r Unive[sitg of
Nottingham

e
UK | CHINA | MALAYSIA

Simulation of the future home
energy management system

Thesis submitted to the University of Nottingham for the degree of
Doctor of Philosophy, Oct 2023.

Zhihao Hua, MSc., BSc.
20101269

Supervised by

Prof. Mark Sumner
Prof. David William Philip Thomas



Abstract

As global energy trends move toward electrification, managing home energy
efficiently has become a key research area. This involves studying the
behaviour of household devices and systems like electric heaters, ground
source heat pumps (GSHPs), water heaters, and electric stoves. Reliable
energy management is important to ensure consistent energy supply and
reduce wastage. This research aims to create models for different household

energy systems and validate their accuracy.

This research employed a range of techniques to ensure the accuracy and
reliability of data and models. Firstly, the reliability of the load and PV
datasets was significantly improved after applying the KNN (K-Nearest
Neighbors) and SVM-GMM (Support Vector Machine and Gaussian Mix-
ture Model) algorithms. Secondly, through the creation and validation of
models for several heat energy systems like electric heaters, GSHPs, water
heaters, and electric stoves, a comprehensive understanding of these en-
ergy subsystems was achieved. Thirdly, the study showcased the potential
of Markov Chain simulations in accurately representing the inherent ran-
domness of electric vehicle (EV) operations. Strategic integration of Home
Energy Management Systems (HEMS) in hybrid houses with gas heating
was identified to optimize energy consumption, promoting cost efficiency.

The research further highlighted the implications of household appliance



electrification and EVs on domestic electricity consumption and its man-
agement. Importantly, an economic analysis underscored the feasibility of
both traditional and ”all-electric” residential schemes, while also bringing
to light the significant environmental considerations, particularly regarding

greenhouse gas emissions.

Advanced models for energy systems, including electric heaters and GSHPs,
were developed and validated. Implementing Home Energy Management
Systems (HEMS) in hybrid houses showed potential in optimizing energy
use, reducing costs, and aiding in the electrification of household appli-
ances. Furthermore, the study highlights the economic feasibility and envi-
ronmental impact, especially concerning greenhouse gas emissions, of tra-
ditional and ”all-electric” residential schemes. Lastly, the exploration of
community-level energy strategies demonstrates the potential for enhanced

energy utilization and economic efficiency.

This research provides a concrete foundation for future investigations in
the field of household energy management. By integrating detailed energy
sub-models, the study offers an conprehensive view of household energy
dynamics, which can guide strategic energy management at both individ-
ual and community levels. Moreover, the insights into the economic and
environmental impacts of different energy management approaches ensure
a balance between economic feasibility and environmental responsibility.
By addressing challenges and highlighting directions for future research,
the findings contribute to global sustainability goals and evolving energy

trends.
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Chapter 1

Introduction

1.1 Background

In the contemporary global scenario, energy plays an important role in daily
activities and industrial operations. With the rise in the global population
and the expansion of urban regions, there has been a significant increase in
energy consumption. This growing demand for energy presents challenges,
especially when considering environmental implications. Conventional en-
ergy sources, primarily derived from fossil fuels, have been identified as
major contributors to environmental issues such as global warming and air
pollution [1]. In response to these challenges, there is a pronounced shift
towards renewable energy sources, including solar and wind power. Uti-
lizing these sustainable energy sources not only mitigates environmental
impacts but also addresses the concerns of a potential global energy cri-
sis. Within this framework, the importance of energy management at the
household level has gained prominence. The emergence of systems such as
Home Energy Management Systems (HEMS) offers households the capa-

bility to transition from being solely energy consumers to also functioning
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as energy producers, moving towards a sustainable energy future [2].

In recent years, the concept of managing energy within households has
transformed significantly. In the previous years, households were simply
consumers of energy, relying on national grids and conventional energy
sources. With advancements in technology and increased awareness of en-
vironmental sustainability, however, the paradigm has shifted. HEMS have
been introduced as innovative solutions to address the complexities of mod-
ern energy needs. These systems enable households to monitor, control,
and optimize their energy consumption [3]. Furthermore, with the integra-
tion of renewable energy sources, such as solar panels, households have the
potential to produce their own electricity, reducing reliance on external en-
ergy supplies [4]. This not only leads to cost savings for the consumers but
also aids in decreasing the carbon footprint, promoting a greener and more
sustainable environment. The incorporation of HEMS in modern homes
symbolizes a step forward in the realm of energy management, responding

aptly to the challenges of the current era [2, 5, 6].

As the global focus shifts towards sustainable energy solutions, significant
technological advancements have been made in the field of home energy
management. The introduction of smart meters, advanced sensors, and
Internet of Things (IoT) devices have enabled real-time monitoring and
efficient energy consumption within households [7, 8, 5]. These technolo-
gies provide detailed insights into energy usage patterns, allowing for the
optimization of consumption based on daily routines and external factors

such as weather conditions.

