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Abstract

The dissertation presented contributes to research in residential load forecasting
using machine-learning (ML) models to optimise energy management within grid-
interactive efficient buildings (GEB) and addresses the challenge of implementing
forecasting models for practical applications.

The use of accurate load forecasting ML models has been shown to extend and im-
prove the field of energy management towards the resource coordination of GEB.
Developing these models is a time-, data- and compute-intensive process that re-
quires selection and tuning of various design parameters. In practice however this
has costs and limitations: collection and storage of real-time data, measurement
device costs and finite compute power. To simplify model development and reduce
these costs, this dissertation investigates to what extent the relationships between
model parameters and performance can inform ML design decisions.

In the research presented, 3 experiments are performed to investigate the relation-
ships between training data size, prediction horizon length and data resolution and
their impact on the predictive model fidelity. Several prediction models are devel-
oped using various parameter settings. The accuracy and compute intensity are
measured to evaluate the influence of each parameter on the model performance.
A dataset of 3 years and 11 months of residential power consumption measure-
ments at a one-minute resolution is used as the load profile for this investigation.
For this load profile it is found that increasing training data size increases compute
time linearly, with an exponential decay in model prediction error. This results in
a maximum, resource-efficient training data size of 450 days. In addition, the effec-
tive prediction (i.e prediction models with R? scores greater than 0) horizon length
is found to be 3 hours. At this length the load profile is suited for short-term load
forecast applications such as distributed energy resource (DER) and real-time pric-
ing (RTP) management. Furthermore, models trained on low-resolution data (up
to 30 minutes) can achieve comparable performance to higher-resolution models
with at least 3 additional months of training data. The findings of this investiga-
tion therefore represent a contribution towards the development of a ML design
tool for more efficient design parameter tuning considering practical load forecast-
ing conditions. This shows potential to enable more efficient implementations of

load forecasting systems for GEB environments.
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CHAPTER 1

Introduction

The global demand for electrical energy is on the rise and is expected to continue
increasing, with an average increase of 3.2% predicted for the period of 2024-2025
[1]. Approximately 27% of the global energy demand is attributed to consumption
in the residential sector: water heating, thermal comfort, cooking and lighting [2].
Several factors contribute to the sustained growth of residential energy demand
including increasing population size, climate change and urbanisation.

The residential sector represents millions of flexible loads that can be more ef-
fectively managed to improve efficiency and reduce energy consumption. Gov-
ernments and utilities employ various demand-side management (DSM) strategies
such as time-of-use (TOU) tariffs to actively manage consumption by influencing
consumer usage behaviour [3]. Yet, the efficacy of DSM is limited by its reliance
on voluntary consumer participation.

Grid-interactive efficient buildings enable automated participation in energy man-
agement strategies by dynamically shifting household load in response to grid
fluctuations and DSM signals. Furthermore, GEBs can manage interactions be-
tween distributed energy resources (DER) and the grid to minimise consumer
costs and enable the buying and selling of credits through energy trading. The
addition of accurate load demand forecasting would enable GEBs to perform fully
autonomous decision making to manage energy, optimise costs and energy trading
and ensure user comfort.

However, accurately predicting residential load demand is a challenging task due
to its highly stochastic nature. Machine-learning algorithms are a tool commonly

used to perform predictions on time-series data such as residential loads and are
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well suited to forecasting load profile patterns. These algorithms can be used to
produce predictions that are multiple time-steps into the future.

The development of a performant predictive machine-learning model traditionally
involves an iterative, trial-and-error process that requires the selection and tuning
of various parameter values to train and evaluate numerous prediction models.
This can be a time-, data- and compute-intensive procedure. In the practical set-
ting of a GEB home the energy and processing hardware required to complete
an extensive model development cycle could incur large additional costs to the
consumer. In addition the tuning of certain parameters have implications such as

requiring the purchase of data capture devices.

1.1 Problem Statement

It is well established that using more data i.e., data resolution and size, improves
model prediction accuracy and the ability to forecast further ahead [4-7]. In prac-
tice however, there are costs and limitations of model development and parameter
tuning including: real-time collection and storage of load profile measurements,
cost of measurement devices and finite compute power. Therefore it is important
to identify the extent to which additional data is required to achieve performant
model fidelity while balancing the time and resource requirements of real-world
model development. This work investigates predictive model resource trade-offs

to inform model design decisions.

1.2 Approach

This dissertation investigates to what extent the machine-learning model design
process can be simplified by determining generalisable relationships between spe-
cific parameter values and their impact on model performance to inform design
choices. Literature exists on a variety of optimisation techniques for model tun-
ing as well as hyperparameter and data feature selection [8-10]. Yet, there is a

lack of research regarding the practical implications of implementing a real-world
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machine-learning load forecasting model.

For this work a long short-term memory (LSTM) machine-learning algorithm is
used to produce a series of load forecasting models in three experiments each inves-
tigating a specific model design parameter including: training data size, prediction
horizon length and data resolution. For each experiment LSTM prediction models
are trained using a range of values for the particular parameter. The performance
of each model is evaluated using a baseline 24-hour period of load profile data
during the summer solstice for three consecutive years. To determine the relation-
ships between the design parameters and model performance, the model output is

compared against the parameter values used to develop it.

1.3 Research Question and Objectives

Therefore this work aims to address the question: To what extent can the rela-
tionship between machine-learning design parameters and their predictive model
fidelity inform model design choices for practical load profile applications? The

following three objectives are derived from this question:

1. Investigate the relationships between training data size, prediction model

error and compute intensity.

2. Investigate the relationships between prediction horizon length, training data

size, model prediction error and compute intensity.

3. Investigate the relationships between data resolution, training data size, and

prediction model error.

This dissertation is structured as follows:

In Chapter 2 the background and literature review are presented. The global de-
mand for energy and its relationship to growing populations is discussed. Various
DSM strategies to address the energy demand are reviewed. The potential for

GEB homes to improve residential energy efficiency and augment DSM efficacy is
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explored. Lastly, the role of machine-learning and load forecasting in extending

and optimising GEBs functionality is discussed.

Chapter 3 outlines the machine-learning model design and experimental approach

for this work.

In Chapter 4 the results from each of the three experiments are analysed and

discussed.

Chapter 5 summarises the findings and details future work. An evaluation of the
experimental results in relation to the stated research objectives will be used to

conclude on this dissertation.



CHAPTER 2

Background and Literature Review

This chapter provides background information on the current state and outlook of
residential energy demand and management in section 2.1. Various DSM strategies
aimed at reducing residential demand are then detailed in section 2.2. In section
2.3 the role of GEBs in residential energy management and DSM automation is
discussed. Then, section 2.4 examines the role of load forecasting in augmenting
GEB functionality. Furthermore, traditional and machine-learning based load
forecasting methods are introduced and compared in section 2.5. Lastly in section
2.8, the lack of research exploring the requirements of developing machine-learning

models for practical load forecasting applications is discussed.

2.1 Residential Energy Demand

The global demand for electrical energy is on the rise and is expected to continue
increasing. During the period of 2015-2019 the average increase of global electricity
demand was 2.4% [1]. In 2023 this demand rose to 2.6% and is predicted to rise to
an average of 3.2% in the period of 2024-2025. Approximately 27% of global energy
demand is attributed to consumption in the residential sector [2]. This includes
energy used for space heating and cooling, residential appliances, water heating,
cooking and lighting. There are several factors that contribute to the sustained
growth in demand including urbanisation, economic and population growth as well

as the lack of electrification in developing countries.
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2.1.1 Urbanisation

Urbanisation is a driver of increased electrical energy consumption. Evidence from
literature shows that there is a strong correlation between high rates of urbanisa-
tion and the increase in electrical energy consumption in residential buildings.

In an analysis of provincial population data in China, it was shown that for a
1% increase in the population of medium to large cities there was a 1.3% increase
in residential energy consumption [11]. This population increase was attributed
specifically to the migration from rural to urban centres instead of the natural
growth of the present urban population. The degree of energy consumption by
residents was shown to increase with the rate of urbanisation. For an urbanization
rate less than 55%, a 1% increase in the urbanization rate resulted in a 0.09%
increase in the energy consumption of residents. For an urbanization rate greater
than 55%, a 1% increase in urbanization led to a 0.16% increase.

In India, there was a 73% increase in the urban population from 217 to 377 mil-
lion in the period from 1991 to 2011 [12]. In this same period the national energy
demand more than doubled from 320 million tonnes of oil (Mtoe) to 669 Mtoe
despite a low per-capita energy consumption. The residential energy demand for
India is projected to reach 230 Mtoe by 2030.

A consequence of high urbanisation rates is the necessity for increased usage of
space for residential /housing purposes. This enables rapid geographic expansion
of cities for the development of low-density, homogenous, residential housing oth-
erwise known as urban sprawl [13]. The degree of urban sprawl has been linked
to increases in residential energy usage. A sprawl index (SI) is defined by Zhao et
al that relates built-up area growth as a ratio of the population growth [14]. The
authors show that for a higher SI there is an increase in energy use per-capita.
This was demonstrated by comparing the SI of two cities in China for the period of
2001 to 2010. During this period in the city of Chongqging the SI increased to 2.74
and the per-capita energy consumption increased by 192%. For the same period
in Huangzhou the SI increased to 0.61 but experienced an energy consumption

growth rate of only 1%.
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The large-scale migration from rural to urban centres is largely motivated by a
desire for greater economic opportunities as people move from poorer rural ar-
eas to relatively wealthier urban areas with access to better jobs, higher wages
etc [15-17]. Rapid urbanisation is linked to economic growth and an increase in
disposable income for the urban population [18, 19]. An increase in average dis-
posable income is associated with an increase in residential energy consumption.
In a study across 33 provinces in Indonesia from 2010 to 2018, it was estimated
that for every 1% increase in population density there is a 0.77% increase in elec-
tricity consumption [20]. This rise in electrical consumption was attributed to the
increased living standards of the growing Indonesian middle-class and with it an
increase in consumption of appliances for lighting, space cooling, and entertain-
ment.

In [21] Wang et al demonstrate a link between the per-capita disposable income
(PDI) of residents in urbanised China and the change in their residential energy
consumption (REC). For lower levels of PDI residents show a decrease in their
REC. However for residents with PDI above a certain average their REC instead
increases. The increase in REC with PDI is attributed to the shift in economic
status. As the PDI in the Chinese population increases, there is a shift in con-

sumption habits from low-income, to middle and high income populations.

2.2 Residential Energy Management

To account for a growing residential energy demand there exist various strategies
to manage grid usage, shift residential load demand and improve household energy

efficiency.

2.2.1 Demand-side Management

DSM describes several activities and strategies undertaken by electrical utilities,
governments and consumers to efficiently utilise electrical energy by actively man-

aging consumption and the end user behaviour. The general aim of DSM is to
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improve grid stability and performance and reduce energy consumption by moni-
toring and shifting load, either autonomously or by influencing changed behaviour
in the consumer.

DSM can be broadly categorised into 4 main types: energy efficiency, demand
response, dynamic demand and DER management [3]. For DSM, energy effi-
ciency means educating consumers to make more informed decisions so that they
are more likely to purchase or incorporate more energy-efficient high load appli-
ances. Demand response involves methods to change the the load profile shape
such as: reducing the grid load during the peak demand period (peak shaving),
increasing grid load during off-peak periods (valley filling) and shifting grid load
from the peak to off-peak periods (load shifting). Dynamic demand exploits ap-
pliance operating cycles to improve grid power factor. Lastly, DER management
includes management of generation and storage of distributed and renewable en-
ergy sources.

For the utility this improves grid stability by reducing the risk of grid failure from
excessive peak demand, and defers or reduces additional grid expansion investment
by slowing the growth of peak demand [22]. The consumer benefits from reduced
energy costs.

DSM is achieved by monitoring load profile patterns and influencing consumers
to change their consumption behaviour which can be supported by device timers
or autonomous control switches. The implementation of dynamic energy pricing
schedules through TOU tariffs are one of the primary means for utilities to incen-
tivise consumers to modify their consumption behaviour [23]. Additionally, as the
proliferation of DER in residential spaces is becoming more common, DSM has
expanded to include the balancing and integration of variable generation sources

such as rooftop PV with the grid [24].

Dynamic Energy Pricing

As a DSM tool, dynamic energy pricing emphasises the use of tariffs as financial
incentive for consumers to reduce their energy consumption or shift their energy

usage to different periods of the day. These tariffs can be grouped into one of
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two categories: dynamic tariffs and load curtailment. Dynamic tariff schemes are
designed so that electricity is more expensive during periods when higher demand
is expected and cheaper during periods of reduced demand. There are various
types of dynamic tariffs including: time-of-use-pricing (TOU), critical peak pric-
ing (CPP) and real-time pricing (RTP). The aim of this pricing is to incentivise
consumers to modify their energy consumption patterns depending on the time of
day thereby dynamically shaping the load profile.

Under TOU, tariffs are defined for set periods of the day for different seasons
within a specified tariff cycle (e.g. start of the calendar year) and remain static
during that cycle. TOU tariffs can be opt-out, whereby customers are automat-
ically enrolled to the tariff and must actively request to be removed, or opt-in
where customers voluntarily select and participate in the tariff. In general, these
tariffs are structured such that electricity is more expensive during peak demand
periods and cheaper in off-peak periods.

Due to their static nature, TOU tariffs are less reflective of the variations in cost
of the electrical supply as compared to more dynamic tariffs such as RTP. How-
ever, consumers often prefer and are more responsive to simpler tariff structures
[25]. In a meta-analysis of 27 TOU uptake studies Nicolson et al determined that
the use of real-time pricing tariffs correlates with a 13% reduction in tariff uptake
compared to static TOU tariffs. TOU tariffs are simpler than RTP tariffs and
offer less flexible pricing but are also easier for consumers to understand. Yet as
a consequence users are more likely to engage with the simpler TOU tariffs[26].
Grunewald et al demonstrate the trade-off between pricing signal complexity and
consumer messaging [27]. They illustrate a scenario in which the ease of consumer
messaging from static TOU tariffs could result in 4% to 8% savings in energy.
In the context of high-volume wind farms Grunewald et al show that customers
more readily engage with simpler, easier to understand tariffs. In a strong-wind
environment where rapid demand responses to generation are necessary, having
consumers more consistently engage and respond to changes in generation has a
beneficial effect despite less accurate pricing information. Even among a selection

of comparable TOU tariffs, consumers will tend to select the simplest option.
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Where TOU tariffs have been widely implemented their ability to effect reduc-
tions on load demand and provide savings for customers has shown mixed results.
Torrinti et al conducted an analysis of consumption behaviour in Northern Italy
using data from 1446 residential meters over two years [28]. It was found that in
the time following the introduction of an opt-out TOU tariff, average consump-
tion increased by 13.69% while electricity bills decreased by 2.21%. Additionally,
75.6% of substations experienced an increase in electricity demand during peak
periods. According to Torrinti, energy consumption is more susceptible to societal
and daily demands and TOU tariffs alone do not deter from that pattern of usage.
A study of 6957 electricity bills from households in Victoria, Australia showed
that a 1% increase in peak-period prices relative to prices in the off-peak pe-
riod resulted in a 0.2% shift in consumption from peak hours to off-peak hours
[29]. Furthermore it was found that homes of the lower socio-economic consumers
showed no responsiveness to TOU tariffs. Similar findings from by Yunusov et. al.
demonstrates the distributional effects of TOU tariffs [30] . The impact of various
tariffs imposed on smart meter readings from two UK smart meter data sets from
2011-2014 were analysed. Yunusov shows that the benefits of a given TOU tariff
experienced by customers can vary based on their region, household composition
and socio-economic status. They show that for a given tariff, low-income users in
North East England would be the most financially advantaged while in London
the same tariff would be most beneficial to high-income customers. According
to Yunusov static TOU tariffs are unable to reflect variations in regional peak
demands as well as lifestyle, occupancy and working patterns specific to different
groups.

