development Scenario —
with an expected decrease of CO, emissions by 0.3 GtCO,eq — and the

Email address: apostolosvavouris@icloud.com; apostolos.vavouris@strath.ac.uk (A. Vavouris).

https://doi.org/10.1016/j.apenergy.2025.126456

Received 17 April 2025; Received in revised form 30 June 2025; Accepted 8 July 2025

Available online 17 July 2025

0306-2619/© 2025 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


http://www.sciencedirect.com/science/journal/0306-2619
https://www.elsevier.com/locate/APEN
https://orcid.org/0000-0002-6138-7865
https://orcid.org/0000-0002-8112-1976
https://orcid.org/0000-0002-1075-2420
https://doi.org/10.1016/j.apenergy.2025.126456
https://doi.org/10.1016/j.apenergy.2025.126456
http://creativecommons.org/licenses/by/4.0/

A. Vavouris, L. Stankovic and V. Stankovic

Net Zero Emissions by 2050 Scenario — with an expected decrease of
the CO, emissions by 0.5 GtCO,eq [3].

Current literature on reducing greenhouse gases (GHGs) in the agri-
sector is mostly limited to models enabling the estimation of agricultural
emissions [4], and focuses mainly on methane and nitrogen emissions
from cows, soil, and fertilisers. This has paid off since emissions of GHGs,
specifically methane and nitrous oxides, have been decreasing over the
past 30 years in the United Kingdom (UK), according to the latest agri-
climate report. However, CO, emissions from the agricultural sector in
the UK amounted to 5.5 MtCO,eq., equivalent to almost 2 % of total
UK carbon emissions [5]. This corresponds to an increase of 22 % since
1990, mainly due to the increasing use of energy-intensive agricultural
technologies.

According to the latest farm practices survey [6], in England, al-
though almost two-thirds of farmers consider emissions when making
decisions related to farming processes, the main obstacle that farmers
are facing is that there is no clear understanding and information on
how to reduce and quantify emissions. Similarly, in Scotland, where ap-
proximately 80 % of the country’s land mass is used for agricultural
production and more than 1 in 10 Scottish jobs directly or indirectly
depend on agriculture [7], farmers are struggling with increasing elec-
tricity costs since 80 % of total energy use on a dairy farm is accounted
for by milk cooling, water heating and vacuum pumping [8], activities
necessary for the delivery of the final product. Indeed, potential sav-
ings of up to 12 % in electricity bills could be achieved through the
monitoring and analysis of energy usage [8].

To provide comprehensive energy feedback, support investment,
retrofit decisions, and benefit from demand flexibility services, it is
necessary to understand energy demand on the farm, including con-
sumption of individual high loads. However, since physical monitoring
of all equipment on farms is resource-intensive and impractical, re-
cent attempts to leverage Non-Intrusive Load Monitoring (NILM) in
the agricultural and dairy industries have emerged [9]. It is important
to note that NILM approaches for the industrial sector, let alone the
agricultural sector, are very much in their infancy, unlike the boom
in NILM approaches for the residential sector as reviewed in [10,11].
The challenges of NILM for industrial loads specifically are described
in [12]. Industrial appliances differ significantly from domestic ones in
terms of diversity, complexity, and operational context. While house-
hold appliances typically fall into standardised categories with relatively
simple functionality, industrial environments encompass a wide array
of complex machinery operating under more demanding and noisier
conditions. Additionally, electricity consumption patterns in industrial
settings are governed by shift-based schedules, contrasting with the
more predictable temporal trends observed in residential usage. These
operational differences also challenge common assumptions in energy
monitoring research; for instance, the “one-at-a-time” appliance usage
model often applied in domestic NILM is generally inapplicable in in-
dustrial contexts, where simultaneous operation of multiple devices is
the norm.

In the agricultural industry specifically, NILM was implemented
via a multilayer sequence-to-sequence (seq2seq) deep neural network
(DNN), namely a One-Directional Convolution Layer-Bidirectional Gated
Recurrent Unit (GRU) Recurrent Neural Network (1DConv-BRNN)
model, for state detection of milk cooling and vacuum pump equipment
of dairy farms [13]. The model was compared with a Long Short-Term
Memory (LSTM) model, with the former performing better in the clas-
sification problem, compared to the LSTM network. NILM regression
was proposed in [14] to quantify the energy consumption of milking
robots, pumps, compressors, and cleaning equipment across 3 farms via
the WaveNet sequence-to-point (seq2point) network, where it was con-
cluded that excellent performance can be achieved when models were
trained and tested on the same farm, but transferability to other farms
failed due to the complexity of metering practices and variation in load
profiles/signatures of agricultural equipment.
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Recent review papers focusing on energy consumption on dairy
farms [15] and livestock systems in the European Union (EU) [16],
highlighted the need to estimate energy consumption to improve energy
efficiency, but current studies do not always manage to include on-site
consumption data of equipment and facilities due to the unavailabil-
ity of data, but rather focus on national or regional level averages. The
fragmented analyses and considerable data gaps in existing literature
have also been highlighted in [16], underscoring the need to develop a
standardised methodology for measuring energy consumption in these
systems, an essential step toward reducing fossil fuel usage and mitigat-
ing the consequences of climate change. Alternative dairy practices and
mitigation strategies aimed at guiding the dairy industry toward achiev-
ing net-zero carbon emissions are suggested in [17], emphasising the
role of supply chain energy modelling as a strategy to reduce energy
consumption in dairy settings. The factors that drive energy efficiency
in the Dutch dairy sector were studied in [18] where, based on 25,000
dairy-farm records, it was concluded that solar energy is one of the most
effective methods for increasing energy efficiency and reducing depen-
dency on non-renewable energy sources (RES). The effects of increased
production on energy efficiency were also discussed, with the study
highlighting the reduced energy efficiency of automated milking sys-
tems, such as voluntary milking robots, compared to traditional milking
techniques. The trajectory of Swedish dairy farms toward achieving net-
zero emissions was examined in [19] by assessing their eco-efficiency,
incorporating a sustainability target into the eco-efficiency scores. The
study demonstrated that a fossil-free economy in Sweden’s dairy sector
could be attainable by 2045. Lastly, life cycle assessment (LCA) studies
have been conducted in both horticultural and livestock farming envi-
ronments. In the UK, LCA analyses of vertical farming have identified
lighting, heating, ventilation and air conditioning as the major energy
consumers [20]. Meanwhile, an LCA study focused on the dairy sector
in the United States [21] concluding that a “one-size-fits-all” solution
is not feasible, emphasising the need for tailored mitigation strategies
adapted to individual farm settings. Although the energy consumption
and LCA of agriculture and more specifically of dairy systems have been
studied in the literature, carbon estimation is still based on countrywide
long-term averages rather than using actual generation data.