Moreover, the integration of renewable energy sources like solar panels and
wind turbines with home systems has seen considerable innovation. More

efficient photovoltaic cells and advanced energy storage solutions ensure
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that households can store more energy than before [4, 9]. However, with
these advancements come challenges, the intermittent nature of renewable
energy sources requires sophisticated algorithms and systems to ensure a
consistent energy supply. The integration of multiple energy sources and
the management of bidirectional energy flow, especially in homes that pro-
duce surplus energy, necessitates advanced Home Energy Management Sys-

tems.

Additionally, there are concerns about the initial costs of setting up these
advanced systems, cybersecurity threats related to connected devices, and
the need for regular maintenance and updates [10, 11, 12]. Addressing
these challenges is essential to ensure that the technological advancements
in home energy management are not only efficient but also sustainable and

secure in the long run.

Battery technologies have seen a significant evolution, especially with the
rise of penetration of electric vehicles (EVs) and the need for sustainable
energy storage solutions in households. Electric vehicles, equipped with
high-capacity batteries, have introduced new dimensions to home energy
systems. These vehicles can serve as mobile energy storage units, allowing
for the energy to be stored during off-peak hours and used during peak de-
mand [13]. This bidirectional flow of energy, often referred to as Vehicle-to-
Grid (V2G) and Vehicle-to-Home (V2H) interactions, provides households
with flexibility in managing their energy consumption and costs. The inte-
gration of EV batteries with household energy systems also offers potential
benefits in grid stabilization, especially in regions with high renewable en-
ergy penetration. However, this integration presents challenges, such as the
need for advanced management systems, concerns about battery lifespan
due to frequent charging and discharging, and infrastructure requirements

14, 15).
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Household thermal demands (primarily for heating and hot water) consti-
tute a significant portion of total energy consumption. The way households
meet these thermal demands has direct implications on their energy sys-
tems. Traditionally, many homes relied on fossil fuels for heating, leading
to high carbon emissions [16]. However, with advancements in technol-
ogy, there has been a shift towards electric heating solutions, such as heat
pumps, which are more efficient and environmentally friendly. Integrating
these heating solutions with other home energy systems allows for optimiza-
tion of energy consumption based on thermal needs. For instance, surplus
energy from solar panels can be stored for energy demand or used to power
heating systems. However, meeting fluctuating thermal demands requires
sophisticated control algorithms and efficient insulation to ensure energy
is used with optimization [17]. Addressing these challenges is crucial to
ensure that households can meet their thermal needs in an energy-efficient

manner.

The realm of home energy management has witnessed increasing complex-
ity due to the integration of diverse energy sources, advanced devices, and
varying consumer behaviours. To address this complexity and design effi-
cient energy management strategies, the application of models and simula-
tions has become imperative [18]. Through accurate models, it is possible
to replicate real-world scenarios, predict energy consumption patterns, and

test different energy management strategies under various conditions.

Simulations offer a platform to analyse the performance of Home Energy
Management Systems, evaluate the efficiency of energy storage solutions,
and gauge the impact of renewable energy integration. They help in under-
standing how different components of a household's energy system interact
with each other and how external factors, such as weather patterns or grid

outages, might influence energy consumption and production [19, 20].
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Furthermore, models and simulations play a crucial role in the design and
development of algorithms that optimize energy consumption, ensuring
that households can meet their energy demands in the most cost-effective
and environmentally friendly manner. However, the accuracy of these mod-
els and simulations is paramount. Inaccurate models can lead to ineffi-
ciencies, increased costs, and suboptimal energy utilization [21, 22, 23].
Therefore, continuous research and refinement of these tools are essential

to reflect the evolving landscape of home energy management.

1.2 Structure of the Proposed Model

Navigating through the complexities of home energy management requires
a detailed, well-structured model. This research introduces a comprehen-
sive model (Figure 1.2.1), structured around several key sub-models, each
with a specific role and function in managing, predicting, and optimizing

household energy usage.

The Local Household Load Data sub-model brings in crucial data about
past and present energy use, laying a solid foundation for the model. The
Photovoltaic (PV) sub-model predicts household solar energy output, while
the Electric Vehicle (EV) sub-model manages the energy interactions be-
tween the home and the vehicle. Human activity and its impact on energy
use are managed by the Occupational sub-model. Thermal energy needs, a
significant component of energy management, are addressed through spe-
cific sub-models managing different aspects of heating. Finally, the Bat-
teries and Home Energy Management Systems (HEMS) sub-model brings

everything together, managing and optimizing the entire system.

Each of these sub-models is explored in more detail in the following chap-
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Figure 1.2.1: The structure diagram of models and related chapters

ters, providing a clear view of the entire model and its ability to manage

household energy effectively.

1.3 Aims and Objectives

Navigating through the complex world of household energy management,
especially in the light of technological advancements and sustainability ef-
forts, requires a meticulous and comprehensive approach. When households
evolve from simple energy consumers to potential energy producers and
storers, thanks to innovations like solar panels and battery technologies, a

thorough investigation into this dynamic and the associated technologies is
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crucial.