A shortcoming of TOU tariffs is that they do not provide additional incentives to
reduce demand further during periods of elevated peak demand [31]. This is be-
cause they only reflect long-term average expectations of daily peak marginal costs
and cannot account for seasonal changes or situational spikes in load demand [32].
CPP tariffs are designed to augment the static TOU tariff by including dispatch-
able surcharges to existing tariffs during limited periods of severe load demand.

CPP tariffs are time-varying, opt-in tariffs whereby utilities charge higher prices
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during specific, peak periods throughout the year. In exchange customers receive
larger discounts on their electricity usage throughout the rest of the year outside
of these critical periods. The aim of CPP is to more closely align the pay rate
with the cost of producing electricity on the select few, most expensive days of the
year.

CPP tariffs have been shown to achieve significant load reduction during peak pe-
riods. In an analysis of residential customer response to CPP tariffs in California
Herter et. al. found that during 5-hour critical peak periods CPP participants
used up to 13% less energy on average than they did during normal peak periods
[33]. The CPP prices were about three times the price of the applicable peak-time
TOU tariff. Kato et al conducted an experimental CPP trial using homes in the
City of Kitakyushu, Japan [34]. They found that he number of households practis-
ing maximum-saving behaviour as a result of the CPP tariffs increased by between
6.5% and 8.8%. Of the total electrical energy saved during the CPP period of this
trial, 50.4-60.9% was attributed to maximum-saving behaviours of consumers. In
an analysis of 15 different price response experiments conducted in the United
States, France, Australia and Canada, Faruqui et. al. determined that TOU rates
induce a drop in peak demand that ranges between 3 and 6% while CPP tariffs
induce a drop in peak demand that ranges between 13 and 20% [35].

RTP tariffs feature more granular pricing schemes that vary on hourly or even
sub-hourly periods. The price levels are updated by the utility and the changes
are communicated to customers a short period in advance. Compared to static
TOU tariffs, RTPs most closely reflect the continuous, real-time cost of electricity.
RTPs are designed to change with the real-time variations in electricity produc-
tion costs through continuous pricing level and tariff period updates. This enables
consumers to take advantage of price fluctuations throughout the year. For util-
ities RTP allows for dynamic responses to variations in the demand-generation
balance caused by incidental as well as seasonal changes. Consumer consump-
tion behaviour can be shifted and adjusted according to the current generation

environment.
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2.2.2 Distributed Energy Resources

The uptake of distributed energy resources (DER) in residential spaces has risen in
recent years [36]. These include renewable energy sources such as rooftop photo-
voltaic (PV) arrays, residential wind farms, natural gas generators etc. By using
DERs consumers are able to independently produce energy with fewer carbon
emissions and reduce the amount of electricity purchased from the utility /grid.
In the context of DSM the use of DERs enables consumers to more effectively
participate in TOU, especially load curtailment tariffs. These tariffs compensate
customers for reducing their load during peak loading periods. In a case study of
a residential energy hub model for a home incorporating a TOU tariff, Rastegar
et al. show that the inclusion of PV leads to 61% and 65% reduction in daily
and annual tariff costs respectively. They found that if solar panels exist at a
home, operation of appliances shifts to the cheaper tariff hours when it is sunny
and the PV output is at its highest. In addition, a study on the impact of DERs
on selected utility distribution feeders in Colorado, U.S Paudyal et al. found that
electricity costs for residential consumers with PV and battery storage systems
were reduced on average by 20.7% when those DERs were combined with TOU
rates [37].

A barrier to the adoption of residential DER systems is the high investment cost
e.g., solar panels, battery storage and inverters for a PV system [38]. In order to
offset the investment cost and maximize potential cost savings it is necessary to
implement efficient DER coordination and scheduling techniques to take advantage
of TOU and RTP tariffs. Pedrasa et al. implement a particle swarm optimization
tool that determines the optimal choice between simultaneous or individual DER
scheduling by comparing the end-user cost of each approach [39]. They show that
in some cases a simultaneous DER approach can produce increased net benefits,
while for others coordination does not add significant value. Omu et al. create a
mixed integer linear programming (MILP) model to design a DER system to meet
electrify and heating needs for a collection of residential and commercial buildings

while minimising investment and operation costs [40]. In a case study of buildings
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FIGURE 2.1: Outline of grid-interactive building application [42].

located in South England their model produced an optimised DER system that

was found to decrease annual costs by 40% and carbon emissions by 50%.

2.3 Grid-interactive Buildings

Grid-interactive efficient buildings (GEB) incorporate smart devices and internet-
of-things (IOT) technologies to connect, monitor and control devices within a
household while also communicating their energy usage information to electrical
utilities through smart metering [41]. Figure 2.1 illustrates an outline of a GEB
network. Within a GEB household possible future developments could see the au-
tomated management of energy as pricing signals and energy consumption will be
communicated directly between the utility and appliances without requiring ad-
ditional consumer input [41]. Device operation can be automatically coordinated
to shape the residential load profile in response to changing energy consumption,
generation and pricing requirements [43]. This would enable utilities to more effec-
tively implement DSM strategies and allow consumers to more conveniently and
efficiently participate in DSM. Fully automated GEBs are envisioned to partici-
pate in optimised, dynamically shifting load and responding to grid fluctuations

for utility DSM strategies [44]. GEBs with on-site power generation and storage,
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could manage interactions with the grid for buying or selling of credits through

energy markets.

2.3.1 DER Scheduling

In a GEB the scheduling of DER and grid energy usage can be intelligently co-
ordinated to take advantage of dynamic energy pricing. By using DERs during
periods of peak energy costs consumers can minimise grid usage and maximise
savings while still having full access to their devices. Then, during off-peak pe-
riods grid energy can be sourced while the DERs replenish. Traditionally this
scheduling was manually implemented by the consumer but GEB automation can
enable this process to occur automatically and dynamically based on available
DER generation, energy requirements and TOU pricing signals.

Liu et al. developed an action dependent heuristic dynamic programming (ADHPD)
algorithm to optimise the scheduling of a residential PV-battery system under an
RTP tariff that adapts the scheduling strategy based on current weather conditions
[45]. Simulations of their ADHDP system showed 30.7% in savings from reduced
grid energy costs. Pooranian et al. proposed a MILP optimization model for
jointly minimizing electricity costs and carbon emissions by considering consumer
preferences in a smart residential building equipped with a PV-battery system,
composed of 30 smart homes and under two different price tariffs [46]. Their
simulation results demonstrated that the proposed energy management model re-
sulted in lower energy and carbon emission costs and was able to reduce the peak

demand for the building.

2.3.2 Energy Trading

Traditionally electrical energy was consumed unidirectionally: electricity is pro-
duced at the generation side, dispersed through the distribution network and then
ultimately consumed by the end-user. However, with the penetration and im-

provements in residential DER technology, especially PV, residential consumers
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are now able to generate energy in excess of their daily requirements. This surplus
can be utilised to transact with other consumers or sold back to the utility through
the grid, creating potential for residential energy trading [47].

Yet performing effective energy trading is time and computation intensive, requir-
ing constant real-time monitoring of the energy consumption for all household
devices as well as the available energy and rate of DER generation [47]. Fur-
thermore, participating in the energy market would require facilitating numerous
transactions between a multitude of other consumers and DER environments.
The GEB is positioned as an ideal environment for real-time energy trading. The
IOT infrastructure of GEB include the device communication, connectivity and
data processing that would enable continuous DER generation and home con-
sumption monitoring. GEB can autonomously perform buy/sell transactions on
the energy market by directly interfacing with the GEB energy management sys-
tems of other participants.

Nizami et al. proposed a neighbourhood energy management system that miti-
gates the demand peaks and provides electricity bill reduction to the participat-
ing consumers [48]. This optimization model minimizes the energy cost reducing
aggregated demand peaks in the neighbourhood consumption by scheduling the
charge-discharge operation of energy storage units and energy sharing among par-
ticipants. Using a case study for a residential neighbourhood in Sydney, Australia
their simulation results show that the system can effectively reduce neighbourhood
peak demand peaks and participants can receive profits of up to 4$ per day by
trading excess storage energy with neighbours. The feasibility of applying peer-to-
peer (PTP) energy trading to reduce costs for energy consumers and to increase
income for DER producers in a community micro grid was investigated by Long
et al. [49]. They examined the business models of three different PTP market
paradigms and assessed their ability to reduce consumer energy costs and increase
income. It was found that with a moderate level of PV penetration, PTP energy

trading resulted in a reduction of community energy costs by approximately 30%.
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2.4 GEBs And Load Forecasting

The described energy management activities that can be performed within a GEB
are each dependant on some temporal component. For energy trading, like any
market, it is critical to predict future energy supply and demand in order to
optimise transaction returns and minimise surplus household energy [50]. Effective
DER scheduling requires coordinating the limited periods of energy generation
with consumer requirements and the dynamic pricing of TOU and RTP tariffs.
The ability to forecast load would enable more efficient timing and allocation
of DER to meet satisfy consumer needs while also reducing energy costs [51].
Therefore, to fully exploit the dynamic energy management capabilities of GEB
homes the ability to forecast load demand is crucial.

A study by Hassan et al. examines the abilities of three different models to forecast
a building’s energy consumption for a PTP energy trading network [52]. They
showed that forecasting energy demand with accurate results is achievable and
has significant benefits for PTP energy trading, including lower system costs,
reduced losses, and improved reliability of the network. Similarly, Manchalwar
et al. implemented and compared objective PTP energy trading networks using
various integrated short-term load forecasting methods. They found that the total
energy cost in their PTP trading network was reduced by 36.14% with the inclusion
of short-term load forecasting.

Iwafune et al. implemented a PV-battery energy management system using day-
ahead electricity consumption forecasting methods [53]. Ten forecasting methods
were examined using real survey data from 35 households over the period of one
year. Using a multiple linear regression method to forecast consumption and
maximise PV energy usage, they found that the annual energy cost of a simulated
home could be reduced by up to 10%. A long-term power forecasting method is
proposed by Zhao et al. which predicts future power usage to determine optimal
energy storage sizing for a DER [54]. They use a hybrid load forecast model to
predict the net power signal four years ahead based on ten years of historical

power data. An optimization algorithm uses the predicted power is to determine
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an optimal energy storage capacity. From test results on Western Australia power
grid data it was shown that the authors’ proposed forecasting method achieves a
maximum error reduction of about 63.1% compared to traditional methods and

reduced energy storage installation costs by 56.4%.

2.5 Load Forecasting

Electrical load forecasting is the estimation of the magnitude of power demand
for a geographical location over specific periods of time. It has generally been
used by electrical utilities and industries to anticipate future load patterns on the
generation and distribution level. This would enable better informed investment
decisions and planning for future electrical infrastructure as well as minimise the
risk of supply shortages. Load forecasting can be divided into short-term (an hour
to one week), mid-term (a week to one year) and long-term periods (one to ten
years) [55-57]. Charytoniuk proposed a short term forecasting approach that was
able predict the total load of a power utility up to 90 minutes ahead [58]. Ghiassi
et al performed monthly, quarterly and yearly forecasts of the total power sales
of the Taiwan Power Company [59]. Willis et al use regression models to deter-
mine medium-term extrapolations of peak feeder loads within a five-year period
[60]. Cetinkaya used artificial intelligence and mathematical modelling to forecast
energy consumption and peak loads in Turkey over a 20 year period [61].

Electrical load forecasting can be broadly categorised into two methods: paramet-
ric and artificial intelligence methods. Parametric methods use the relationships
between load demand and its determining factors such as geographical location,
population demographics and economic data to form mathematical models of the
load profile [61-63]. The model parameters are then estimated by applying sta-
tistical techniques on electrical load, economic and demographic data. Artificial
intelligence (AI) methods are a more recent load forecasting approach that refers
to a broad set of techniques that leverage machine-learning and deep-learning al-

gorithms to determine the load prediction models [61-63].
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2.5.1 Classical Forecasting

Electrical load forecasting was traditionally performed using statistical methods
and techniques [62-64]. Using linear mathematical processes, these methods re-
quire the forecaster to explicitly identify, define and model the relationships be-
tween the load and the variables that influence its change. Some of the frequently
used techniques include: linear regression, multiple linear regression and autore-
gressive integrated moving-average (ARIMA) models [62-64].

The linear regression method models the functional relationship between the load
demand weather and a single independent influencing factor such as weather con-
ditions, time of day and customer demographic [62, 65]. This method assumes
that the predicted load can be decomposed into a standard load component and
a component that is linearly dependent on the influencing factor. The model is

expressed as:

L(T) = Ln(t) + > a;(T) + e(t) (2.1)

Where Ln(t) is the standard load at time ¢, a; is the estimated varying coefficients,
x;(T) are the independent influencing factors (e.g. weather), e(t) is a white noise
component and n is the number of observations.

Multiple linear regression (MLR) is an extension of the linear regression model that
uses ordinary least squares estimation to determine a linear relationship between
a single dependant variable (i.e. the load) and multiple independent variables (i.e.

load influencing factors). The model is represented as follows:
Y =[Gy + X1+ foXo + B3 X5+ 5n Xy + € (2.2)

Where Y is the load value, X, X5, X3...X,, correspond to n independent explana-
tory variables, (g, 81, (82, 03...0, are the regression coefficients and e the error be-
tween predicted and observed load values.

ARIMA models are a statistical analysis tool that are among the most popular
approaches to forecasting time-series load data [66]. Time-series data are a se-

ries of data points measured at consistent time intervals where each data point
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in the series is dependent on the previous data points i.e. past data points are
explanatory variables for future data points. An ARIMA model is characterized
by 3 terms p, ¢ and d, where p is the order of the AR (auto-regressive) part of the
model term, ¢ is the order of the MA (moving average) term and d is the order of
differencing required to make the time series stationary. The general form of the

ARIMA model can be expressed as:

¢p(B)(1 = B)"Y; = 04(B)es (2.3)

Where ¢,(B) is the moving-average operator, §,(B) is the autoregressive operator,
Y, is an observation at time ¢t and e; is the prediction error distributed as white
noise.

Juberias et al use ARIMA to develop an hourly load forecasting model as part of
a real-time control system for Spain’s national grid operator [67]. They were able
to achieve an average error of less than 2% with forecasts up to 5 hours ahead.
Although statistical methods have seen extensive use in load forecasting, their
implementation can be time and resource intensive as they require specialised,
expert knowledge to manually develop effective models for each problem domain.
Furthermore, because these statistical methods use linear processes they perform
poorly when modelling datasets that include non-linear relationships and depen-

dencies [64, 68].