The current literature, reviewed above, does not take into account
stakeholders but rather focuses on system/function-centred approaches,
which have limited efficacy with users [22]. According to empirical stud-
ies and recent research, co-creation and co-design can accelerate the
design process and create more innovative concepts and ideas [23,24],
while at the same time, increasing user empowerment and democratisa-
tion [25]. Co-design between system designers and farmers in the dairy
sector in New Zealand was explored in [26], concluding that although
the participation of farmers in the design process is of paramount impor-
tance, this should be performed in a way that avoids highly structured
and process-heavy methodologies, while at the same time allocating
sufficient time for initial engagement with farmers to understand their
needs and establish realistic expectations of the process.

The article focuses on the analysis and optimisation of energy
processes in the energy-intensive dairy industry. Although the dairy in-
dustry has seen an increase of over 20 % in CO, emissions compared
to 1990 due to the wide adoption of agritech, analysis and optimisation
of energy-consuming processes remain a huge challenge — compared
to residential and commercial buildings — due to non-standardised
equipment and the emergence of on-site renewables. This problem is
widespread in industry in general. Although various approaches have
been employed to understand energy consumption and process effi-
ciency in dairy farms, they often fall short in key areas. Some focus
on energy consumption modelling that may not accurately reflect ac-
tual energy intensity or the optimisation of processes in relation to
on-site RES. Others overlook emissions from daily energy-intensive ac-
tivities or concentrate solely on high-level energy efficiency metrics
without involving end-users in the design process, thereby limiting
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their practical adoption. In this article, we address this knowledge gap
through a novel co-created NILM-enabled data-driven system approach
that enables at-scale load disaggregation of energy-intensive industrial
processes through a complex mixed-methods design, aimed at reducing
the carbon footprint and energy costs. More specifically, the article:

1. identifies the unique challenges of applying very-low frequency
NILM to non-standardised agritech equipment — with different
energy profiles — through a fully data-driven, transfer learning—
based approach, and proposes a scalable deep learning (DL)
regression method — co-created with industry — for cross-farm
deployment;

2. enables non-intrusive optimisation of energy-intensive agricul-
tural processes by leveraging NILM in the context of local energy
generation, time-constrained workflows, and causality of opera-
tions — demonstrated in a dairy farming context without requiring
capital investment; and,

3. delivers actionable insights through next-day, DL-based carbon
forecasting and load scheduling, offering high-resolution (30-min)
regional carbon intensity predictions and precise load scheduling
based on disaggregated consumption, process constraints, utility
costs, and flexibility identification.

The approach was demonstrated across three UK farms — ranging from
small to large scale — over a one-year period, under varying disaggre-
gation accuracy and data granularity scenarios. It achieved reductions
of over 30 % in both electricity costs and carbon footprint compared to
current energy practices.

The rest of the article is organised as follows: in Section 2, the
methodology of the co-creation approach is presented, followed by
the results in Section 3. Lastly, a brief discussion and conclusions are
presented in Sections 4 and 5 respectively.

2. Methods

The system diagram for the proposed co-created methodology for the
modular optimised load scheduling, based on a complex mixed-methods
approach akin to the prior work in [27], is shown in Fig. 1. The proposed
system consists of four main building blocks, where each sub-system can
be replaced by different methodologies. The focus is on the very-low fre-
quency NILM-disaggregation methodology as an at-scale enabler for load
scheduling, and therefore the article does not focus on optimising each
individual sub-system. Two off-the-shelf NILM algorithms, which may be
readily substituted with alternative low-frequency NILM methodologies
are adopted. Each subsystem is analysed, one by one, in the following
subsections.

2.1. Context setting

In this subsection, the environment, data and constraints that will
influence the following data-driven analysis sub-systems to make accu-
rate predictions are defined. The overall system problem is to minimise
a farm’s carbon footprint and energy export losses by improving en-
ergy management through maximisation of the local photovoltaic (PV)
production, storage of excess energy, and load shifting of the energy in-
tensive farming activities, given time of use and physical constraints of
particular activities.

2.1.1. Qualitative data collection

Semi-structured in-depth interviews, along with a tour of the
premises of 3 participating farms, were conducted to uncover the dif-
ferent levels of demand flexibilities on a per-activity basis, as well
as practical physical constraints. The semi-structured interviews ini-
tially focused on questions related to the installed electrical equipment
of the farms, the electrical connection of the individual equipment,
the operational power levels, as well as the import and export tariffs.
Further to the questions related to the dairy equipment, the interviews
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focused on the day-to-day practices and how these are correlated to the
energy-intensive equipment. Constraints that are imposed due to causal
processes in the farm (e.g., the requirement to have the water heated
to 90 °C by the end of the milking round or the legal requirement for
the milk to reach a specific temperature after the milking cycle) were
uncovered, as well as the flexibility level of each of these activities.

The data analysis team and stakeholders (farmers, electricity engi-
neers for energy monitoring of the farm, mechanical engineers custom-
fitting agritech for the farm) collectively formulated the main objectives
of the study to maximise the impact of the outputs, data requirements
and agreed on the methodology steps with regular online touchpoints
to ensure timely feedback for algorithm development and tuning. One
of the key outcomes of the co-creation process was visibility of the
heterogeneity of the equipment across the farms for the same key ac-
tivities of milking, cooling and heating. This informed the co-design of
the installation of the energy metering equipment to capture the largest
energy-consuming agritech, imports and exports, while at the same time
minimising interference in farm activities.

2.1.2. Quantitative energy demand and production data collection

Aggregate smart meter data and submetering data were collected
for the period September 2023-September 2024, i.e., spanning a pe-
riod of over 1 year. The study period was divided into two phases:
the first phase, covering September 2023 to October 2023, focused on
the development and validation of the methodology at Farm I; the sec-
ond phase, from October 2023 to September 2024, involved testing the
methodology across all three farms (Farm I-III).

The installed metering equipment collected voltage, current and
power readings approx. every second on an aggregated and sub-metered
level across the three farms. The characteristics of the three farms and
the monitored equipment are summarised as follows.

« Farm I: A small-scale organic dairy farm (grass-based block spring
calving herd; circa 250 cows) with traditional herringbone parlour
(two milking rounds), and biomass facilities, with the following mon-
itored equipment: (i) compressors: ice builder equipment required
for milk cooling (7 kW, variable); (ii) water heaters: providers of
hot water for the disinfection of the parlour after milking (12 kW,
steady-state); (iii) vacuum pumps: milking pumps for the milk ex-
traction and circulation (11 kW, variable); (iv) biomass facility fans:
fans required for the circulation of hot air to dry out organic matter
(22 kW, variable); (v) biomass facility boilers: providers of hot water
for the water-to-air heat exchanger for the biomass facility (13 kW,
steady-state); and, (vi) solar generation: 54 kW with 50 kW inverter
power.!