2.5.2 Al Forecasting

More recently, Al techniques have seen extensive applications in load forecasting
research [7, 69-71]. Al load forecasting methods include a variety of machine-
learning and deep-learning algorithms that are able to independently determine
dependencies and patterns between variables within a dataset. By using historical
data of the problem domain as input, Al forecasting can determine models that
relate variations in explanatory variables such as weather, time and temperature

to future outcomes of the load. Compared to statistical methods Al models are
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relatively more accessible as their algorithms are purely data-driven and do not
require expert knowledge of the system to implement an effective model e.g., de-
termining system models, order differencing, data stationarity etc. Additionally
Al models have been shown to be well-suited to forecasting data with non-linear
dependencies [64, 68, 69]. Among the most commonly used Al forecasting models
are the support vector machine (SVM), and the artificial neural networks (ANN)
(7,69, 71].

The SVM is a supervised machine-learning algorithm that solves regression prob-
lems by performing optimal data transformations to determine boundaries be-
tween data points based on predefined classes [72]. The main objective of the
SVM algorithm is to find the optimal hyperplane in an n-dimensional space that
distinguishably segregates the data points of different classes in the feature space.
In a comparative study by Mitchell et al, ANN and SVM techniques were ap-
plied to perform short term (one hour) load forecasts of a small island power
system in Trinidad and Tobago for three load types:batch, continuous and batch-
continuous [73]. Each load type was representative of a unique industrial customer.
They showed that, for a continuously varying load, the SVM yielded a performant
model with a maximum mean absolute percentage error (MAPE) of 1.20%. Fu et
al applied an SVM to perform next-day load predictions of a public building using
disaggregated load data. Their SVM model demonstrated the least prediction er-
rors, outperforming 3 other benchmark regression models including an ARIMAX,
decision tree, and ANN [74].

An ANN is a mathematical model that attempts to emulate the structure and
functionality of biological neural networks [75]. The fundamental building block
of the ANN is an artificial neuron that is represented by a mathematical function.
By connecting multiple layers of connected neurons a neural network is formed.
The ANN can be seen as a series of non-linear statistical models that can model
complex relationships between inputs and outputs by learning variable dependen-
cies and patterns from a sample set of data. ANNs encompass multiple variants
including but not limited to, convolutional neural networks (CNN) and recurrent

neural networks (RNN) [76, 77].
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To address the complexity of forecasting variable power sources in a micro grid set-
ting Hernandez et al proposed an ANN-based model for short-term load forecasting
in a disaggregated, micro grid-sized environment [78]. By carefully selecting the
patterns within the test data their ANN prediction model was able to achieve
mean prediction errors as low as 3%. A day-ahead, CNN forecast model for the
half-hourly load of Victory, Australia was proposed by Khan et al [79]. To forecast
the total load for one day of the week, they trained the CNN model on load data
for that same day over the previous three months. The CNN model’s performance
was compared against 4 other model types and found to produce the lowest MAPE,
mean absolute error (MAE) and root mean square error (RMSE) values of 2.1%,
138.771 and 116.417 respectively. An RNN model to produce daily residential load
forecasts was proposed by Shabbir et al [80]. Their RNN model demonstrated a
15% reduction in RMSE when compared to an SVM machine performing a similar

prediction.

2.6 Residential Load Forecasting

From the discussion in section 2.3, as residential smart metering and inter-appliance
communication through IOT becomes more commonplace, large volumes of high-
resolution, time-series, domestic power consumption and generation data is becom-
ing increasingly more accessible. As mentioned in section 2.5.2; Al load forecasting
methods are designed to produce predictive models by training on large samples
of load data to determine the complex patterns and dependencies between vari-
ables in the data. In addition, these models are more convenient to implement
compared to the traditional statistical methods that require expert knowledge and
time to develop models specific to each use case. These traits make Al load fore-
casting well suited to forecasting residential load profiles which can consist of large
datasets containing numerous profile patterns specific to each household [81-83].
Furthermore, several Al load forecasting models have been shown to perform res-
idential load forecasting better than the traditional techniques.

To address the high degree of non-linearity between residential input data and



Chapter 2. Background and Literature Review 22

output predictions, Sajjad et al implemented a hybrid CNN-gated recurrent units
(GRU) model to perform short-term load forecasts of residential buildings [84].
Their model was tested on two publicly available datasets and compared against
benchmark models. The CNN-GRU model attained the lowest values of 0.22,
0.47 and 0.33 for MSE, RMSE and MAE metrics respectively as compared to
other models including linear regression and SVM. Wen et al proposed a hybrid
RNN-GRU hourly forecast model to achieve high forecasting accuracy with limited
input variables [85]. The RNN-GRU model was evaluated using aggregated and
disaggregated residential building load demand data and compared against sev-
eral other benchmark methods. Their model demonstrated the lowest prediction
errors, outperforming conventional methods such as ARIMA, SVM and MLR. Fur-
thermore the model was able to impute missing values within the training dataset.
To overcome the occurrence of over-fitting due to additional neural network layers
Shi et al proposed a novel pooling-based deep RNN that batches household load
profiles into a pool of inputs [86]. Their method was evaluated using smart meter
data from 920 households in Ireland, and compared against conventional house-
hold load forecasting techniques, outperforming ARIMA by 19.5%, SVR by 13.1%
and classical deep RNN by 6.5% in terms of RMSE.

2.7 Long Short-term Memory Networks

RNN models are among the most widely used for residential load forecasting ap-
plications [87, 88]. Unlike other neural network architectures, RNNs are able to
retain memory of their neuron calculations which enables them to identify long-
term dependencies in sequential data. As a consequence of their long-term memory
capabilities, standard RNN models experience the vanishing gradient problem [89)].
During training, the RNN learns by adjusting the weights of its neuron connec-
tions to minimize the difference (i.e., error) between the predicted and observed
outputs. This process is achieved through a technique called backpropagation,
where the gradient of the loss function with respect to the neuron weights is cal-

culated and used to update the model parameters[90]. Vanishing gradients occur
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when the gradients computed during backpropagation become extremely small as
they propagate backward through the neural network layers. Consequently, for
longer data sequences the weights in the early layers of the network receive very
small updates that either significantly slow down the rate of network learning or
prevent it altogether.

The long short-term memory (LSTM) neural network is an improvement on the
RNN that was specifically designed to avoid the vanishing gradient problem by in-
corporating gating functions to control the flow of information and changes in the
network gradients [91]. There are 3 types of gates included in an LSTM: the input
gate, the forget gate, and the output gate. The forget gate selectively removes
information from the cell state, the input gate determines what new, relevant in-
formation from the data is stored in the cell, and the output gate decides the value
that is output by the cell. These gates enable LSTMs to control the flow of gradi-
ents through the network, effectively addressing the vanishing gradient problem,
and allows the network to learn and retain information over longer sequences.
The structure of an LSTM network consists of a series of cells, each of which con-
sists of a set of gates that control the flow of information into and out of the cell.
Each LSTM cell also contains a memory unit that stores information of the cell’s
state from previous time steps that is used to determine the output of the cell
for the current time step. Figure 2.2 depicts the architecture of a single LSTM
cell. As previously mentioned, the gates are used to selectively forget or retain
information from previous time steps allowing the LSTM to determine the most
relevant long-term dependencies in the input data. Each gate processes informa-
tion by using a sigmoid activation function to output a value between 0 and 1: a
value of 0 meaning all of the information is blocked by the gate and a value of 1
meaning all of the information is passed through the gate [92, 93]. The equations

for each of the 3 gate types are as follows:

fi = o(wy - [h—1, 2] + by) (2.4)

iy = o(w; - [hy—1, ) + b;) (2.5)
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or = o(w, - [hi_1, 2] + by) (2.6)

Where f;, i;, o; represent the forget, input and output gates respectively. o rep-
resents the sigmoid function, w, is the neuron weight for the respective gate x
associated with each LSTM cell. h; is the previous output at timestamp ¢t — 1,
denotes the current input vector at timestamp ¢ and and b, is the neuron bias for
gate x.

The equations to determine the current cell state, the next cell state and the cell

output are defined as follows:

Cy = tanh(we - [he1, z4] + be) (2.7)
Ot = ft X Ct—l -+ it X C’t (28)
ht = 0t X tCLTLh(Ct) (29)

Where C; and Cy_; represent the new and previous cell states (memory) at times-
tamps ¢ and ¢ — 1 respectively. C, is the output of the tanh activation function at
timestamp ¢ and x is the element-wise multiplication of the vectors. The output
of each LSTM cell is passed to the next cell in the network, enabling the LSTM
neural network to process and analyse sequential data over multiple long-term and
short-term time steps [92-94].

The ability to retain long and short-term dependencies make the LSTM suitable
for long, complex, time-series patterns such as electrical load profiles [95, 96]. The
LSTM has been applied extensively in load forecasting as well as energy trading,
DER management and GEB research.

Bouktif et al proposed a Genetic Algorithm (GA) optimized, LSTM model for
short to medium-term aggregate load forecasting [8]. Using metropolitan electric-
ity consumption data from France as a case study, their LSTM model was found
to outperform 7 other machine-learning forecasting models. A novel Physically
Consistent Deep Learning (PCDL)-based optimization framework for day-ahead
energy dispatching and thermal comfort control within a grid-interactive commu-

nity was proposed by Xiao et al [97]. Using an LSTM forecast model, the PCDL
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FIGURE 2.2: Architecture of a single LSTM cell adapted from [93]

determines an optimal energy dispatching plan that is calculated based on the day-
ahead grid market and a real-time model predictive control (MPC) method that
minimises the utilization error and indoor comfort violations caused by following
the scheduled energy dispatching plan. In a simulation case of a residential hall
community at Cornell University with on-site renewable energy resources, Xiao et
al reported improvements in indoor thermal comfort control, ranging between 65.4
and 68.7% and energy cost savings between 29.5 and 39.7% compared to a baseline
controller. Kim et al implemented an LSTM-based automatic peer-to-peer (PTP)
energy trading model [98]. The model attempts to maximise profits of a virtual
three to four-person household in South Korea that generates electricity through a
solar PV system. Their energy trading model achieved higher profits every month
in both a progressive and fixed rate system throughout the year, and they found
that participation in the trading system not only earned monthly profits but also

reduced losses from over-generation of electrical energy.
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2.8 Research Gap

It has been shown that there is substantial literature detailing the implementation
of load forecasting methods to extend and improve the functionality of residential
energy management, energy trading and GEB systems. The LSTM is regarded in
literature as a neural network architecture well suited to performing time-series
forecasts with extensive application in the aforementioned systems.

However, there is a lack of research regarding the real-world time and resource
requirements for developing load forecasting models using LSTM. Developing a
high-performance LSTM model requires the selection and tuning of various design
parameters and data features [95, 96]. This model tuning process is often described
as a process of trial-and-error. In practice, a trial-and-error approach could cost
time and resources that may make an LSTM modelling implementation unfeasible.
In the literature various optimisation techniques are described to tune and select
parameter values such as the number of LSTM layers, number of network neurons,
dataset features and time lags [8-10]. Yet, the literature has not addressed the
practical implications of parameter selection such as the cost of measurement
devices to collect training data at a given resolution or the time and compute
resources required to achieve longer prediction horizons.

This work aims to address this gap by investigating to what extent the design
choices for a residential, LSTM load forecasting model can be inferred. This will
be achieved by exploring the relationships between model design parameters and
the predictive model performance, and determining if they can inform model design

decisions for a practical load forecasting application.

2.9 Chapter Summary

Global energy demand is projected to continue rising, with residential energy con-
sumption accounting for approximately 27% of the total demand.
In response to rising residential demand there exist DSM strategies to shift resi-

dential load and curtail peak demand. These strategies include various dynamic
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pricing tariffs: TOU, CPP and RTP. In addition, residential DER have seen in-
creased uptake and enable consumers to independently generate energy.

GEBs are envisioned to interact autonomously with the grid to coordinate DER
usage with dynamic pricing signals to make energy management decisions that
benefit the consumer. Furthermore, the inclusion of load forecasting methods can
further augment and optimise GEB energy management functionality.

There exist numerous classical load forecasting techniques, but neural network
predictive models like LSTM have been shown to outperform these techniques for
forecasting load profile data. Despite the extensive research implementing LSTM
models for load forecasting, there is a lack of literature exploring the trade-offs
between model performance and the real-world time and resource costs. This work
aims to address this gap by investigating to what extent the design choices for a
residential, LSTM load forecasting model can be inferred based on the relation-

ships between model design parameters and model fidelity.



CHAPTER 3

Methodology

This chapter details the machine-learning model design and experimental approach
for this dissertation. A clarification of term definitions used for this dissertation
are presented in section 3.1. In section 3.2 the dataset selection and preparation
is discussed. Section 3.3 details the neural network design of the machine-learning
model. The experimental setup is detailed in section 3.4. The metrics used to
evaluate and analyse the prediction models are described in section 3.5. Finally,

the chapter is summarised in section 3.6.

3.1 Declaration of Terms

In this dissertation, “training” data refers to the set of data that is directly applied
to the neural network and used to fit the model parameters. The “validation” data
is the set of data used to evaluate the developing model during training, and then
based on this evaluation tune the model parameters. Lastly, the “test” data is the
set of data used to evaluate the performance of the models after the training is

complete.

3.2 Dataset Preparation

Developing an LSTM predictive model requires applying numerous samples of
time-series, load profile observations to the neural network. This network will use
each observation to form a complex system of weighted outputs that can discern

latent patterns within the load profile. Using larger datasets provides a greater

28
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range of observations for the neural network to better fit the model on, which
generally improves its ability to learn pattern dependencies. The LSTM will ulti-
mately produce a black box model of weighted variables that relates dependencies
between one or more load profile features to estimate a future value of the target

variable.

3.2.1 Dataset Selection

A publicly available set of residential power measurements, aggregated from 9
different appliances and taken over 3 years and 11 months at a one-minute resolu-
tion was chosen as the observation dataset for this work [99]. Training an LSTM
model using a dataset which spans a large time frame and contains a wide range of
appliances representing various domestic activities enables better model generali-
sation. The relatively high one-minute resolution ensures that timing information
for short and long appliance events are captured. In table 3.1 a summary of the

dataset characteristics are shown.

Measurement Duration

The dataset consists of measurements starting from December 2006 and ending
in November 2010 for a total of 2,075,259 observations. This is a relatively large
dataset compared to similar load forecasting work in which several datasets are in
the order of thousands to tens of thousands of observations [8, 100-102]. Having
a large volume of observations that also spans a wide time range is generally ad-
vantageous for training effective LSTM models [4-7].

Using a larger observation set enables the LSTM neural network to better deter-

mine the patterns and relationships between input and output parameters and

TABLE 3.1: Summary of load profile dataset characteristics.

Duration | Total Observations | Resolution | No. of Appliances
47 Months 2075259 1 Minute 9
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their changes over time. In addition, having a greater number of observations
during training reduces the risk of producing a model that over fits the data.
A model that overfits generalises poorly on new observations i.e., it is able to
effectively predict on observations from the training or validation data but less
effectively on unseen observations [103].

Measurements taken over longer periods capture more detailed observations of be-
haviours that vary over time. In a domestic setting this can include daily, weekly
and annual variations in behaviour such as: morning versus evening routines,
weekday versus weekend activities and responses to seasonal changes in weather
(e.g., increased space heater usage during winter). By including more observa-
tions of time-dependant events, the dataset has a higher degree of representation
of actual domestic activity. This characteristic has been shown to improve the abil-
ity of subsequent predictive models to generalise on unseen domestic load profile

observations [104-108].

Data Resolution

Each dataset observation consists of minute-averaged samples. This is a relatively
high resolution compared to similar load forecasting work in literature which use
dataset resolutions ranging from 5-minute to yearly samples [109-112]. Higher
measurement resolution ensures that the timing information for each usage event
is correctly recorded [113]. For a l-minute resolution this enables detailed mea-
surement of short-duration appliance usage e.g., electric kettle operation times
range from 2-8 minutes [114, 115].

Using a the relatively large minutely resolution enables a wider range of downsam-
pled resolution options. Downsampling is preferable to upsampling which intro-
duces interpolated observations into the dataset. The ability to resample data can
be useful for experimental purposes as different models can be trained and tested

on datasets of various resolutions.
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Appliance Variety

To produce models that are able to more effectively generalise on a domestic load
profile it is important to use training data that includes observations representa-
tive of typical domestic activities [104-108].

The main domestic appliance use-cases are for cooking, washing, lighting and
space heating/cooling [116-118]. This dataset includes measurements from a range
of appliances that are representative of these domestic activities: cooking (elec-
tric oven, microwave, refrigerator), washing(dishwasher, washing machine, tumble-
drier, electric water heater), space heating/cooling(air conditioning) and lighting.
Including observations from a wider range of appliances will aid model generali-
sation capabilities by generating training data that contains more diverse power

usage patterns.

Load Profile Variation

Residential energy consumption is influenced by various seasonal factors such as
weather changes, household occupancy and appliance usage [119-121]. As a con-
sequence, the load profile dataset will contain variations in the power usages that
form seasonal patterns. In figure 3.1 a box-plot analysis of the household power
measurements over 3 years illustrates the occurrence of seasonal power usage vari-
ation. It can be seen that the smallest values of minimum, median and maximum
power usages occur during the summer seasons. As summer changes into fall the
power usage increases. The power usage values reach a peak during the winter
season of each year. As winter changes to spring the min, median and maximum
power values decrease to values similar to the fall season of the same year. In
table 3.2 a summary of the box plot values for each year and its respective seasons
are shown.

Across each year the median and maximum power usage is lowest during the sum-
mer season with peak values of 0.31kW and 2.78kW respectively, observed during
the summer of year 1. As summer transitions into fall the median and maximum

power usage show average increases of 112.82% and 48.14% respectively across the
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TABLE 3.2: Seasonal minimum, median and maximum power usage for each
year of the training dataset.

Yr. 1 (2007-2008) Yr. 2 (2008-2009) Yr. 3 (2009-2010)
Season Min (kW) | Median (kW) | Max (kW) | Min (kW) | Median (kW) | Max (kW) | Min (kW) | Median (kW) | Max (kW)
Summer (Jun-Aug) 0.08 0.30 2.78 0.08 0.31 2.08 0.12 0.35 2.30
Fall (Sept-Nov) 0.12 0.52 3.48 0.10 0.76 3.49 0.16 0.77 3.52
Winter (Dec-Feb) 0.19 1.32 4.34 0.20 1.30 3.86 0.22 1.38 4.15
Spring (Mar-May) 0.13 0.64 3.35 0.09 0.77 3.28 0.15 0.79 3.27
s Year 2010-2009 —_
B Year 2009-2008 -1
41 mmm Year 2008-2007 I
3
=
=
o]
=2
o
a
1 I
0 _ -4 -4
. = " oy . = f > f = f o)
£ ~ £ £
& & o
= n : = n : = )
a > = i 2 = = a 3 & Z 9
' & = ! = & . - &
- > > N > > M > >
= = =
Seasons

F1GURE 3.1: Box-plot analysis of seasonal power usage across 3 years.

3 year period. The largest values of min, median and maximum power usage are

observed during the winter seasons of each year, with further average increases

of 101.38% and 17.94% respectively. Finally, as winter transitions into spring the

median and maximum power usage decreases by an average of 45.01% and 19.86%

respectively.

The seasonal variation present in the load profile data can make model generali-

sation more difficult, but to perform effective load forecasting it is a factor that

must be considered during model development.
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3.2.2 Data Cleaning

Approximately 1.25% of the observations within the dataset consist of missing
measurements. Observations with missing measurements cannot provide mean-
ingful information about the load profile and are not useful for predictive model
training.

To correct for this each missing observation is substituted with an approximation
of their true value. The deterministic hot-deck imputation method was chosen to
perform these approximations [122]. Hot-deck imputation is a widely used, com-
putationally simple and effective way to handle missing data by replacing them
with other dataset observations as approximations of the true values of the miss-
ing measurements [122-125]. For this work, hot-deck imputation is achieved by
replacing each missing measurement with the corresponding observation from the

previous 24-hours.

3.2.3 Normalisation

The relative scale of values in a training dataset can introduce undesired bias into
machine-learning models [126-128]. The neural network can perceive features with
larger values as more significant than features with smaller values because of the
differences in size. This difference in scale can also impact model training duration
by increasing the time it takes for the neural network weight optimisation methods
to converge [129-131].

To remove the scaling bias and improve the weight optimisation convergence rate
it is necessary to normalise the feature values [132-135]. This requires rescaling
the values so that they all fit within the same range. For this work, the power val-
ues are normalised to fit within a range of [0,1] using the min-max scaling method
[136].

Applying normalisation prevents scaling bias by fitting features within a common
range of values. No single feature is predominantly larger than any other. Remov-

ing disproportionate differences in scale ensures that each feature contributes more
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equally to the model fitting process which improves model performance [132, 134].
Furthermore reducing the range of values enables the neural network weight opti-
misation functions to converge on solutions faster, thereby reducing model training

times [137].

3.2.4 Feature Selection And Encoding

To produce an effective prediction model it is important for the training data to
consist of particular subsets of the dataset (i.e., features) which are most likely
to be strong predictors of the output variables that are to be predicted [138-140].
Including irrelevant features as part of the training data can negatively impact the
model performance [141-143].

The dataset chosen for this work measures nine different variables including date-
time, active and reactive power and sub-metered measurements from three rooms
in the household. For this investigation only four features were used: aggregate
power, time of day, day of the week, and day of the year. The power values were
taken directly from the dataset measurements. Each of the time based features
were derived using the dataset timestamps.

The measured power is a suitable feature because it is the target variable of the
predictive models. Historical data is shown to be a strong indicator of future
behaviour and consequently a good predictor [144-146]. Time-based features are
used to inform when an observation is expected to occur and the timing of cyclical
events. Residential energy usage is strongly influenced by changes in time and
often form daily, weekly and annual usage patterns [147-149].

The measured power and time stamps were identified as the minimum appropri-
ate features to train a performant load prediction model while also accounting for
seasonality. While additional household measurements such as voltage and dis-
aggregate power or exogenous features such as weather could potentially improve
model performance they also introduce additional compute cost and complexity
to the model design. This study investigates LSTM requirements for residential

metered power, which is an aggregated value. Furthermore the inclusion of more
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FIGURE 3.2: Encoding of timestamp labels over a 24-hour period into a numer-
ical signal using sine and cosine transforms.

features does not necessarily improve the ability to answer the stated research
question and could actually obfuscate the relationship between changing param-
eters and model performance i.e., are changes in performance attributed to the
different data parameters or variations in multiple features over time?

To form a training dataset suitable for an LSTM network requires every feature to
be expressed as a numerical value. The power feature is represented numerically
in the dataset by default, but the time-based features are represented as text using
timestamps.

To express the time-based features as numerical values a sine-cosine transform
was chosen to encode the timestamps for each time period (i.e., daily, weekly and

annually) as unique pairs of values (£, teos):

A 2tmw

tgin = SIn(— 3.1
sin( =) (3.1)

R 2t

teos = — 3.2
cos( ) (32)

Where ¢ is the timestamp expressed in Unix epoch seconds and T is the time
period expressed in seconds.
Using this transform ensures unique encodings for each timestamp value while also

retaining ordinality and relative distances between each point in time. Figure 3.2
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shows the sin-cosine encoding for timestamp features over a 24-hour period. Each
point in time corresponds to a unique pair of sine and cosine values. Because sine
and cosine are periodic functions the ordinality and relative distance between data

points in time are maintained.

3.2.5 Training and Validation Data Selection

As discussed in section 3.2.1 residential energy consumption is strongly influenced
by seasonal changes. This results in the formation of power usage patterns that
vary with each season (e.g, increased usage of electric heaters in winter). Addi-
tionally, there are stochastic variables within a household that change over time as
a consequence of day-to-day living that can also influence how energy is consumed
(e.g., number and age of residents, lifestyle variation, shifting appliance trends).
An LSTM can be used to fit a predictive model on arbitrarily selected datasets,
but the model performance can be impacted impacted by the variation within
the data points used to produce it. The dataset consists of measurements that
reflect real-world power usage which can change stochastically. The frequency,
timing and magnitude of usage forms patterns that can shift over time. The aim
of the LSTM neural network is to optimise a predictive model based on a set of
patterns learned from the training dataset. Changes in the patterns within the
training data can diminish model performance as the network weights have not yet
adjusted to fit the new usage behaviour. Model performance can be improved if
the network is provided additional training data samples of the changing pattern
behaviour. This will enable the network weights to fit the model to the changed
pattern.

To prevent abrupt seasonal pattern changes within the training data and ensure
sufficient data samples of each season, the load profile dataset is partitioned into
three separate and contiguous sets of data. Each set consists of one year (365
days) of power measurements. Figure 3.3 illustrates this dataset partition. The
training portion will be used to fit the LSTM model and the validation portion

will be used to evaluate the model performance during development.
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Year 1 Year 2 Year 3
80% 20% 80% 20% 80% 20%
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June 21 June 21 June 21 June 21
2007 2008 2009 2010

FIGURE 3.3: Partitioning of dataset measurements into three contiguous train-
ing data subsets.

Each subset of measurements begins on June 21 to coincide with the start of the
summer solstice as observed in France and ends at the start of the summer sol-
stice the following year. This ensures that each subset begins approximately at
the start of a season and ends approximately at the start of the next cycle for the
same season. The widely used 80% training, 20% validation ratio was chosen to
select the portion of data points to be used for training and validation respectively
[150-152].

Partitioning the data in this manner achieves three things. Firstly, it ensures
that the LSTM is trained on data points that will include power usage variations
specific to each year’s seasons i.e, summer, fall, winter and spring. Secondly, the
training and validation data points will not abruptly start or end in the middle
of a season, ensuring that the LSTM is trained on the entirety of each season’s
power usage patterns. Lastly, implementing the training-validation split enables
the model development to be monitored for indicators of overfitting and corrected.
These factors will improve the ability of the predictive models to generalise on un-
seen data as they are more robust against variations in power usage due to seasonal

changes.

3.2.6 Test Data Selection

A test dataset is used to evaluate the predictive model performance. Model predic-
tions are performed using features from the test data as inputs and the resulting
predictions are compared against the observed test data values.

For this investigation several different predictive models are trained using various
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Year 1
365 Days 1 Day
Training Validation Test
June 21 June 21
2007 2008
Year 2
365 Days 1 Day
Training Validation Test
June 21 June 21
2008 2009
Year 3
365 Days 1 Day
Training Validation Test

June 21 June 21
2009 2010

FIGURE 3.4: Test data allocations for the training-validation subsets of each
year

parameter settings. To ensure fair performance comparisons each model is evalu-
ated using the same test datasets.

The actual test data is an unseen set of load profile measurements i.e., does not
include any data used for model training or validation. The 24-hour period of mea-
surements immediately after the end of each training-validation subset in section
3.2.5 were chosen as the test datasets. Figure 3.4 illustrates the test data selection
for each of the 3 subsets. Models trained on a given subset will be evaluated with
that subset’s test data e.g., models developed using the Year 1 training-validation
subset are evaluated on the Year 1 test data. Choosing the immediate 24 hours
ensures that the test data is continuous with the training-validation data. This
reduces the risk of the test data introducing completely new usage patterns that

may occur over time and that the neural network has not yet been able to fit.

3.3 Neural Network Design

The LSTM neural network was designed to overcome the vanishing gradient prob-
lem experienced by standard RNNs. The LSTM is able to retain long and short-

term dependencies within time-series data patterns. This means it can make use
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of pattern information that occurs over a long period of time as well as shorter,
more recent changes when determining the neural network weighting. The ability
to retain relevant pattern information over extended periods of time makes the
LSTM well suited to handling sequences with long-term dependencies, where ear-
lier time steps can have an impact on the outcome of future time-steps.

This section details the LSTM neural network design. Section 3.3.1 describes the
system specifications of the machine used to develop and train the LSTM and
predictive models. In section 3.3.2 the LSTM architecture and design choices are

explained.

3.3.1 System Specifications

Model development and training was performed using a desktop PC with a 3.70
GHz AMD Ryzen 5 5600X 6-Core processor with 16GB RAM, and a GeForce RTX
3070Ti graphics card with 8GB RAM.

The Tensorflow development platform with Keras API was used to build the LSTM
architecture and train the models [153, 154]. Tensorflow offers a large repository
of open-source machine-learning libraries that supports CNN architectures. The
Keras API simplifies the development process through high-level interfaces and
facilitates the usage of the CPU and GPU for faster model training.

3.3.2 LSTM Architecture

An overview of the LSTM neural network used for this investigations is shown
in figure 3.5. A stacked LSTM architecture composed of three sequential neuron
layers was chosen for this work. In a stacked architecture the model parameters
are distributed over the entire model space without increasing memory capacity,
which enables the model to accelerate convergence and improves non-linear op-
erations on the training data [155, 156]. The first layer consists of 100 neurons,
while the second and third layers contain 50 neurons each. The outputs of the

final LSTM layer are sent to a linear-output feed forward layer which maps the
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FIGURE 3.5: Outline of the stacked-LSTM neural network architecture

intermediate LSTM layer outputs to a single value i.e., the power prediction for
the target time interval.

For this investigation the hyperbolic tangent (tanh) activation function, mean
absolute error (MAE) loss function and adaptive moment estimation (Adam) op-
timiser with a 0.001 learning rate were chosen as the LSTM hyperparameters. Un-
like the design parameters (i.e, training data size, data resolution and prediction
horizon length) which are varied as part of the investigation, the hyperparameters

remain fixed for each experiment.

Activation Function

The tanh was chosen as the activation function. The tanh function has been
shown to be effective in LSTM network for modelling patterns with non-linear

relationships [157-159].
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Loss Function

The MAE was chosen as the loss function. The loss function is used to estimate the
error of each model iteration during training so that the neural network weights
can be updated to reduce the loss on the next model iteration. The MAE is a
linear score that determines the average absolute error between the observed and

model predicted values and is formulated as:

Sy ldi — ail
MAE = &=L & 3.3
= (33)
Where a; is the model predicted value, a; is the observed value and N is the total
number of training data samples.
The MAE assigns an equal weight to all errors regardless of their magnitude which
makes it more robust against outliers in the dataset: outlier values do not strongly

influence the MAE calculation.