Farm II: a medium-scale dairy farm (grass-based block spring calv-
ing herd; circa 400 cows) with a calf house and a rotary parlour that
operates only during Spring — Autumn, with the following monitored
equipment: (i) chiller: milk cooling equipment (10 kW, variable); (ii)
water heaters: providers of hot water for the disinfection of the par-
lour after milking (30 kW, steady-state); (iii) vacuum pumps: milking
pumps for the milk extraction and circulation (9 kW, variable); and,
(vi) solar generation: 50 kW arrays with 50 kW inverters.

Farm III: a large-scale dairy farm (grass-based block all-year-round
calving herd; circa 650 cows) with a rotary parlour, with the follow-
ing monitored equipment: (i) compressors: milk cooling equipment
(20 kW, variable); (ii) water heaters: providers of hot water for
the disinfection of the parlour after milking (29 kW, steady-state);

I There are three different PV arrays (22 kW, 22 kW, and 10 kW), with the
metering equipment monitoring only the two 22 kW arrays as these are placed
on the same shed, whereas the third array was not monitored as it is located on
a different shed. The installed capacity of the solar panels in the first two arrays
is purposely oversized (compared to the inverters) due to the fact that the farm
is located in an area with increased likelihood of cloudiness, and therefore the
solar panels rarely reach their peak capacity.
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Fig. 1. System summary.

(iii) vacuum pumps: milking pumps for the milk extraction and
circulation (9 kW, variable); (iv) calf house ventilation: fans required
for the circulation of air in the calf house (15 kW, variable); (v) water
pumps: equipment used to pump water from a watercourse crossing
the farm (18 kW, variable); and, (vi) solar generation: 100 kW arrays
with 100 kW inverters.

PV arrays across the 3 farms have no line of sight obstacles and are lo-
cated on sheds with identical orientations and inclinations (per farm).
All monitored equipment is three-phased, with power clamps and volt-
age meters being installed in only one of the three phases of each
equipment, as these loads are symmetrical. The metering equipment re-
motely provides a sub-second data stream through an MQTT broker.
A server was configured to subscribe to the MQTT stream and collect
twelve different readings from the farm. In order to increase the reli-
ability and fault tolerance of the data collection process, a Raspberry
Pi located on different premises — to avoid issues arising from inter-
net disconnection and/or power loss — was also subscribed to the same
topic of the MQTT broker and collected a backup of the readings from
the farm. The two data-streams (server & Raspberry Pi) were synchro-
nised and resampled to 1 sec, resulting in 34 time-series — 9 aggregate
phases, 3 PV production, 13 submetered equipment and 9 voltage read-
ings. The resampled time-series were then stored in an SQL database.
The electricity supply in all three farms is based on a dual tariff sys-
tem with a day tariff (06:00-01:00) of ~ 28 p/kWh and a night tariff
(01:00-06:00) of ~ 17 p/kWh. The energy produced by the farm that is
not consumed is exported to the grid with no compensation provided by
the supplier/grid.

2.1.3. Qualitative and quantitative data findings that set context

The energy consumption and production data of Farm I for the pe-
riod from the 15th of September 2023 until the 9th of October 2023
(development period) on a half-hourly basis are presented in Fig. 2.

Milking activities that were identified during the qualitative data
collection were matched and mapped to the quantitative data. More
specifically, milking activities were identified during the early morn-
ing hours between 03:00 and 07:30 with water heaters being deployed
in the early morning (03:00-05:00) and early afternoon (12:00-14:00)
whereas milking pumps were deployed in the morning (04:30-07:30)

Total Hourly Energy Consumption & Production

23:00 00:00  91:00
22:00 500kWh  02:00
21:00 375kWh 03:00
20:00 04:00
250kWh
19:00 125kW] 05:00
18:00 06:00
17:00 07:00
16:00 08:00
15:00 09:00
14:00 — 10:00
13:00 1p.090 11:00
[IProduction
[ Consumption

Fig. 2. Farm I: half-hourly total energy consumption and production of the first
monitored (development) period.

and late afternoon (15:00-18:00). These farming activities can be
identified in Fig. 2 where energy peaks are observed during the early
morning hours (03:00-08:00), early afternoon (12:00-14:00) and to a
lesser extent during the late afternoon (15:00-17:00) periods.

During this period, Farm I imported 2868 kWh (~£803) and
1275 kWh (~£217) during the day and night tariff periods, respectively.
The total energy production from the solar panels was 1801 kWh, with
the farm self-consuming 1182 kWh (66 %), and the rest 619 kWh (34 %)
exported to the grid. As the energy exported to the grid is not compen-
sated, the exploitation of the total solar production of the farm could re-
duce the total utility bill by 17 %; this is estimated based on the amount
of energy currently being exported (and hence not compensated) and
the equivalent savings if this energy were self-consumed. Furthermore,
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First monitoring period: 26th September 2023
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First monitoring period: 29th September 2023
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(a) Energy consumption: 26th of September 2023.

(b) Energy consumption: 29th of September 2023.

Fig. 3. Farm I: Energy consumption during the development period.

by combining the usage of the total energy production and the dual tariff
system, the farm could further reduce the energy bills to a maximum of
41 % by self-consuming the total produced energy and also moving the
remaining loads from the peak to the off-peak period.

The inefficient energy management on the farm is evident in Fig. 3,
where flexible loads are not actively controlled in order to maximise the
self-consumption and/or exploit the dual tariff system. For example, it
can be seen from Fig. 3(a), that during the 26th of September 2023, the
biomass facility was used in the early morning and late afternoon, i.e.,
outside the high solar production period, resulting in significant imports
from the grid, while at the same time energy that could have been used
within the farm was exported to the grid. A similar practice is observed
in Fig. 3(b), where during the 29th of September 2023 the biomass fa-
cility was operated in the evening hours after the solar production, and
therefore a significant amount of energy was imported from the grid,
while excessive energy was exported during the solar hours.

2.2. Energy intensive activities disaggregation

Sub-metering equipment, which can be used to monitor individual
loads, is rarely installed on farms due to installation costs, the intru-
siveness of the installation procedure, and the complexity of installing
meters in farming equipment. On the other hand, utility smart me-
ters, which collect power readings in 30-min intervals, are commonly
available in agricultural settings [28]. Therefore, the applicability and
scalability of the proposed methodology through NILM were explored,
given the envisaged absence of sub-metering devices.