Training Epochs

A training cycle of three epochs was chosen. For this LSTM design epochs greater

than three were found to produce negligible improvements in model performance.

Gradient Descent Optimiser

The Adam algorithm with a learning rate of 0.001 was chosen to perform the net-
work weight optimisations for this LSTM [160]. This optimiser is widely used in
ML applications due to its computational efficiency, fast convergence rate, suit-
ability on non-convex optimisation problems and has been shown to perform well
on neural networks using a 0.001 learning rate [160-166]. Another widely used op-
timiser algorithm, stochastic gradient descent (SGD), is regarded as having better
generalisation capabilities than Adam [167]. However in the case of performing

electrical load forecasts using LSTM, the generalisation of Adam has been shown to



Chapter 3. Methodology 42

outperform SGD [162, 168, 169]. Furthermore SGD requires tuning of the learn-
ing rate which can result in slower convergence rates and increased complexity,

especially when used with more complex networks such as LSTM [170].

Regularization

Dropout regularization is applied to each LSTM layer to reduce overfitting. This
method probabilistically excludes the input and recurrent neuron connections to
LSTM units from activation and weight updates during model training [171, 172].
By dropping these connections the model becomes less sensitive to the specific
weights of individual neurons i.e, reduces bias towards specific patterns in the
observations. Performant dropout rates have been shown to range from 0.2 to 0.5,

and so a dropout rate of 0.2 was chosen [173-175].

3.4 Experimental Setup

Three experiments were designed to investigate the impact of specific design pa-
rameter variations on LSTM prediction model performance. In Experiment A
models are developed using increasing amounts of training data. In Experiment
B the prediction horizon length and training data amount are varied. In Experi-
ment C the sample rate of the training data is varied along with the training data

amount.

3.4.1 Experiment A: Training Data Amount

In Experiment A several power prediction models are produced using sets of in-
creasingly large training data. The computational resource cost for each model is
evaluated by measuring the duration of each model training period.

It is generally understood that applying additional training data to an LSTM net-
work improves the performance of the resultant prediction model [4, 140, 141].

This is because a larger training dataset provides more data points for the LSTM
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to more accurately adjust the neural network weights to the profile pattern and
improve the model’s estimation capabilities.

This experiment aims to observe the extent to which increasing amounts of training
data can improve model prediction accuracy and the computational cost required.
Figure 3.6 outlines the algorithm used to perform this experiment.

First, values for the size of the training data parameter are chosen. Starting from
1 day the training-validation data amount is increased in 90-day increments. This
is done so that each training data set encompasses approximately one complete
season (i.e., summer, fall winter, spring) of load profile patterns. This is done to
minimise the impact of seasonal changes in the training data measurements on the
prediction performance of each model.

Next, starting with the 1-day training-validation set a prediction model is trained
and the duration for training is recorded. After three epochs the model training
is complete. The training duration and model information are stored and the
training-validation data amount is updated to the next size increment. This pro-
cess is repeated until a model has been produced for each of the thirteen training-
validation data amounts.

Lastly, each model is evaluated by performing predictions using the 24-hour test
data sets set of test data measurements. The MAE between the predicted and
observed values for each model is compared and plotted. The results for this

experiment are discussed in section 4.1.
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3.4.2 Experiment B: Prediction Horizon and Training Data

Duration

In Experiment B several power prediction models are produced using various pre-
diction horizon lengths. The computational resource cost for each model is evalu-
ated by measuring the duration of each model training period.
The prediction horizon parameter determines the number of time steps ahead that
the model will predict. Forecasts that use a prediction horizon length greater than
1 are known as multi-step forecasts [176]. Multi-step forecasts can be challenging
to perform as each additional time step increases the prediction uncertainty as
the number of output variables that neural network must simultaneously estimate
increases [176-178|.
It is generally accepted that applying larger amounts of training data to an
LSTM network can improve the performance of the resulting prediction model
[4, 140, 141]. Therefore, this experiment aims to observe the extent to which an
increase in training data amount can improve the model accuracy for increasingly
large prediction horizons and the computational cost required. Figure 3.7 outlines
the algorithm used to perform this experiment.

First, values for the size of the training data parameter are chosen. Starting
from 1 month the training-validation data amount is increased in three month

increments. This is done so that each training-validation data set encompasses
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FiGurE 3.7: Flow diagram of Experiment B algorithm
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approximately one complete season (i.e., summer, fall winter, spring) of load pro-
file patterns. This is done to minimise the impact of seasonal changes in the
training data measurements on the prediction performance of each model.

Next, the prediction horizon parameter values are chosen from a set of thirteen
hourly prediction horizon lengths {0.5, 1, 2, 3, 4, 5...12}. These values were chosen
based on prediction horizon lengths used in load forecasting application literature
8, 55, 82].

Then, starting with the half-hour horizon length and 1-month training-validation
data amount, a prediction model is trained and the training duration is recorded.
After three epochs the model training is complete. The training duration and
model information are stored and the training-validation data amount is updated
to the next size increment. After a model has been produced for each amount of
training-validation data, the horizon length is incremented to the next value and
the training-validation data amount is set to 1 month. This process is repeated
until a model has been produced for each combination of the thirteen horizon
lengths and five training-validation data amounts.

Finally, each model is evaluated by performing predictions on the 24-hour set of
test data measurements. The MAE between the observed and predicted values for
each model is compared and plotted. The results for this experiment are discussed

in section 4.2.

3.4.3 Experiment C: Training Data Resolution

In Experiment C, five different resolutions of data are used to create prediction
models trained on sets of increasingly large training data. The computational re-
source cost for each model is evaluated by measuring the duration of the model
training period.

The default resolution of the load profile dataset is one minute. By reducing
the data resolution there is a loss in the profile pattern detail but the amount of
memory required to store the profile data also decreases. Figure 3.8 illustrates

the difference in pattern detail between the 1-minute and 30-minute resolutions
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for the same load profile. It can be seen that various changes in the frequency
and magnitude of the profile power and power peaks that are observable at the
1-minute resolution cannot be observed at the 30-minute resolution.

This experiment aims to investigate the relationship between the change in model
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FIGURE 3.8: Comparison of the same set of load profile measurements at 1 and
30-minute resolutions

performance for different data resolutions as the training data amount increases,
and the change in computational resources required for training each model. Fig-
ure 3.9 outlines the algorithm used to perform Experiment C.

First, values for the size of the training data parameter are chosen. Starting from
one month the training data amount is increased in three month increments. This
is done so that each training data set encompasses approximately one complete

season (i.e., summer, fall winter, spring) of load profile patterns. This is done to
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Ficure 3.9: Flow diagram of the Experiment C algorithm
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minimise the impact of seasonal changes in the training data measurements on the
prediction performance of each model.

Next the data resolution parameter values are chosen. This set of five different
data resolutions includes 1, 2, 5, 15 and 30-minute resolutions. These values were
chosen to reflect common resolution settings used to measure power in practical
applications [21, 179, 180].

Then, starting with the 1-minute resolution and 1-month training data a predic-
tion model is trained and the training duration is recorded. After three epochs
the model training is complete. The training duration and model information are
stored and the amount of training data is updated to the next size increment.
After a model has been produced for each training data amount, the resolution is
incremented to the next value and the training data amount is set to one month.
This process is repeated until a model has been produced for each combination of
the five data resolutions and five training-validation data amounts.

Finally, each model is evaluated by performing predictions on the 24-hour set of
test data measurements. The MAE between the predicted and observed values for
each resolution-training size model is compared and plotted. The results for this

experiment are discussed in section 4.3

3.4.4 Training and Validation Data Incrementation

Each experiment in this investigation includes incremental additions of training
and validation data. As explained in section 3.2.5 the measurements for each of the
training-validation subsets begin and end on specific dates. As each experiment
progresses the training-validation data is incremented by selecting measurements
backwards in time relative to the end-date of each training-validation subset.This
process is illustrated in figure 3.10 for the Year 1 (2007-2008) subset. As the
required training-validation data size increases the measurements extend further
back in time from the reference end-date i.e. June 21 2008.

This approach keeps the training-validation measurements continuous while also

remaining contiguous with the test data subset. This means that models for each



Chapter 3. Methodology 48

24 Days 6 Days
Training Validation

144 Days 36 Days

Training Validation
292 Days 73 Days
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21 June 2007 Reference Date
21 June 2008

FIGURE 3.10: Selection of measurements for the 1, 6 and 12-month sizes of
training-validation data in the Year 1 subset.

training-validation data subset will be trained and evaluated on similar sets of

data. This ensures fair comparison of model performance results.

3.5 Evaluation Metrics

Five metrics were chosen to evaluate the performance and quantify traits of the

prediction models produced during each experiment.

3.5.1 Prediction Model Error

The MAE is used to evaluate the forecast performance of the LSTM prediction
models. The MAE is one of the most widely used metrics for evaluating the per-
formance of machine- learning models [181-185].

An MAE of zero is indicative of a completely accurate prediction, so MAE scores
closer to zero indicate fewer prediction errors and better model performance. Com-
pared to quadratic error scores like the root mean square error (RMSE) the MAE
is simpler to interpret as the resultant score is in the same units as the observed

and predicted data.
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3.5.2 Goodness of Fit

The coefficient of determination (R?) score is used to evaluate the goodness-of-fit
between the predicted and observed data points[186-188]. The R? score is used as
an indicator of how well the predicted values fit the observed data compared to a

mean line of the observed values. The R? is formulated as follows:

Where b; is the predicted value, b; is the true value, b; is the mean of the observed
values and N is the total number of data points.

An R? score of one indicates that the predicted values exactly fit the observed
values. An R? score of zero indicates that the predicted values fit the observed
values equally well as the mean line. An R? score less than zero indicates that the
predicted values are a worse fit to the observed values than the mean line. For a
predictive model to fit as well or worse than the mean line indicates very poor or

completely inaccurate prediction performance.

3.5.3 Energy Prediction Error

To contextualise and assess the predictive model performance the model errors
are also expressed in terms of energy. This work is based on the practical ap-
plication of predictive models to forecast power in a domestic setting, and so to
meaningfully convey the performance it is useful to express the outputs in terms
of the units that are being predicted. If a residential load forecast model performs
technically well in terms of its error metrics but poorly predicts the actual energy
then it is not suitable for the practical environment it is intended for.

To calculate energy the Trapezoidal Rule was chosen to perform the numerical in-

tegrations of the power-time graphs. The Trapezoidal Rule has high convergence



Chapter 3. Methodology 50

speed and is less computationally intensive than other numerical integration tech-

niques such as the Simpson’s Rule. It is formulated as follows:

2
L

(fo + for1) (A7), (3.5)

N —

Energy =

Il
o

n

Where N is the total number of samples, f,, + f,.+1 are the power values at samples
n and n + 1 respectively, and Az is the time step size at sample n.
To quantify the energy prediction performance for each model a residual energy
(RE) value is determined. To calculate RE the residual power (R) is first deter-
mined by taking the absolute difference between the observed and predicted values
of the power-time graph:

Rln] = [e[n] — d[n]| (3.6)

Where R[n| is the residual power, c[n] is the observed power and d[n] is the pre-
dicted power at sample [n].
The RE is then calculated by taking the numerical integral of the residual power

graph. Combining equations 3.5 and 3.6:

| —

RE = Z 5 (B + Bpngy) (Az) (3.7)

Where N is the total number of samples, R, + R[,41) are the residual power values
at samples n and n + 1 respectively, and Ax is the time step size at sample n.

A RE value of zero indicates an exact energy prediction. RE values greater than
zero indicate larger amounts of erroneously predicted energy and poorer prediction

model performance.

3.5.4 Peak Power Prediction

Peak power demand is an important load profile characteristic for determining
energy pricing.
To evaluate the predictive model peak power forecast the values of the predicted

profile peaks are compared to the observed profile peaks. A mean peak error
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(MPE) value is determined by taking the mean of the difference between the peak
of the observed power profile and the corresponding predicted power value.

The “find peak” algorithm from the SciPy Python library with a threshold value
of 1.2kW is chosen to perform the peak detection. Including this power threshold
ensures that the detected peaks are indicative of high household power usage

[189, 190]. The MPE is formulated as follows:

S|P = O

MPE =
N

(3.8)

Where P; and O; are the predicted and observed peaks values respectively at

sample ¢ and N is the total number of peak samples.

3.5.5 Training Duration

The model training duration is used as a measure for the degree of computational
intensity required to develop each prediction model. The measured training time

is relative to the hardware used for this investigation as described in Section 3.3.1.

3.6 Chapter Summary

In this chapter the definition of machine-learning terms as used in this disserta-
tion are clarified. The selection and preparation of load profile data for model
training is explained. The design of the LSTM architecture is detailed as well as
the organisation of the training data. The three experiments to meet the stated
research objects are explained in detail. Finally, the metrics used to analyse and

evaluate the developed prediction models from each experiment are discussed.



CHAPTER 4

Results And Discussion

This chapter details and discusses the experimental results of this work. The
results of Experiment A are discussed in section 4.1. In section 4.2 the results
and analysis of Experiment B are shown. Lastly section 4.3 details the results for

Experiment C. The chapter is summarised in section 4.4.

4.1 Experiment A: Training Data Size

In Experiment A the relationship between model prediction accuracy and the
training data size is investigated. This section details the experimental results
and provides analyses of the regression, power peak and residual energy prediction
models.

The results of Experiment A are shown in figure 4.1. The top graph shows a plot
of prediction errors expressed as MAE for several models produced using different
sizes of training data. The bottom graph shows a plot of the model training times
for each of the training data sizes.

Starting from the plot of MAE vs training data size, the maximum MAE value
of 0.069 is observed at the 1-day model with a minimum training duration of 0.4
minutes. A larger MAE indicates poorer prediction accuracy and so this model is
comparatively the least accurate.

At the 90-day model the first decrease in MAE occurs, reducing by 61% to a
value of 0.027 from the 1-day model. This indicates a significant improvement
in prediction accuracy. This model required a training duration of 10.1 minutes

which is 25 times longer than the 1-day model.

52
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FIGURE 4.1: Comparison of model prediction errors and training time against
training data size

As the training size increases beyond 90 days the MAE continues to decrease. At
the 450-day model there is a relatively large reduction in MAE to a value of 0.018.
The model training duration increases to 47 minutes which is 4.7 times longer than
the training period for the 90-day model.

The next appreciable improvement in MAE is observed at the 950-day model.
With an MAE of 0.017 this model has the lowest error and highest prediction
accuracy. This is a relatively small reduction in error when compared to the 0.018
MAE of the 450-day model. This model’s training duration of 98 minutes is also
twice that of the 450-day model duration.

A summary of the Experiment A results are shown in table 4.1. These results
suggest some relationships exist between the training data size, model accuracy,

training duration and model error reduction.

4.1.1 Regression Analysis

To determine the relationships between the MAE, training data size, and model

training duration a regression analysis was performed on each of the Experiment
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TABLE 4.1: Summary of select Experiment A results.