2.2.1. Deep learning-based NILM models

The energy-intensive activities of the farm that were identified —
and correspond to over 70 % of the total energy consumption of the farm
— were disaggregated using the sequence-to-subsequence (seq2subseq)
and WaveNet approaches. These two NILM algorithms were selected
for their consistent robustness and accuracy across diverse datasets, as
well as their publicly available code [10], ensuring reproducibility. The
seq2subseq model is a trade-off between popular seq2seq and seq2point
models, with a conditional generative adversarial network for designing
the loss function [29]. The seq2subseq model was demonstrated to have
consistently good performance in transferability and generalisability
tests [30], and three-phase load disaggregation [27,31], with robust-
ness shown across different datasets. The WaveNet architecture, which
is a variant of a CNN architecture with dilated convolutional layers, was
shown to outperform popular LSTM and RNN approaches for the NILM
problem in [32] in terms of performance and complexity. The WaveNet
implementation of [32] was then shown to perform well in an initial

study of the disaggregation of some dairy farming activities in [14],
and later shown to work well within an active learning NILM frame-
work [33]. The two algorithms were benchmarked against each other
due to their proven high disaggregation accuracy, their ability to trans-
fer knowledge across different datasets, and their different approaches
in load disaggregation. We use similar settings for the seq2subseq and
WaveNet approaches as in [27,31] and [14], respectively — where sen-
sitivity analysis on the hyperparameters of the seq2subseq and WaveNet
approaches has been performed, including the selection of batch sizes,
input and output sequences, window sizes and the number of genera-
tor and discriminator layers based on the granularity of the dataset —
and only report the adjustments made in this article. Specifically, for
the seq2subseq method, given a time window of length w, the algorithm
targets a time window with a length of £, and for WaveNet, given the
same time-window, the algorithm targets the middle point of the time
window. The time window was selected so that the activation period
of each equipment is contained within the duration of the window. It
is expected that as seq2subseq targets half of the time window, it will
converge faster — i.e., reduced computational costs — but with reduced
accuracy, whereas the WaveNet seq2point model that targets only one
point, although converging slower — i.e., higher computational costs —
will achieve higher accuracy. As the two approaches are based on super-
vised learning, FIELD dataset [34] has been used for training purposes
for both networks (see Section 3.1.1). Both aggregated and submetered
readings were downsampled to the new frequencies with training sets
generated from the open dataset and testing sets generated from the
monitored sites.

2.2.2. Networks’ adaptation and post-processing

Although transfer learning has been highlighted [35] as a viable ap-
proach for at-scale load disaggregation, in [14] it was concluded that
due to largely non-standardised and distinct nominal power levels across
dairy equipment, transfer learning was performing poorly at the dis-
aggregation problem. This was also evident in [30], where although
through transfer learning for EV loads with different characteristics were
accurately classified, discrepancies across power levels and duration of
events in the training and testing sets resulted in under- and/or over-
estimation of the actual energy consumption when using regression
approaches. In order to mitigate this issue and enable transfer learn-
ing across farms with similar dairy equipment but with varying load
signatures, the following adaptations are proposed.

1. The loss function for both networks is changed from the commonly
used Mean Absolute Error (MAE), used in generic regression
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problems, to the NILM-specific metric Match Rate (MR). MR mea-
sures the overlap between true and estimated energy values. It
ranges from O to 1, with values closer to 1 indicating a strong
correlation between the two, while values closer to 0 suggest a
weak match. A match rate of 0 occurs only when both true and
estimated energy values are 0. Among the different metrics sum-
marised in [36], MR exhibited the best overall performance in the
NILM-specific problem.

2. Asitwas already stated, transfer learning across similar equipment
but with different nominal power levels, shows good performance
on the classification problem, i.e., identifying the activation pe-
riod, but rather poorly in the regression problem as the energy
consumption is either under- and/or over-estimated. To mitigate
this effect, the nominal power level (Priom) of individual loads (i)
collected through the qualitative survey and the nominal power
level (P! ) of the equipment (i) in the training set were used to

nhom
estimate the ratio:

A = _tom 6))

The output of the regressor (P(jm(t)) for each load i was then
multiplied by the factor A. The resulting timeseries were then ad-
justed so that P! (1) = min{AX P! (1), P, (1)}, where P, (t) is the
aggregate power at time 7.

The submetered data streams collected across the three farms were
used as a benchmark for the proposed methodology. Furthermore, the
disaggregation performance when using transfer learning was bench-
marked against training and testing on the same site.

2.2.3. Three-phase vs. single-phase NILM

By exploiting the three-phase sub-metering data available and the
symmetry of the loads, for each of the two adopted models, two disag-
gregation approaches were followed: (i) the energy-intensive activities
are disaggregated through the aggregated three-phase signal; and (ii) the
disaggregation is performed on each phase separately. Although the sec-
ond approach requires the disaggregation of three data streams instead
of one, it is expected that the disaggregation accuracy will be higher [31]
with only a slight increase in the computational time.? In the latter
approach, i.e., using each phase separately, a post-processing step was
followed where non-simultaneous activations of three-phase loads were
discarded as false positives (considering that all disaggregated loads are
symmetrical).

2.3. Production estimation

As described in Section 2.1, solar generation was monitored at the
testing site and used as a benchmark for the production estimation. In
order to create a day-ahead load scheduler and optimiser, the next day’s
granular solar generation was estimated in 30-min intervals based on
the availability of granular 30-min weather data. Forecasted weather
data obtained through the MetOffice API [37] were used for solar en-
ergy generation modelling. The following parameters were used: (i)
temperature, (ii) relative humidity, and (iii) the direct and diffuse so-
lar irradiance. The PV estimation was based on the analysis in [38] and
used the parameters from [39].

2.4. Load scheduler

The load scheduler is based on a day-ahead optimiser of the time-of-
use of energy-intensive day-to-day equipment in a dairy farm that was
considered flexible based on the qualitative data. The optimiser takes

2 Please note that the same model is used in all three phases, so no additional
training time is required in the second approach but rather only testing on three
time-series.
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into account the quantitative targets and constraints, i.e., the available
renewable energy production, the flexibility analysis of the disaggre-
gated activities, the electricity costs and the estimated carbon footprint
for the day ahead, and outputs the optimal time to start a particular
activity. Note that the intensity of activities (e.g., the number of cows
milked) is not optimised, and was considered fixed, which is a practical
constraint from the qualitative study.