Training Data Size (days) | MAE | Training Duration (min)
1 0.069 0.4
90 0.027 10.1
450 0.018 47.5
990 0.017 97.7

A results. The regression results are shown in figure 4.1. For the graph of model
prediction errors vs training data size an exponential decay curve appears to cor-
respond closely with the observed, experimental results. The equation for this

decay curve is formulated as:

E = 0.050e" """ 1.0.020 (4.1)

Where E is the model error and D is the training data size expressed in days.
The decay curve fits the experimental results with an R? score of 0.98, and its
behaviour is consistent with the prediction error trends observed in the Experiment
A results: a large reduction in MAE from the 1-day to 90-day model, followed by
smaller reductions between the 90-day and 450-day models and then minimal
error reductions for models trained beyond 450 days. These indicate that the
exponential decay curve is a suitable approximation to model the relationship
between the predictive model error and the training data size.

The results of the model training time vs training data size approximate a linear

relationship. The linear equation for this graph is formulated as:

TD = 0.096D + 2.804 (4.2)

Where T'D is the training duration expressed in minutes and D is the training
data size expressed in days.
The linear graph fits the experimental values with an R? score of 0.99, and also

exhibits behaviour consistent with the model training time trends observed from
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the Experiment A results: linear increase in model training time for increasing
training data size.

The linear relationship between training time and data size implies that mod-
els trained on larger data will always require more training time i.e., computa-
tional resources. This finding together with the non-linear decay of model error
with training data size indicates that, for the hardware used to run Experiment
A, models trained on progressively larger samples of this load profile data will
produce exponentially decreasing improvements in performance while the com-
putational resource cost increases linearly. This means that the improvement in
model performance becomes disproportionately small compared to the computa-
tional resource cost beyond a certain training data size. For this household that
training data size is 450 days. Furthermore, these regression models enable the
performance of predictive models for this specific household to be estimated using
training data sizes within the range of 1 to 1080 days. The linear and exponential
decay functions can be used to interpolate the expected performance of a model for
a specific training data size. This enables model performance estimation without

using resources to train and evaluate an additional predictive model.

4.1.2 Energy Analysis

To evaluate the energy prediction performance analyses of the predicted and resid-
ual energy values were determined for select models produced in Experiment A.
A comparison of the power vs. energy predictions and cumulative residual energy
over a 24-hour test data period for the 1, 90, 450 and 990-day models are shown
in figure 4.2.

The observed total energy over the 24-hour test period is 27.7 kWh. The 1-day
model produced the largest energy prediction error of 15.4 kWh. Compared to
the observed total energy this represents an error of 55.5%. A poor visual match
between the profile predicted by the 1-day model and the observed power profile
can be seen. The 950-day model produces a prediction error of 4.6 kWh which
represents 16.7% of the observed energy value. Compared to the 1-day model this
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FIGURE 4.2: Comparison of predicted vs actual power and cumulative residual
energy for 1, 90, 450 and 990-day prediction models.

is a 38.9% reduction in the residual energy error. There is a close visual match
between the predicted power profile of the 950-day model and the observed power
profile.

A summary of the energy prediction values for the 1, 90, 450 and 990-day models
are shown in table 4.2. As the training data size increases there is a reduction in
the residual energy. For larger training data sizes the reduction in residual error
decreases.

From these results it is shown that the model energy prediction improves with
additional training data size. This finding is similar to that of section 4.1.1 which
related the reduction in MAE to an increase in training data size. This suggests
that the change in energy prediction accuracy may share a similar exponentially

decaying relationship to training data size.

TABLE 4.2: Summary of power and energy predictions for select models.

Training Data Size (days) | Residual Energy (kWh) | MAE (kW)

1 18.22 0.069
90 7.03 0.027
450 4.86 0.018

990 4.57 0.017
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4.1.3 Power Peak Analysis

The observed profile and predicted profile peaks from the Experiment A models
are compared to evaluate their peak prediction performance. A comparison of the
observed power peaks vs. the predicted power profile over a 24-hour test data
period for the 1, 90, 450 and 990-day models are shown in figure 4.3. It can be
seen that the 1-day model produced the largest MPE, with a value of 1.8 kW.
A poor visual match can be observed between the 1-day model predicted power
profile and the observed power profile. The 950-day model produces a MPE value
of 0.65 kW. Compared to the 1-day model this is a 64% reduction in the MPE.
There is a close visual match between the predicted power profile of the 950-day
model and the observed power profile. A summary of the MPE for the 1, 90, 450
and 990-day models are shown in table 4.3. As the training data size increases
there is a reduction in the residual energy. For larger training data sizes the
reduction in MPE decreases.

From these results it is shown that the MPE also improves with additional training
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TABLE 4.3: Summary of MPE values for select models.

Training Data Size (days) | MPE (kW)
1 1.81
90 1.05
450 0.77
990 0.65

data size, similarly to the previous findings in section 4.1.2.

4.1.4 Prediction Error Variance

From the results of Experiment A it is shown that in general the model prediction
error decreases with larger training data sizes. As seen in figure 4.1 this is not
the case for every model. An analysis of the statistical variation within the train-
ing data was performed to explain the cause of the change in model behaviour.
The predictive model performance is dependant on the features provided to the
LSTM network during training [138-140]. Each feature data sample is treated
as a predictor for the outcome of the variable being predicted and are the basis
for updating the weights of the network neurons. Variations within the patterns
present in the feature dataset can affect the weighting of the neural network and
impact the model’s prediction performance.

As discussed in section 3.2 the load profile dataset used for this experiment in-
cludes cyclical and stochastic variations in the power usage. A box plot analysis
of the training data used during Experiment A is shown in figure 4.4.

At the 360-day model the first rise in MAE is observed. It can be seen that
the box plot for the data at this point is statistically distinct compared to the
previous 3 data sets which have more similar box plot dimensions. The 360-day
box plot has a smaller interquartile range, median and average power compared
to the 90, 180 and 270-day models. This suggests that another shift in the power
usage pattern has occurred, but because it is dissimilar to the previous 3 patterns
the LSTM weights are changing to fit both the recent and previous pattern. As a

result there is a slight loss in prediction accuracy.
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FIGURE 4.4: Box plot analysis of the load profile datasets. Measurements begin
in 2010 and extend backwards ending in 2007.

As the training data increases to 450-days a relatively large drop in MAE is ob-
served. At this point the dataset contains a complete seasonal cycle of data points,
plus an additional summer cycle. The summer season is relevant as the test data
for each of these models contains observations from the summer period. The train-
ing data features in the summer season would correlate more strongly as predictors
for the test data due to the similarity of their seasonal patterns. With the inclu-
sion of the 450-days training data, two sets of summer season data with similar
box plot dimensions have been used to train the LSTM. This is likely to have
further improved the predictive ability to estimate load profile events occurring in
summer i.e. the test data season.

From the 540 to 720-day box plots, similar box plot dimensions to the previous
year are observed. This test data does not provide substantially different pattern
information to the LSTM network. This is evidenced by the prediction perfor-
mance not noticeably improving or worsening.

From the 810-day model onwards the box plot distributions of the 2007-2008 pe-
riod demonstrate distinct differences compared to similar periods in the 2008-2009
and 2009-2010 years. This corresponds to the fluctuations in model prediction
error observed at the 900 and 990-day models.

The analysis of 4.4 indicates that the training data variation has some impact

on the model prediction accuracy. Examination of the load profile variance can
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be used to estimate the impact of training data sections on the prediction model

accuracy.

4.1.5 Discussion

The exponential decay and linear models from the results in section 4.1.1 show
that there is a trade-off between the amount of training data, model prediction
accuracy and the computational cost: increased training data improves model ac-
curacy for additional training time. From the literature in section 2.7 it is well
established that prediction model performance benefits from the application of
additional training data, but these models show that the computational cost de-
termines the extent to which this is true.

For a GEBs application, 450 days would be the practical extent to which addi-
tional training data would be required to develop forecast models for this particular
household and LSTM. This is because, as shown in figure 4.1, beyond this training
data size the improvements in model performance become disproportionate to the
increase in computational resource cost. This means increased processing require-
ments and energy costs for the consumer, to produce models with diminishing
improvements in accuracy.

This finding is supported by the results of the energy and power peak analysis in
sections 4.1.2 and 4.1.3 which show that the improvements in energy prediction
and peak detection diminish after approximately 450 training days. This means
that changes in the training data produce appreciable changes in the ability to
predict energy and profile peaks, and that TOU and energy trading applications
for this household, which benefit from energy and power peak predictions, can be
improved to a finite extent by increasing training data size.

Using interpolation and the training data size, the exponential decay model can
estimate the accuracy of additional predictive models specific to this household.
The ability to estimate predictive model performance using only the training data

would be useful as an analysis tool to determine the suitability of a load profile
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for forecasting applications. It would enable forecast-suitable GEBs to be identi-
fied based on an estimation of predictive model performance from their currently
available load profile information.

Lastly, the box plot analysis of the training data variation in section 4.1.4 shows
that statistical variance in the training data pattern can impact the prediction
model performance. For GEBs, which leverage smart metering capabilities to
generate load profile data, this means that the quality of their data is not only
dependant on the amount but also the power consumption routines of the occu-
pants. This suggests that for a load forecasting application the GEB home with
more consistent usage patterns is likely to produce more accurate load models for

the same amount of training data.

4.1.6 Summary of Findings

From the results of Experiment A it was found that the relationship between the
model prediction error and compute intensity with respect to the training data
size can be modelled by an exponential decay and linear function respectively.
These models enabled the identification of an upper training data size limit at
450 days; beyond this size the improvements in model performance become dis-
proportionately small compared to the required compute intensity. Furthermore,
the exponential decay model enables the estimation of the model performance for
an arbitrary training data size within a range of 1080 training days.

The statistical dispersion of measurements within the load profile data was shown
to impact the model performance.

It was found that improvements in the model power prediction accuracy produce

appreciable improvements in the energy and power peak prediction performance.
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FIGURE 4.5: Comparison of model prediction errors and training data size for
various prediction horizon lengths

4.2 Experiment B: Prediction Horizon and Training Data

Duration

Experiment B investigates the extent to which an increase in training data amount
can improve the model accuracy for increasingly large prediction horizons. This
section details the experimental results and provides analyses of the model pre-
diction error, training duration and goodness of fit, as well as the residual energy
and power peak prediction performance. A comparison of model prediction errors
against the training data size for different prediction horizon lengths is shown in
figure 4.5.

Starting from the 1-minute prediction horizon of the Year 1 graph it can be ob-
served that MAE is at a maximum value of 0.040 for the 1-month training model.
For the 1-minute horizon length the MAE is seen to decrease for each increase in
training data size, reaching a maximum value of 0.020 at the 12-month model.
As the prediction horizon increases there is a general increase in the MAE for
models of each training data size. Yet, the rate of MAE change for each model is
inconsistent. The models which demonstrate the minimum and maximum MAEs
for a given horizon length appear to change independently of the training data
size. For instance, at the 5-hour horizon the minimum and maximum MAEs are
from the 3 and 9-month models respectively. In contrast, at the following 6-hour
horizon the minimum and maximum MAEs are instead from the 1 and 12-month

models respectively. At the 10-hour horizon a peak MAE value of 0.1 is observed
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at the 9-month model. For prediction horizons larger than this length, the MAE
of several models begins to decrease including the 1, 3 and 12-month models.
The trends in Year 2 are largely similar to those observed in Year 1. The lowest
model errors are again observed at the 1-minute horizon length with minimum and
maximum values of 0.029 and 0.009 at the 1 and 12-month models respectively.
As the horizon length increases, similar inconsistencies in the change of MAE are
observed. Unlike the previous year, there is a sharp rise in MAE from the 5 to
7-hour horizons demonstrated by the 67% and 42% increase for the 3, and 9-month
models respectively. After the 8-hour horizon there is a general decrease in MAE
across each model training size.

The trends and behaviours in MAE and horizon length for Year 3 are similar
to those observed in Year 1 and Year 2: minimum MAE values at the 1-minute

horizon and increasing MAE for increasing prediction horizon lengths.

4.2.1 Model Prediction Error Analysis

An analysis of the mean MAE for each of the prediction models in Experiment B
is shown in figure 4.16. It can be seen that each year the average MAE is similar
for models of different training data size.

The results from 4.5 and 4.16 show that the change in MAE with respect to the
horizon length varies similarly for each training data size. Yet as discussed in

section 2.7 and 3.2.1, it is well accepted in literature that the performance of the
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FIGURE 4.7: Comparison of predicted and observed power and energy for 1, 6
and 12-month training data sizes at a 1-hour prediction horizon

LSTM model is directly related to the data used to train it. This indicates that the
required multi-step prediction was a challenge for the chosen LSTM architecture
to perform. Despite the additional training data samples the neural network was
unable to process additional training data to improve the model fit for increasing

prediction horizon lengths.

4.2.2 Energy Analysis

To evaluate the energy prediction performance analyses of the predicted and resid-
ual energy values were determined for select models produced in Experiment B.
Figure 4.7 shows the predicted and observed power profiles, energy for the 1, 6
and 12-month training data sizes at a 1-hour prediction horizon in Year 1.
Starting from the plots of predicted and observed power, it can be seen that the
visual match between the predicted and observed profiles does not show overall
improvement or degradation as the training data size increases from the 1 to 12-
months.
Looking at the plots of the predicted and observed energy the 1 and 6-month
models predict energy values of 26.8 kWh and 28.1 kWh which represent 8.8%
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and 4.4% errors respectively. The 12-month model predicts 21.2 kWh which rep-
resents an error of 27.93%.

Lastly from the residual energy plot the 1, 6 and 12-month models each determined
similar values of residual energy: 13.6 kWh, 12.5 kWh and 12.4 kWh respectively.
These findings show that for an increasing prediction horizon the change in energy
forecast accuracy varies similarly for each training data size. This is supported by
findings in section 4.2.1 which showed similar behaviour in the change of MAE for
different training data sizes. This indicates that for multi-step forecasts the rela-
tionship between training data size and prediction horizon length affects the power

and energy prediction in similar ways. 12-month models are shown in table 4.4.

4.2.3 Power Peak Analysis

The observed profile and predicted profile peaks from the Experiment B models
are compared to evaluate their peak prediction performance. A comparison of the
observed power peaks vs. the predicted power profile on a 24-hour test data period
for the 1, 6, and 12 month models over a 1-hour prediction horizon are shown in
Figure 4.8. The MPE values for each model are similar, with values of 1.7 kW,
1.6 kW and 1.9 kW for the 1, 6 and 12-month models respectively. Inspection of
each predicted profile also shows poor visual matches between the the observed and
predicted peaks. This match does not noticeably improve between the predicted
profiles of the 1 and 12-month models. A summary of the MPE for 1, 6 and 12-
month models are shown in table 4.4. These findings show that the power peak
forecast performance does not improve with additional training data over extended
prediction horizon lengths.

TABLE 4.4: Summary of MPE values for 1, 6 and 12-month models for 1-hour
horizon.

Training Data Size (months) | MPE (kW)
1 1.70

1.56

12 1.91
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Observed Power Peak vs. Predicted Power: 1 Month Training Data, 1 Hour Horizon
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FIGURE 4.8: Comparison of observed peaks vs predicted power profile for the
1, 6 and 12-month prediction models.

4.2.4 Goodness of Fit

To evaluate the goodness of fit for each predicted profile an R? score was calcu-
lated for the models produced in Experiment B. As discussed in section 3.5.2 an R?
score of one indicates an exact match between the predicted and observed profiles
but a score of zero indicates that the predicted profile fits as well as a mean line
of the observed values. Figure 4.9 shows a plot of the R? score against training
data size for each of the models over a three-year duration.