The identification of the target and constraints was co-created with
the farmers. First, during an online meeting, the farmers set out their
requirements, including their farms’ operations, milking activities, and
legal requirements. This informed the creation of qualitative and energy-
consuming load surveys, which were filled out by the researchers
through semi-structured in-depth interviews with a tour of the premises
of each of the farms. During the interviews, detailed explanations of the
different farm activities were expanded upon, with the farmers guiding
the researchers through the different premises of the farm, explaining
the activation times of each appliance and the load monitoring set-up of
each equipment. Detailed manufacturers’ specifications of each equip-
ment were collected for the loads surveyed. Additionally, different levels
of flexibility on a per-activity basis based on the farms’ requirements
were uncovered during the interviews, considering the farming activi-
ties and the equipment limitations. This was written up and confirmed
with the farmers through follow-up online meetings, as the team collec-
tively formulated the targets and constraints of the study to maximise
the impact of the outputs. The targets and constraints were then vali-
dated through triangulation with the quantitative metering data, with
another round of feedback obtained from the farmers to cross-validate
the quantitative analysis. An iterative process that involved regular on-
line touchpoints between the researchers and the farmers was followed
to further refine the targets and constraints as identified through the
processing of the metering data. The process initially involved manual
adjustment of individual loads to ensure the flexibility of each activity
identified in the survey as possible to shift in time.

2.4.1. Carbon footprint forecasting via Prophet model

To predict the emitted carbon footprint of the dairy activities and
explore the potential of reducing the carbon intensity through load shift-
ing, the granular (30-min) regional carbon footprint as collected through
the National Energy System Operator [40] was used. Data were col-
lected for a period from June 2018 (introduction of the carbon intensity
API) until the end of the monitoring period of the study (September
2024). The regional carbon footprint for the South of Scotland region
is presented in Fig. 4. As can be observed, the carbon footprint varies
throughout the day and, more importantly, during the off-peak period
when consumers are incentivised to move their flexible loads. As the
carbon footprint is not available for the day-ahead, a short-term 24-
hour forecasting was performed. The enhanced DL NeuralProphet [41]

~ Half-hourly regional carbon footprint
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Fig. 4. South Scotland regional granular carbon footprint over the monitored
period. The off-peak tariff period is shaded green.
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based on the Prophet model [42] was used. The Prophet model was
chosen due to its thorough documentation and ease of reproducibility,
its broad applicability, and, importantly, its capability to decompose sig-
nals into trend, seasonality, and holiday components, thereby enhancing
forecasting performance. Indeed, it was recently applied to day-ahead
solar irradiance forecasting for these same reasons [43]. It was adapted
in this work as follows. The linear trend with changepoints was used
for the trend factor with automatic changepoint selections to reflect the
changes that occur due to different units contributing to the generation
mixture of the grid. The seasonality component was tuned to model the
daily, weekly and monthly patterns that affect electricity consumption.
This was done by selecting the additive seasonality component. Lastly,
bank holidays observed in the UK were also used as input to “holidays”
component, as during these periods abnormal energy consumption and
thus carbon footprint occur. More specifically, all occurrences of each
holiday, both in the past (since 1st of June 2018) and in the future (up
to and including September 2024), were input as a single dataframe to
the model. Lower and upper windows (i.e., the period before and after
a holiday, such as Christmas Eve) of each holiday were included as pa-
rameters to the model in order to better model the effect of the days
before and after a bank holiday.

2.4.2. Multi-objective optimisation

The load scheduler works through Multi-Objective Optimisation,
where two objective functions are optimised simultaneously: (i) the to-
tal utility cost for the farm and (ii) the total carbon footprint for the
farm. The objective function presented in this subsection can be used
interchangeably for both the utility cost and the carbon footprint if the
latter is considered as a cost.

The total cost (in terms of utility or carbon footprint) for the farm is
given by:

tVl

c=y (E,.,np(r) X Chp (0) = | Eppl0) X c;'xp(z)D @
1=t

where i is either the utility cost or carbon intensity of the grid, ¢, is
the start time, ¢, is the end time, C,."mp(t) is the import cost (utility or
carbon) at time ¢, Céx p(t) is the export cost (utility or carbon) at time
t. Utility import and export cost is the import and export tariff at time
t. The carbon import cost is the regional granular 30-min generation
carbon footprint of each kWh consumed, and the carbon export cost is
the difference between the generation carbon footprint at time ¢ and the
carbon footprint of each kWh produced from the local energy sources.
In the case of PV panels, we assume that the carbon footprint is zero.
E;,p (1) and E,,, ) are the energy import and export at time 7, given,
respectively, by:

E,p(t) = max{0, E, (1) — E, (1)} ®)

E,,(1) = min{0, E,(t) — E,(1)}. “4)

In the above equation, the energy production E, () at ¢, is calculated
by:

m m t
E, () = ; EP(t) = ; /,m PP()dt (5)

where E’(t) is the energy production of the i-th RES out of the m RES,
and P’(t) is the power sample of the i-th RES at 7 obtained as described
in Section 2.3.

The energy consumption E,(r) at time ¢ is calculated as:

E(t)= B () + ) E(), (6

i=1

where B, (¢) is the base load, i.e., steady state loads that are running
throughout the day at a constant power level and non-flexible loads that
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cannot be shifted throughout the day, E;(¢) is the energy consumption
of the i-th load out of n loads and Pf(?) is the power sample of the i-th
load at . Base load contains all of the loads that were identified during
the qualitative data collection and are either always-on, such as stand-
by power of rotary parlours, or are activities that cannot be shifted, such
as night lights. Qualitative data acquired through the site surveys were
triangulated with the quantitative readings to validate the identified
activities and estimate the magnitude and the consistency of the base
load.

Considering that a load can either have a variable power level profile
or a constant power level profile, the total energy required by appliance
i is given by:

start y_qduration
I’. +t,.

Ef = Z

Pf(r)dx, @
t=7;\'tart 1—At
where At is the sampling interval, /" is the starting time of the ac-
tivity and tf”’ ation js the total duration of the event estimated in the
following way. The starting time was estimated based on the required
time for a process to be completed — as obtained through the quali-
tative survey — and the duration of the activity. For processes that do
not involve heating and/or cooling, t;""“”"" is the time required to com-
plete a specific operation cycle of equipment as obtained through the
semi-structured interviews and validated during the development pe-
riod from the quantitative sub-metering data (see Section 2.1.1). For
heating and/or cooling processes, the duration of the activation of the
heating/cooling elements is estimated through thermodynamic analy-
sis. The total duration of the heating and/or cooling process can be
calculated as:
tduration — Q/3600’

‘ B ®)

where Q is the energy required to increase a substance by 1 degree, given
by: O = mx ¢ X AT [J], where m is the water mass in kg, ¢ = 4184 [JX—Ifg]
is the specific heat capacity of the water and AT = T, — Ty, [K] is
the temperature difference between the start and stop states of the water
heating/cooling process, and Py is given as: P x COP, where P is a con-
stant heating/cooling element with a power level of P [W], and COP is
the coefficient of performance as obtained through the qualitative sur-
vey and the manufacturers’ specifications; with COP = 1 for standard
resistive heating elements or greater than 1 for heat pumps/compressors.
Therefore, the total duration can be estimated as:

c
— X AT
t;iuration — mX 3600 x 9)

P xCOP

2.4.3. Optimisation through exhaustive search

In summary, under farming equipment power constraints, and based
on the variable — peak/off-peak — import energy tariff, the pro-
posed optimisation aims to minimise the joint utility and carbon cost
(see Eq. 2). The mixed-integer non-linear multi-objective minimisation
problem can be written as:

min[/ {Cmimy(tszart)’ Ccarbon(txmrr)} (10)
where C*i1it¥(z ) and C*4bon (¢, ) are given by Eq. (2), over all possible
combinations of start times, such that:

lower,start,
J

upper,start o,
J

e < Vi€l k) an

where """ and { are, respectively, the earliest and lat-
est possible start of the j-th out of k flexible activities to be completed
within the required time window, as obtained through the qualitative
constraints.