Starting from the 1-minute prediction horizon of the Year 1 graph it can be ob-
served that the R? score is at a maximum value of 0.88 for the 12-month training
model. For the 1-minute horizon length the R? score is seen to decrease for each
increase in training data size, reaching a minimum value of 0.54 at the 1-month
model.

As the prediction horizon increases there is a general decrease in the R? score for
models of each training data size. The rate of change for the R? score of model
for each training data size vary similarly to each other.

At a horizon length of three hours it can be seen that the R? score is approximately
at or below a value of zero for the majority of the training data size models. As

the prediction horizon increases beyond three hours the R? scores for models of
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FIGURE 4.9: Comparison of R? scores for 1, 3, 6, 9 and 12-month training size
models over three years.

each training data size continue to decrease below zero.

The trends in Year 2 are largely similar to those observed in Year 1. The largest
R? scores are again observed at the l1-minute horizon length with minimum and
maximum values of 0.49 and 0.89 at the 1 and 12-month models respectively. As
the horizon length increases, similar variation in the change of R? scores for models
of each training size are observed.

Also for prediction horizons larger than three hours the R? score for the majority
models of each training data size are less than zero. Unlike the previous year, there
is a sharp decrease in R? scores from the 5 to 8-hour horizons demonstrated by
the 3, 6 and 9-month models. After the 10-hour horizon there is a slight increase
in R? score across each model training size.

The trends and behaviours in MAE and horizon length for Year 3 are similar to
those observed in Year 1 and Year 2: maximum R? scores at the 1-minute horizon,
decreasing R? scores for increasing prediction horizon lengths and model scores
falling at or below zero from the 3-hour horizon onwards.

The results from figure 4.9 show that from a horizon length of approximately three
hours and longer the majority of prediction models have R? scores that are ap-
proximately equal to or less than zero. This indicates that these models no longer
produce meaningful predictions, as their predicted profiles are comparable to or
less accurate than using a mean of the observed values. Therefore, the effective

prediction horizon range for this load profile is approximately three hours.
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FIGURE 4.10: Comparison of training durations for each training data size up
to a prediction horizon length of three hours

4.2.5 Model Training Duration

The model training duration was used to measure the compute intensity for the
development of each prediction model. Figure 4.10 shows a plot of model training
durations for each training data size up to the effective prediction horizon length
of three hours as determined by the findings in section 4.2.4.

From figure 4.10 similar training duration behaviour can be observed in Year 1, 2
and 3. As the training data size increases the model training time also increases.
An analysis of the mean training time for each training data size in figure 4.11
shows that for each year the minimum mean training times occur at the 1-month

models and the maximum mean training times occur at the 12-month models.

Mean Training Duration For Training Data Sizes Of Each Year
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FI1GURE 4.11: Comparison of mean model training time for each year of training
data up to a horizon length of three hours.
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FIGURE 4.12: Regression analysis of mean model training time for each year of
training data.

Furthermore, the regression analysis of the mean training times in figure 4.12 in-
dicates an approximately linear relationship between the model training time and
training data size. It can also be observed that as the prediction horizon length
increases the training duration for each training data size does vary appreciably.

These results show that there is a linear relationship between the model training
time (i.e., compute intensity) and the training data size. This is consistent with
the literature described in sections 3.4.2 and 3.2.1 which explains that additional
training data samples require additional computations to update the neural net-
work weights during training. These results also indicate that the model training

duration is insensitive to changes in prediction horizon length.

4.2.6 Discussion

The change in MAE with increasing prediction horizon length observed in figure
4.5 indicates that the models across each training data year were unable to mean-
ingfully predict the output. This can be seen by comparing the graphs of MAE
and R? score vs. prediction horizon length as shown in figure 4.13. The goodness
of fit analysis shows that for a prediction horizon of 3 hours the R? scores for the
majority of prediction models are at or below a value of zero. This means that the
predictive models with horizons longer than 3 hours are less effective than taking
the mean of the observed values. Therefore the extent of the effective prediction

horizon length for the models trained on this household load data is 3 hours.
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FIGURE 4.13: Illustration of the MAE and R? scores within the 3 hour predic-
tion horizon length.

The MAE for some predictive models using prediction horizons greater than 3
hours are similar to models within the effective prediction length. A comparison
of the observed and predicted power for 2 hour and 10 hour horizon length models
with similar MAEs (0.034 and 0.038 respectively) is shown in figure 4.14. Despite
having MAEs that are similar, the goodness of fit analysis shows the 10 hour pre-
diction model performs worse than the 2 hour model. This can be observed in
figure 4.14 where the 2 hour model predictions more closely follow changes in the
observed power and power peaks. By comparing both the MAE and R? scores it
can be seen that apparent improvements in the MAE beyond the 3 hour horizon
are not indicative of better model performance but rather predictions incidentally
resulting in smaller MAEs. This could be indicative of the predictive limitations
of the chosen LSTM architecture and would require changes to the architecture
and hyperparameter settings to improve the effective prediction horizon length.
In terms of load forecasting applications, a GEB system with an effective predic-
tion horizon of 3 hours is suitable for short-term load forecasting. This includes
residential DER management which requires coordination between DER gener-
ation, minutely to hourly changes in user consumption, and RTP tariffs which
changes hourly [191, 192].

Analyses of the power, energy and peak prediction errors for the Experiment B

models demonstrated that the addition of training data alone is not sufficient to
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Observed Power vs. Predicted Power: 1 Month Training Data, 2 Hour Horizon (Year 2)
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FIGURE 4.14: Comparison of observed and predicted power between 2-hour
and 10-hour horizon length models.

improve the model performance for extended prediction horizons. Yet, it is well
accepted in the literature that the training data directly impacts the model per-
formance, and that LSTM neural networks are capable of performing accurate
forecasts with extended prediction horizons [176, 177]. This further suggests that
the LSTM architecture chosen for this experiment does not process the training
data in such a way that additional training data reflects improvements in model
performance for multiple time steps. This means that, for a GEB, the specific
model architecture is a contributing factor for effective multiple time step load
forecasting in addition to the amount of training data.

The results of the model training duration analysis show that the computational
intensity increases with training data sizes, but does not vary appreciably as the
prediction horizon increases. This means that for this household and LSTM ar-
chitecture it is more resource efficient to predict longer horizons using smaller

amounts of training data.

4.2.7 Summary of Findings

The findings of Experiment B show that as the prediction horizon length increases

the goodness of fit between the predicted and observed profiles for each training
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FIGURE 4.15: Comparison of model prediction errors and training data size for
various data resolutions.

data size diminishes at similar rates. This relationship enabled the identification
of an effective prediction horizon length of three hours for the load profile under
investigation. It was found that the chosen LSTM architecture was not able to
reflect improvements in model performance for additional training data. The re-
lationship between the training data size and the change model prediction errors
for extended horizon lengths is unclear.

It was shown that the computational intensity increases with training data sizes,

but does not vary appreciably as the prediction horizon extends.

4.3 Experiment C: Training Data Resolution and Training
Data Size

Experiment C investigates the relationship between the change in model perfor-
mance for different data resolutions as the training data amount increases. This
section details the experimental results and provides analyses of the model pre-
diction error and goodness of fit, as well as the residual energy and power peak
prediction performance.

A comparison of model prediction errors against the training data size for five dif-
ferent resolutions is shown in figure 4.15. Each plot in the figure represents results
obtained for training data originating from different years.

Starting from the Year 1 plot it can be observed that the MAE of models using 1

and 2-minute resolutions are the lowest for each training data size. The maximum
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and minimum MAESs for the 1-minute resolution are 0.034 and 0.019 respectively
and for the 2-minute resolution are 0.047 and 0.029 respectively. This indicates
that for this year the 1 and 2-minute resolution models have the highest prediction
accuracy compared to the lower resolution models i.e., 5, 15 and 30-minutes. It
can also be observed that the MAE decreases for each additional training data
size. The additional 11 months of training data between the 1-month and 12-
month models produce a 45% and 38% reduction in MAE for the 1 and 2-minute
resolutions respectively.

Furthermore, it can be observed that the 2-minute models trained on larger data
sizes begin to produce MAE values comparable to those of 1-minute resolution
models. This is seen at the 6-month data size model with an MAE of 0.035 which
is similar to the 1-minute resolution model MAE of 0.038 which occurs at 1-month
of data. This shows that lower resolution models can achieve similar performance
to higher resolution models given additional training data.

For the 5, 15 and 30-minute resolution models it is observed that their respective
MAE values are in close proximity to each other across each training data size
compared to the 1 and 2-minute models. Similar MAE values for models of dif-
ferent resolutions can be observed between the 5 and 15-minute models for the
1-month data size with MAEs of 0.052 and 0.058 respectively, and between the 5
and 30-minute models for the 6-month data size with MAEs of 0.045 and 0.049
respectively. This suggests that models for these three resolutions produce similar
prediction performance.

Like the 1 and 2-minute resolution models the 5-minute model MAEs decrease
with every training size increase, with a maximum MAE of 0.052 and a minimum
MAE of 0.044. Yet, the 15 and 30-minute models do not follow this trend and
demonstrate increases in error for some of the larger training data sizes. For the
15 and 30-minute resolutions increases in MAE can be observed from the 6 to
12-month data sizes and the 9 to 12-month data sizes respectively. This indicates
that for lower resolutions additional training data does not necessarily result in
improved prediction performance.

In Year 2 the 1 and 2-minute resolution models demonstrate behaviour similar to
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the previous year: having the lowest MAE for models across each training data
size with maximum and minimum MAEs for the 1-minute resolution of 0.020 and
0.008 respectively and for the 2-minute resolution 0.020 and 0.008 respectively.
The MAE also decreases for increases in training data size with 60% and 59%
reductions in MAE between the 1 and 12-month training data sizes for the 1 and
2-minute resolutions respectively.

Compared to Year 1 the prediction errors for the 5, 15 and 30-minute resolu-
tion models are more dissimilar to each other than in Year 1 with no overlaps
in prediction error observed. This indicates a change in their relative predictive
performances.

The 5-minute resolution models demonstrate similar behaviour to those in Year 1
with the exception of producing lower MAEs compared to the 15 and 30-minute
models. This indicates improved performance of the 5-minute models and sug-
gests that the Year 2 data is more effective for slightly lower resolution models
than Year 1.

The 15 and 30-minute resolution models initially exhibit high MAE values between
from the 1 to 6-month training data sizes and then begin to reduce, indicating im-
proving performance. Models produced from the lower resolution remain the least
accurate, but unlike Year 1 the MAE for the lower resolution models improves for
larger training data sizes.

In Year 3 the behaviour and patterns for models of each resolution and training

data size are similar to those observed in Year 1.

4.3.1 Model Prediction Error Analysis

The results from figure 4.15 indicate three key relationships between the model
prediction accuracy, training data size and data resolution.

Firstly, the model performance decreases as the data resolution reduces. An anal-
ysis of the mean difference in MAE relative to the 1-minute resolution models
is shown in figure 4.16. It can be seen that the models trained on the 2-minute

resolution data produce relatively small mean difference values across each year.
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FIGURE 4.16: Mean Difference In MAE For Lower Resolution Models Relative
to 1-Minute Resolution Models.

As the model resolution decreases the mean difference increases, reaching a peak
value at a resolution of 30 minutes.

Secondly, models trained on low (i.e, 5, 15 and 30-minute) resolution data can
achieve prediction performance similar to that of high (i.e., 1 and 2-minute) res-
olution models when trained on larger sets of data. For example in Year 1, the
2-minute resolution model with six months of training data has an MAE of 0.035
which is similar to the MAE of 0.038 for the 1-minute model trained on one month
of data. Similarly, the 15-minute resolution model with six months of training data
has an MAE of 0.048 which is less than the MAE of 0.050 for the 5-minute model
trained on the same amount of data. As the training data increases the MAE
for all model resolutions generally decreases. As a consequence, the MAE for low
resolution models at larger training data sizes can decrease to values less than or
comparable to the MAEs of the high resolution models achieved using the same
or smaller training data sizes.

From a study of the impact of training data size on LSTM performance by Boul-
maiz et al and the results of Experiment A in section 4.1 it has been found that
additional training data generally improves the performance of prediction mod-
els [4]. A similar behaviour is observed in figure 4.15 as the model performance
generally increases with larger training data size for each resolution. The intro-

duction of additional predictor (i.e., feature) samples enable the LSTM network to
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FIGURE 4.17: Box plot analysis of MAE distributions for models of each reso-
lution.

more effectively update the neural network weights, which produces more accurate
models.

Lastly, models trained on lower resolution (i.e., 5, 15 and 30-minute) data demon-
strate similar prediction performance to each other when compared to the higher
resolution (i.e., 1 and 2-minute) models. A box plot analysis comparing the MAEs
for each resolution size is shown in figure 4.17. It can be seen from figure 4.17 that
in Year 1 and 3 the low resolution models share similar median values that are
larger than that of the high resolution models. In Year 3 the 5-minute resolution
shows a distribution more closely aligned to that of the high resolution models,
but for the 15 and 30-minute models their median and interquartile ranges are
still closely matching.

As discussed in section 3.4.3 using a higher resolution captures the changes in
power usage more accurately than using a lower resolution. The box plots of the

model MAEs in figure 4.17 show that the profile patterns of the 1 and 2-minute
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models are statistically similar to each other and distinct from the patterns of the

5, 15 and 30-minute resolution models.

4.3.2 Energy Analysis

To evaluate the energy prediction performance analyses of the predicted and resid-
ual energy values were determined for select models produced in Experiment C.
Figure 4.18 shows the predicted and observed power profiles, energy and residual
energy for the 1, 5 and 30-minute resolution models trained on 360 days of data
in Year 1.

From the plots of predicted vs actual power it can be observed that the visual
match between the observed and predicted power diminishes as the resolution de-
creases from 1 to 30-minutes. The visual match for the 1-minute resolution model
shows very small differences between the predicted and observed plots, demonstrat-
ing good model performance. As the resolution decreases the predicted profiles
start to fit the observed data points more poorly. This indicates a decline in the
predictive model performance for decreasing data resolution.

The value of observed energy is 28.9 kWh. The 1-minute resolution model pre-
dicts an energy value of 25.1 kWh which is a 13.1% error from the observed energy.
As the data resolution decreases the predicted energy error increases, reaching a
maximum error of 43.0% at a resolution of 30-minutes.

Lastly, from the plot of residual energy the amount of incorrectly predicted energy
is at a minimum value of 5.7 kWh at the 1-minute resolution. A similar pattern
is observed where the residual energy increases as the data resolution decreases.
A maximum residual energy value of 13.2 kWh occurs at the 30-minute resolution
model.

The results from the energy analysis indicate that the model energy forecasting
ability degrades as the resolution decreases. In table 4.5 a summary of the residual
energy for each of the models including their respective MAE values from figure

4.15 are shown.
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FIGURE 4.18: Comparison of predicted and observed power and energy for 1,
5 and 30-minute resolution models.

4.3.3 Power Peak Analysis

To evaluate the power peak, an MPE score was calculated for the models produced
in Experiment C. Figure 4.18 shows the observed power peaks and predicted power
profiles for the 1, 5 and 30-minute resolution models trained on 360 days of data
in Year 1.

For a 1-minute resolution the MPE is at a minimum of 0.48 kW. Visual inspection
shows that at this resolution the predicted profile closely matches the observed
peaks.

As the resolution decreases the MPE increases, with a value of 1.1 kW observed
at the 5-minute resolution and a maximum MPE of 1.2 kW at the 30-minute reso-
lution. Visual inspection of the observed and predicted profiles shows increasingly
poor matches between the observed and predicted profiles for the 5 and 30-minute

resolutions.

TABLE 4.5: Summary of power and energy predictions for select models.

Resolution (minutes) | Observed Energy (kWh) | Residual Energy (kWh) | MAE | % Residual Energy
1 28.94 5.7 0.021 19.7
5 28.12 11.1 0.044 38.5
30 28.11 13.2 0.053 45.8
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F1GURE 4.19: Comparison of the observed power peaks and predicted power
for the 1, 5 and 30-minute resolution models

These findings show that the ability for the models to predict large power peaks
diminishes as the resolution decreases. In table 4.6 a summary of the MPE for

each model including their respective MAE values from figure 4.15 are shown.

4.3.4 Goodness of Fit

To evaluate the prediction profile goodness of fit, an R? score was calculated for
each model produced in Experiment C. As discussed in section 3.5.2 an R? score
of one indicates an exact match between the predicted and observed profiles but a
score of zero indicates that the predicted profile fits as well as a mean line of the
observed values. Figure 4.20 shows a comparison of R? against training data size
for each of the models over a three year duration.

Starting from Year 1 the R? scores show that the 1 and 2-minute resolution models

TABLE 4.6: Summary of power peak predictions for select models.

Resolution (minutes) | MPE (kW) | No. of Peaks | MAE
1 0.48 185 0.021
5 1.05 34 0.044
30 1.22 10 0.053
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FIGURE 4.20: Comparison of R? scores for 1, 5, 15, and 30-minute resolution
models over 3 years.

follow similar trends.

The scores for the 1 and 2-minute resolution models are the highest for each train-
ing data size. The maximum and minimum MAEs for the 1-minute resolution
are 0.53 and 0.88 respectively and for the 2-minute resolution are 0.39 and 0.77
respectively. This shows that the predicted profiles of the 1 and 2-minute models
provide the closest fit to the observed profile compared to the other resolution
sizes. It can also be observed that the R? score improves for larger training data
sizes with a 66.1% improvement from the 1 to 12-month training size for the 1-
minute resolution and a 95.5% for the 2-minute resolution.

For the lower data resolutions (i.e., 5, 15 and 30 minutes) it can be seen that there
are larger reductions in the R? score compared to the higher resolutions (i.e., 1
and 2 minutes). This indicates that the predicted profile fit degrades for models
at lower data resolutions.

The minimum and maximum R? scores of the 5-minute resolution models are 0.11
and 0.43 respectively. There is 79.2% decrease between the maximum R? scores of
the 2 and 5-minute models. This difference is over 5 times greater than the 13.6%
reduction in maximum R? scores between the 1 and 2-minute models.

At 30-minutes the model performance is at its poorest. The model R? scores begin
to approach values at or below zero, with values of -0.41 and 0.04 at the 1 and
12-month training sizes respectively. This indicates severe reductions in prediction
performance as the predicted profiles from these models are about as accurate as

taking the mean of the observed profile values.



Chapter 4. Results And Discussion 81

Year-Over-Year Mean R? Score For Each Model Resolution

0.84 I Year 1 (2007-2008)
Il Year 2 (2008-2009)
0.6l . = Year 3 (2009-2010)
g
o 0.4
O
)
x
S 0.2q
[}
=
0.01
_0.24

1 2 5 15 30
Resolution (Minutes)

FIGURE 4.21: Mean R? scores of each year for 1, 5, 15, and 30-minute resolution
models.

From the Year 2 scores it can be seen that the 1 and 2-minute resolution models
exhibit similar behaviour to the previous year, with the highest and second highest
R? scores respectively, which also increase with increases in training data size.
The 3-minute resolution models show improved performance over the models of
the previous year with 54.2% and 41.9% increases in the minimum and maximum
R? scores respectively.

The 15-minute resolution models of Year 2 show a reduction in performance com-
pared to the previous year, with over 60% of the models having R? scores that
are below zero. Similarly the 30-minute resolution models demonstrate a sharp
decline in performance with 80% of them attaining R? scores below zero.

In Year 3 the trends and behaviour for models of each data resolution and training
data size are largely the same as those observed in Year 1.

To quantify the performance of each model resolution in figure 4.20 a mean of the
R? scores was calculated for each year of training data. The results are shown
in figure 4.21. It can be seen that the R? score mean for each year decreases as
the model resolution decreases; with a maximum mean score of 0.79 at a 1-minute
resolution and a minimum mean score of -0.24 at 30-minutes. These results corrob-
orate the previous observations of figure 4.20 which indicated that a lower model

resolution reduced the model performance.
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4.3.5 Discussion

Analysis of the prediction errors in figure 4.3 showed that the model performance
decreases as the data resolution decreases. For GEB load forecasting this means
that there is a trade-off between forecasting quality and measurement device costs.
Using lower resolution devices generally costs less than higher resolution devices
but will result in less accurate prediction models.

Yet, an additional finding from these results show that the reduced performance of
lower-resolution models can be improved to some extent with additional training
data. This means the trade-off between prediction performance and device cost can
be mitigated using larger amounts of training data. Lower resolution devices can
produce models that achieve performance comparable to models trained on higher
resolution data. Furthermore by comparing the distribution of model errors for
each data resolution the extent to which a lower resolution model can approximate
higher resolution performance can be estimated. For instance, in Year 1 of figure
4.1 the performance of the 2-minute resolution models becomes comparable to the
1l-minute resolution after 6 months of additional training data. This means that
the efficacy of a GEB load forecasting system that uses cheaper measuring devices
can improve appreciably over time.

The results in figure 4.1 show that between the 30 and 1-minute resolution models
there is a change in MAE from 0.053 to 0.021 which is a 60.4% reduction. From the
energy and power peak analysis, this corresponds to a change in residual energy
from 45.8 kWh to 19.7 kWh which is a 57% reduction, and a change in MPE from
1.2 kW to 0.48 kW which is a 154% decrease. This indicates that reductions in
power prediction error produce appreciable improvements in the energy and power
peak prediction performance. Conversely, as the model prediction performance
degrades at lower resolutions the amount of erroneously predicted energy increases.
This means that the trade-off between power prediction accuracy and device cost
also significantly impacts the ability to participate in energy-sensitive applications
such as TOU tariffs and energy markets.

The findings from figure 4.20 and figure 4.21 indicate that the predicted models fit
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the observed data more poorly as the model resolution decreases. For a 30-minute
resolution it can be observed that the R? score achieves negative values and it can
be inferred that resolutions less than 30 minutes would produce even lower scores.
This relationship between the model resolution and the R? score is useful as an
assessment tool to estimate the extent to which the resolution of a GEB load profile
can be reduced while still producing accurate prediction models. As explained in
section 3.5.2 an R? score less than or equal to zero means that the predicted
model fit is comparable to or worse than a mean line of the observed values. This
indicates that the model does not meaningfully predict the target variable and is
not viable. Therefore, the zero-line for the plot of R? score vs. training data size
can be used as a threshold to estimate the minimum viable measurement resolution

and thereby determine the minimum appropriate measuring device resolution.

4.3.6 Summary of Findings

The Experiment C findings show the model performance decreases for models
trained on lower data resolutions. In addition it is found that lower resolution
models can achieve similar performance to higher resolution models when trained
on larger datasets. The relationship between data resolution and training data
size enabled the estimation of the extent to which lower resolution models can
approximate higher resolution model performance. Furthermore, the goodness of
fit was found to decrease for predicted profiles of models trained on lower reso-
lution data. This finding showed that the load profile under investigation has a
minimum viable data resolution of 30 minutes. It is also shown that reductions in
data resolution produce appreciable degradations in the energy and power peak

prediction ability of each model.

4.4 Chapter Summary

In this chapter the results of the three experiments used to investigate the rela-

tionships between several design parameters and their impact on model fidelity
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are analysed and discussed.

Experiment A examines the extent to which increasing amounts of training data
can improve model prediction accuracy and the computational cost required. The
relationships between training data size and model performance, as well as training
data size and compute intensity are shown to be approximated by an exponential
decay and linear functions respectively. This finding enabled the identification of
a resource-efficient upper training data size limit of 450 days.

Experiment B examines the extent to which an increase in training data amount
can improve the model accuracy for increasingly large prediction horizons and the
computational cost required. The relationships between the training data size and
prediction horizon length showed similar reductions in goodness of fit between the
predicted and observed profiles across each training data size. This finding enabled
the identification of an effective prediction horizon range of 3 hours.

Experiment C examines the relationship between the change in model perfor-
mance for different data resolutions as the training data amount increases, and
the change in computational resources required for training models on different
data resolutions. It is shown that the model performance decreases as the training
data resolution decreases, but lower resolution models can approximate the model
performance of higher resolution models by using larger training data sizes. These
relationships enable an estimation of the extent to which lower resolution models

can improve their model performance for a given set of training data.



CHAPTER 5

Conclusion And Future Work

This chapter presents a summary of results and highlights key findings from ex-
perimental work in section 5.2. Discussions of improvements and future extensions
of this work are presented in section 5.3. Finally the concluding remarks for this

dissertation are presented in section 5.4.

5.1 Introduction

The objective of this research work was the investigation of the following question:
To what extent can the relationship between machine-learning design parameters
and their predictive model fidelity inform model design choices for practical load

profile applications?
The following objectives were formulated to answer this question:
e Investigate the relationships between training data size, prediction model
error and compute intensity.

e Investigate the relationships between prediction horizon length, training data

size, model prediction error and compute intensity.

e Investigate the relationships between data resolution, training data size and

prediction model error.

This chapter details the results from this work and links the findings to the research

question and set objectives.

85
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5.2 Findings

The key findings from this work are summarised as follows:

e The training data size parameter is shown to have an exponentially decaying
relationship with the prediction model performance and a linearly increasing
relationship with the computational intensity of model training from equa-
tions 4.1 and 4.2 respectively. These relationships can be used to identify
the extent to which the training data size can be increased before improve-
ments in model performance become disproportionately small compared to
the computational resource cost required to train the model. For the load
profile used in this investigation this was found to be a training data size of

450 days. (Chapter 4, section 4.1.1)

e The statistical dispersion of measurements within the load profile data are

shown to reduce the model prediction accuracy. (Chapter 4, section 4.1.4)

e The R? score of the predicted load profiles is shown to decrease as the predic-
tion horizon parameter increases. This relationship can be used to identify
the extent to which the horizon can be extended while still producing vi-
able predictions. For the load profile and LSTM architecture used in this
investigation the effective prediction horizon length was found to be 3 hours.

(Chapter 4, section 4.2.4)

e Prediction performance is shown to degrade as the data resolution hyper-
paramater for each model decreases, but lower resolution models can ap-
proximate the performance of models trained on higher resolution data by
increasing the training data size. The relationship between the data resolu-
tion and model prediction error can be used to estimate the extent to which
a lower resolution model can achieve the performance of a higher resolution

model. (Chapter 4, section 4.3.1)
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e The R? score of the predicted load profiles is shown to decrease as the data
resolution hyperparamater decreases. This relationship can be used to iden-
tify the minimum viable data resolution. For this load profile the minimum

data resolution is found to be approximately 30 minutes. (Chapter 4, section

4.3.4)

e Improvements in the power prediction performance are shown to produce
appreciable changes in the models’ energy forecast accuracy. (Chapter 4,

section 4.1.3 and 4.3.3)

5.3 Future Work

The LSTM architecture used for this work was sufficient to produce viable predic-
tion models for experimentation. However, future implementations of this archi-

tecture should be improved to deliver higher performance output:

e Include additional training features such as temperature, weather conditions

and home occupancy to improve model performance.

e Investigate alternative LSTM architectures and hyperparameter settings suited
to extended prediction horizon forecasting. Longer effective prediction hori-
zons enable more applications for GEBs such as automated energy market

management.
e Consider alternative loss functions for model training.
The experiments performed in this investigation have been shown to identify sev-

eral relationships between model design parameters and the model fidelity. How-

ever some improvements for this experimentation can be considered:

e Perform frequency-domain analyses of the load profile data to determine the

effects of power usage frequency on model performance.
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e Examine and compare design parameter relationships for load profiles of

similar homes from different geographical locations.

e Consider real TOU tariff rates to improve evaluation of the energy prediction

performance.
e Use load profile data spanning a longer time period.

e Include an additional experiment to investigate changes in model perfor-

mance for different rates of model re-training frequency.

Exploration of this work could be considered for the following future applications:

e Classify load profiles based on residential features and examine to what ex-
tent the design parameter relationships generalise across different residence

classes.

e Investigate the integration of the load forecasting models as part of a resi-

dential energy trading management system.

5.4 Conclusion

In concluding this work, the three research objectives and how they address the

research question are discussed.

The first objective was to investigate the relationships between training data
amount, prediction model error and compute intensity. To achieve this, Experi-
ment A was conducted to develop a series of power prediction models each devel-
oped using an increasingly large amount of training data. The model prediction
error and compute intensity (in terms of model training time) were measured.
It was shown that for the load profile under investigation the training data size
and model prediction error relationship can be modelled by an exponential decay
function, and the training data size and compute intensity relationship can be

modelled by a linear function.
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The second objective was to investigate the relationships between prediction hori-
zon length distance, training data amount, model prediction error and compute
intensity. To achieve this, Experiment B was conducted to develop a series of
power prediction models developed on increasingly large sets of training data, us-
ing increasingly long prediction horizon lengths. The model prediction error and
compute intensity (in terms of model training time) were measured. It was found
that for each training data size, as the prediction horizon length increased the
goodness of fit between the predicted and observed profiles diminished at similar
rates. The relationship between the training data size and model prediction errors
for extended prediction horizon lengths was unclear. Future work can improve the
LSTM architecture for more effective extended prediction horizon forecasts.

The third objective was to investigate the relationships between data resolution,
training data size and prediction model error. To achieve this, Experiment C was
conducted to develop a series of power prediction models developed on increasingly
large sets of training data of different resolutions. The model prediction error and
compute intensity (in terms of model training time) were measured. It was shown
that the model prediction error increases for models trained on decreasing data
resolutions. Furthermore it was found that lower resolution models can achieve
model prediction errors comparable to higher resolution models by using larger
training data sizes.

These three objectives were derived from the research question: To what extent can
the relationship between machine-learning design parameters and their predictive
model fidelity inform model design choices for practical load profile applications?
Based on the results from this experimental investigation it has been affirmed
that the relationships between the model prediction error and training data size,
prediction horizon length and data resolution parameters can be used to inform
model design choices including: maximum resource-effective training data size, ef-
fective prediction horizon length, minimum viable data resolution and the extent
of low-resolution model improvement for additional training data.

Therefore this work represents a contribution towards the development of a ML

model design tool for more efficient design parameter tuning in practical load
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forecasting environments. This shows potential to enable more time and resource

efficient implementations of load forecasting systems for GEB applications.
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