The mixed-integer non-linear optimisation problem was solved us-
ing an exhaustive search method to avoid obtaining suboptimal results

upper,start,qq
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due to entrapment in local optima. The selection of an exhaustive search
was preferred over other heuristic and meta-heuristic approaches — that
cannot guarantee a global optimum solution — to isolate and assess the
effect of the disaggregation accuracy on the load scheduler. The num-
ber of possible combinations of the optimisation approach is capped by
Eq. (12) as:

Cy <k, (12)

where n is the total number of possible time slots for the start of each
activity, which is capped by the granularity of the PV production estima-
tion, here 30-min, i.e., 48 time slots for an activity that can happen any
time during the day, and the total number of flexible loads (k), in the
case of Farms I and III, three (water heaters, fans, and boilers) whereas
for Farm II, two (chiller and water heaters). The number of time slots
n is further dynamically constrained on a day-to-day basis by Eq. (11)
that dictates the earliest and latest possible start time (e.g., loads that
are related to activities that happen evenly twice a day, such as milking,
can be shifted by up to 12 hours).

3. Results

In this section, we first present the results of energy disaggrega-
tion comparing the two different NILM approaches as discussed in
Section 2.2, and then present our results obtained via the proposed load
scheduler, described in Section 2.4.

3.1. Load disaggregation of energy-intensive equipment

3.1.1. Experimental setup

The parameters used for the seq2subseq model were selected as
in [31]. The parameters selected for the WaveNet model were the same
as the default model parameters in [32]. More specifically, the input
and output sequences were 127, 32 skip channels were used, and the
batch size was equal to 128. The training was performed with 300,000
iterations using a decaying learning rate. Both networks were adapted
as discussed in Section 2.2.2. The default loss function of MAE was
changed to the NILM-specific MR (see Eq. 13 and the discussion after-
wards) for both WaveNet and seq2subseq networks. Further to that, a
post-processing step to mitigate over- and/or under-estimation of energy
usage was performed (see Section 2.2.2).

Table 1
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A mixture of farms available in the FIELD dataset [34] was used
for the disaggregation of the energy-intensive activities by label match-
ing the submetered equipment based on qualitative findings from the
co-creation approach and quantitative analysis of the load signal, as
summarised in Table 1. The FIELD dataset [34] contains aggregate
and sub-metered power readings from three-phase dairy farms across
Germany, with over 70 submetered equipment monitored on a high-
frequency (1-sec) basis. A subset of the farms and the monitored
equipment were selected based on matching activities observed in the
monitored farm/testing site.

To evaluate the proposed post-processing for NILM when training
on data from farms with different equipment load profile magnitudes
and durations, we also include results when the models are trained on
the sub-metered data from the three test farms. The period between the
15th of September 2023 and the 9th of October 2023 was used for train-
ing, whereas the rest of the dataset was used for testing and validation
purposes.

For each of the two approaches, disaggregation was performed both
on the per-phase (¢) signal as well as on the aggregate signal (agg).
Data of different granularities have been used to test the effect of the
disaggregation accuracy on the load optimiser. Specifically, six differ-
ent levels of granularities were used for the disaggregation of the main
consumers of the farm: low-frequency streams with samples every 1 s,
10 s and 1 min data and very low-frequency streams with samples every
5, 10, and 30 min. The data streams in all frequency levels contained
both the aggregated and the per-phase power signal. As the collected
data streams from the testing site and the data streams available from
the public dataset were sampled in 1-second intervals, both aggregated
readings and submetered readings were down-sampled to the selected
granularity.

3.1.2. Performance measures
Accuracy of the disaggregation was measured using the NILM-
specific metric MR:

Z;T=| min{Er, E,}

Z,:] max{k,, E,}

a3

where E, and E, are the estimated and actual values of energy samples
at time 1, respectively, and T is the total monitoring period. Compared

FIELD data comparison with test farms. ID refers to the farm ID in the FIELD dataset.

Farm Yearly imports Yearly exports

Testing equipment

Training equipment: FIELD Id

Vacuum pump
Calf house ventilation

Compressors
Water heaters & boilers

Compressor: 18

Heavy duty cleaner: 3
Water treatment: 21
Vacuum pumps: 18, 23
Ventilation: 5

Fan cowshed: 4

Fan 1-4: 11

Fan barn: 23
Ventilation 1-2: 27, 28

I 40 MWh 15 MWh
1I 82.5 MWh 11.5 MWh
111 150 MWh 3.5 MWh

Chiller
Water heaters

Vacuum pumps
Compressors

Water heaters

Vacuum pumps
Calf house ventilation

Water pumps

Compressor: 18
Heavy duty cleaner: 3
Water treatment: 21
Vacuum pump: 18, 23
Compressor: 18
Heavy duty cleaner: 3
Water treatment: 21
Vacuum pump: 18, 23
Ventilation: 5

Fan cowshed: 4

Fan 1-4: 11

Fan barn: 23
Ventilation 1-2: 27, 28
Water pump: 21
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to commonly used metrics for estimation of the accuracy of regression
problems, such as MAE and RMSE, M R has been demonstrated to better
depict the disaggregation accuracy of NILM algorithms [30].

The speed performance of the two networks has also been explored
by comparing the two networks when training and testing on the same
machine under the same load. The machine was equipped with an Intel
i9-10900X processor, 32GB RAM and an NVIDIA GeForce RTX 3080
12GB graphics card.
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3.1.3. Disaggregation results

The results obtained through the disaggregation of the energy inten-
sive equipment (as described in Section 2.1) of the farms are presented
in Figs. 5-7 for Farms I-III, respectively. Disaggregation across the three
testing sites follows a similar pattern (demonstrating good transferabil-
ity performance across all three settings). It is worth noting that accuracy
is higher in Farm I (smaller farm), which can be attributed to the lower
signal noise from other energy activities in the farm. On the other hand,
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Fig. 5. Farm I: Load disaggregation of dairy equipment.
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Chiller disaggregation
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Water heaters disaggregation
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Fig. 6. Farm II: Load disaggregation of dairy equipment.

Farm II demonstrates the lowest disaggregation accuracy, but with all
methods converging to relatively close values. The worst performance
at Farm II was the result of the seasonal operation of the farm, which
resulted in multiple false positives of the milking equipment (chillers,
water heaters, and vacuum pumps) during the shutdown period. These
false positives were caused by other aperiodic activities occurring on the
farm. Lastly, the large-scale Farm III demonstrates similar performance
patterns with Farm I regarding the disaggregation accuracy, though
being lower by an average of 5 %.

As expected, it can be observed that the Wavenet network outper-
formed the seq2subseq model in most scenarios for all the farming
equipment. Furthermore, disaggregation on a per-phase basis improved
the disaggregation accuracy due to the reduced false positives that
occurred, based on the proposed mitigation strategy as discussed in
Section 2.2.

The effect of the data granularity is evident across all the dairy
equipment, with boilers (see Fig. 5(e)) and fans (see Figs. 5(d)
& 7(d)) being the most susceptible to reduced disaggregation accu-
racy. This can be attributed to the more sparse and aperiodic activa-
tion of the boilers and fans (running on demand and under different
profiles).

Lastly, in both disaggregation approaches, i.e., transfer and non-
transfer learning, the disaggregation accuracy deviates from ~ 2 %
to ~ 5 %, and therefore, non-intrusive load monitoring, where only
the aggregate is monitored, is a viable, practical, cheaper method that
preserves privacy.

10

3.1.4. Complexity analysis

The training and testing time of the two networks was compared,
and the results under all tested scenarios are presented in Fig. 8. ASpeed
was estimated by comparing the sum of the training and testing time for
the two different networks as described in Section 2.2.1 using the same
resources (see Section 3.1.2). It can be estimated as:
ijk
s2s

ij.k
s2p

ASpeed’/k = 14

TS
where T A'szk and T:; * are the average sum of the training and testing
time for seq2subseq and seq2point (WaveNet) networks, respectively.
i is the group of equipment (i.e., compressors, water heaters, vacuum
pumps, fans, boilers), j is either aggregate (agg) or per phase signal (¢),
and k is the granularity that ranges from 1 s to 30 min.

Though for low frequency (1-sec) data, the seq2subseq outperforms
Wavenet in terms of speed by approx. 30 %-35 %, this is substantially
increased for lower frequency data, with seq2subseq model being as
much as 60 % faster under a 30-min data scenario. Across the differ-
ent appliances, there is a slight variation in terms of speed that can be
attributed to the number of activations and the time that the network
takes to converge. In summary, the Wavenet network shows higher MR
than the seq2subseq network, but at the cost of considerably higher com-
putational time. Hence, by combining Figs. 5-8, the trade-off between
disaggregation accuracy, the network selection (complexity) and data
granularity can be derived.
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Compressors disaggregation

100 T
—6—seq2subseq: no transfer (¢)
— © —seq2subseq: no transfer (agg)
90 !' —— Wavenet: no transfer (¢) N
& \;\ B — % —Wavenet: no transfer (agg)
< TSI
S g0t S -
2 RS
& T
5 Tl e
2 70t —
= ~e—
—6—seq2subseq: transfer (¢)
60r [-e —seq2subseq: transfer (agg) T
—*— Wavenet: transfer (¢)
— * - Wavenet: transfer (agg)
50 ! ! ! !
1 sec 10 sec 1 min 5 min 15 min 30 min
Granularity
(a) Compressor
100 Vacuum pumps disaggregation
—6—seq2subseq: no transfer (¢)
— © —seq2subseq: no transfer (agg)
90 —*— Wavenet: no transfer (¢) N
lt SO — % —Wavenet: no transfer (agg)
< =====
i 80 -
2
IS
~’
S
s 701
=
—6—seq2subseq: transfer (¢)
60r [-e —seq2subseq: transfer (agg) T
—*— Wavenet: transfer (¢)
— * - Wavenet: transfer (agg)
50 ! ! ! !
1 sec 10 sec 1 min 5 min 15 min 30 min
Granularity

(¢) Vacuum pumps

Applied Energy 398 (2025) 126456

Water heaters disaggregation
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Fig. 7. Farm III: Load disaggregation of dairy equipment.

3.2. Load scheduling

The load scheduler’s results obtained following the methodology pre-
sented in Section 2.4 based on the exhaustive search multi-objective
optimiser that prioritises the minimisation of the total cost (see Eq. 2),
across the three farms over the 12 months testing period are presented in
Fig. 9. Various disaggregation scenarios are considered, with the incor-
poration of the day-ahead renewable and the day-ahead carbon footprint
estimation as discussed in Sections 2.3 & 2.4.1.
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As expected, the optimiser’s performance is the best (the highest en-
ergy cost reduction) when using a non-transfer learning scenario and
with higher granularity data. It is worth noting that the calculated
maximum possible energy bill reduction for Farm I was 41 % (by self-
consuming all produced energy and also moving the remaining loads
from the peak to the off-peak period), which is slightly higher than the
proposed system’s cost reduction of up to 37.5 % through load disaggre-
gation when training and testing on the same site (i.e., a rate of ~ 91.5 %)
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Fig. 9. Year over year electricity cost reduction compared to the pre-study consumption shown in Table 1 across the three farms.

on a low-frequency 1-sec scenario (baseline scenario). The divergence all activities can be shifted to either nighttime or a flexible activity may
between the theoretically maximum possible savings and the savings last longer than the off-peak period; (ii) the day ahead solar production
with the proposed optimiser can be attributed to the following: (i) not estimation as described in Section 2.3 is not 100 % accurate; (iii) the
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Fig. 10. Year over year carbon footprint reduction compared to the pre-study carbon footprint across the three farms.

renewable estimation is based on 30-min forecasted weather data so the
optimiser and the start points of each activity are limited by the solar
estimation granularity.

Furthermore, the optimiser is less efficient with lower frequency
data and in the transfer learning scenario; e.g., a bill reduction in the
range of 30.5 %-32 % for 30-min data (i.e., 81.3 %-85.3 % com-
pared to the baseline scenario). The divergence between the transfer
and no-transfer scenarios is expected due to the non-equal accuracy
of disaggregation of individual loads (~ 75 % compared to ~ 95 %)
which affects accuracy of the estimation of the expected actual en-
ergy consumption, and hence the duration and the starting point of the
activity.

The carbon footprint optimisation was more robust to data gran-
ularity across all three farms, with the reduction across all simulated
scenarios for Farm I varying only slightly in the range of 28.4 %-30.1 %
for low and high granular scenarios. The effects of the different dis-
aggregation approaches on carbon footprint reduction under different
granularities are summarised in Fig. 10.

As can be observed from Figs. 9 & 10 in Farm II, the optimiser per-
formance was significantly reduced compared to Farm I. This can be
attributed to the following: (i) there are fewer flexible loads present
in the farm; (ii) the farm is shutting down during autumn and winter
with limited activity taking place; therefore the energy produced during
that period cannot be self- consumed; and (iii) the disaggregation per-
formance (see Figs. 6 & 10(b)) is poorer. Farm II also achieved lower
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carbon savings in the range of 12.9 %-14.8 %. On the other hand, Farm
111, although significantly larger with a more complex energy profile that
affected disaggregation performance (see Figs. 7 & 10(c)), achieved sav-
ings in line with Farm I, with the lower cost savings driven mainly by
the reduced renewable energy availability surplus. The savings in carbon
ranged from 20.1 % to 21.7 %.

More importantly, the performance of the optimiser in reducing
the carbon footprint of the farm is affected to a lesser extent when
the NILM-enabled solution with 30-min data is used instead of sub-
metering for Farm I. Though the optimiser’s performance in the lower
frequency scenarios is reduced, the magnitude of error due to disag-
gregation was mitigated while being propagated through the optimiser.
More specifically, the optimiser using 1-sec data and dedicated subme-
tering, achieved on Farm I on average 37.5 % bill reduction, whereas
when using 30-min data with no submetering under a transfer scenario
the achieved savings were on average 32 %, i.e., a ratio of 85.3 %
in utility cost savings when comparing the two data granularities. By
comparing the performance of the cost optimiser (85.3 %) to the disag-
gregation accuracy — which for 30-min data was on average 75 % —
it can be deduced that the optimiser is not linearly affected by the dis-
aggregation accuracy. Furthermore, the performance of the optimiser in
reducing the carbon footprint of the farm is affected to a lesser extent as
when comparing the use of 30-min data to submetering for Farm I, the
performance was 94.3 %. Therefore, it can be concluded that even with
suboptimal disaggregation performance the optimiser is able to achieve
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Fig. 11. Representative ante and post load profiles across the three farms.

similar utility costs and carbon savings when compared with a highly
granular submetered scenario.

A sample of representative ante- and post-scheduling load profiles
of the three farms included in the testing set is shown in Fig. 11. In
all three farms, load scheduling increases self-consumption and reduces
imports during peak hours by moving flexible loads to non-peak hours
(01:00-06:00). Comparing the three farms, Farm I benefits the most
from the load scheduler due to the presence of multiple flexible loads.
Farms II & III, although both operating a rotary parlour, do not benefit
equally from load scheduling. This can be partly attributed to the dif-
ferent equipment (chillers instead of compressors) available on the two
farms and to the different farming practices (lack of calf house venti-
lation). As can be observed in Farm II, there is a prominent morning
milking round (05:00-08:00), whereas the second afternoon milking
round (15:00-18:00) is less intense compared to Farm III.

In all scenarios, the disaggregation on a per-phase basis instead of
the aggregate of the three phases achieved improved cost savings in
the range of 0.1 %-2 % and improved carbon savings in the range of
0.1 %-0.8 %. It is worth noting that due to the lower variability of the
carbon footprint (see Fig. 4) compared to the electricity prices, the cost
reduction is proportionally higher compared to the carbon reduction
across all three farms, but the carbon reduction is more immune to
different granularities and disaggregation models.

4, Discussion

Fig. 12 summarises the results of the load optimiser for the per-phase
disaggregation scenarios of Farm I. The following conclusions can be
made:

Through the proposed system, a capital intensive approach that
involves the installation of specialised per-phase submetering equip-
ment with sampling rates of 1 s that requires no disaggregation, can
achieve utility bill savings of ~ 37 %, i.e., achieving 92 % savings
compared to the theoretical maximum of ~ 41 % while at the same
time achieving carbon footprint reduction from electricity usage of
up to 30.1 %.

Approaches that involve the installation of specialised per phase
metering equipment that only collect 1-second readings of the ag-
gregated consumption (and therefore reduce the intrusiveness and
the capital intensity of the approach) and through transfer learn-
ing achieved almost identical performance with utility bill savings
of ~ 36 %, i.e., achieving 87 % savings compared to the theoretical
maximum and carbon savings of 29.9 %.

Similar savings were achieved when specialised per-phase submeter-
ing equipment with sampling rates of 30 min was installed.

Lastly, approaches that do not require capital investment, i.e.,
through the usage of the available 30-min aggregated smart me-
tering infrastructure and disaggregation through transfer learning,
can achieve utility bill savings of ~ 33 %, i.e., achieving 80 % sav-
ings compared to the theoretical maximum and reduction in carbon
footprint of 28.4 %.

5. Conclusion

A NILM-enabled load scheduling and energy management methodol-
ogy for improved handling of available renewable energy in dairy farms
was presented, taking into account the constraints of causality and time
of use of farming activities. The novelty lies in the holistic approach of
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Fig. 12. Trade-off between data granularity, load sub-metering and cost.

the various sub-systems, including highly granular solar production and
grid-mix based carbon footprint forecasting, which was co-created with
stakeholders to define context and therefore resulted in a comprehen-
sive study keeping all stakeholders in the loop. Furthermore, novelty
lies in the proposed NILM approach that can adapt to the heterogeneity
of farm equipment load signatures and labelling, which is currently lack-
ing in the NILM literature. The proposed methodology was benchmarked
against the ideal capital-intensive approach, where specialised, intrusive
monitoring equipment is installed in farms, demonstrating that utility is
preserved during load scheduling via the NILM-enabled approach at up
to 30 min smart aggregate granularity.

Although in this research, the performance of a NILM-enabled co-
created load-scheduling system using transfer learning, very-low fre-
quency utility smart metering infrastructure, and granular regional
forecasted carbon footprint data was proposed, and tested across three
farms, individual system components were not optimised in terms of
computational performance. Further research should be performed to-
wards optimising and adapting each subsystem to different agricultural
environments, including different dairy settings, such as confined dairy
houses, as well as in settings with diverse renewables penetration, in-
cluding wind, anaerobic digestion, and hydro. In principle, different
renewables can be integrated in a dairy setting; the diverse generation
profiles of different RES, as well as the erratic nature of others that
are directly related to physical phenomena, should further be explored.
Exhaustive search was introduced in the framework in order to assess
and quantify the effect of NILM on load scheduling for the agricultural
sector, isolated from the performance of other components. Although
this approach enables the assessment of NILM, it may not be practical
in more complex systems with more loads or states, as the number of
possible combinations increases exponentially. Therefore, heuristic and
metaheuristic approaches such as particle swarm optimisation could be
explored as a more viable and scalable solution. Lastly, different milking
technologies that exhibit different power profiles should be explored, in-
cluding voluntary milking, where milking is largely a stochastic process
as cows decide the time and the duration of the extraction cycle.
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