In this context, this research pivots towards understanding the complex
elements of household energy systems. The aim is to carve out strategies
that optimize energy use and minimize environmental impacts, while also
addressing the challenges and potentials offered by renewable energy inte-

gration and technological advancements in energy management strategies.

Aims and Objectives:

e Explore Energy Component Dynamics: Investigate the roles, chal-
lenges, and potentials of various energy components, such as PV sys-

tems, EVs, and HEMS in household energy management.

e Develop and Validate Optimization Strategies: Create strategies to
optimize energy use while ensuring minimized environmental impacts

and enhanced sustainability.

e Enhance Model and Simulation Accuracy: Improve the reliability
of models and simulations in predicting and strategising household

energy management, aligning them closely with real-world scenarios.

e Analyse and Compare Sub-Models: Integrate and contrast the roles
and outputs of different sub-models, forging a comprehensive house-

hold energy model for efficient and optimal energy management.

e Assess Economic and Environmental Impact: Evaluate the proposed
models and strategies in terms of their economic feasibility and envi-

ronmental impact, balancing cost-effectiveness and sustainability.

e Apply Strategies at a Community Level: Explore the application

and implications of the developed energy management strategies at a
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community level, investigating the potential benefits for community

energy sharing and overall sustainability.

The above aims and objectives establish the structural framework of this
research, providing a focused, structured, and impactful exploration into
household energy management. Through a combination of theoretical anal-
ysis, model development, and practical application, this study aims to chart
a course through the intricate domain of current and future household en-
ergy management, contributing valuable insights and strategies to the field

of sustainable energy use.

1.4 Contributions

This research navigates through the field of future home energy manage-

ment, carving out noteworthy contributions as follows:

e Integration of Sub-Models: Development and synchronization of var-
ious energy sub-models, establishing a comprehensive model that ac-

curately represents and predicts household energy dynamics.

e Algorithm Development: Introduction and validation of innovative
algorithms, optimizing energy management with a special focus on

battery operations, thermal requirements, and EV functionalities.

e Strategy Analysis: Comprehensive evaluation of energy management
strategies, scrutinizing technical, economic, and environmental as-
pects, and providing a well-rounded perspective on their practical

implications.
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e Predictive Accuracy Enhancement: Refinement of models and simu-
lations, ensuring enhanced predictive accuracy and reliability in real-

world applications.

e Comparative Strategy Analysis: An in-depth comparative analysis of
traditional and electrification schemes, yielding nuanced insights into

their respective merits and challenges.

e Scalability and Applicability: Ensuring developed models and strate-
gies possess broad applicability and scalability, applicable across di-

verse scenarios and scales.

e Community-Level Application: Extending insights to the community
level, exploring potentials and challenges in community energy man-

agement and sharing.

1.5 Structure of the Thesis

Chapter 2 begins with a thorough literature review, dissecting current re-
search and identifying gaps in home energy management, laying the foun-

dation for the detailed analysis that follows.

When it comes to Chapter 3, load curves and PV datasets are carefully
explored, emphasizing the critical role of accurate data in forecasting en-
ergy demand and solar generation. Chapter 4 focuses on the complexities
of home energy management system (HEMS) and battery modelling, dis-
secting the subsystems and decoding control algorithms that are critical to

optimal home energy management.

Chapter 5 then delves into modelling EV operations and occupancy dynam-

ics, linking these elements to energy utilization patterns and highlighting
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their critical role in household energy needs. Chapter 6 delves into the
thermal dimension of home energy, building and analysing models related
to individual heating aspects and weaving this together with occupancy
patterns to present a comprehensive view of home thermal energy manage-

ment.

In Chapter 7, the developed models are combined and reviewed, compar-
ing the traditional and electrified scenarios through rigorous analysis. This
chapter further conducts a detailed life cycle assessment (LCA) and extrap-
olates the findings to the community level, providing a macro perspective
on the potential impact and utility of the proposed models and strategies.

The Chapter 8 comes to the conclusion of the thesis.

10



Chapter 2

Literature Review

2.1 Introduction

Home energy management is becoming more and more important, espe-
cially with concerns about the environment and the rise of new technology.
Modern homes are now able to both use and make power. This shift is
thanks to systems such as Home Energy Management Systems (HEMS).
These systems not only streamline energy consumption but also integrate
renewable energy sources, making households both efficient and eco-friendly
[24, 25]. Advancements such as the integration of Internet of Things (IoT)
devices have paved the way for more dynamic and responsive HEMS, op-

timizing energy consumption patterns [26].

Increasingly, households are adopting solar panels for electricity generation.
Such initiatives not only offer cost savings but also promote sustainable
energy consumption, reducing carbon footprints [27, 28]. HEMS play a big
role here by showing how much energy is being used and helping to use it

in the best way [29, 30].

11
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The adoption of Electric Vehicles (EVs) is witnessing a surge [31]. As
home charging becomes essential, HEMS play a pivotal role in scheduling
optimal charging times, shifting energy consumption to off-peak periods
and ensuring efficient energy use [32], and the use of green energy when it

is available [33].

However, there are still some problems. For example, solar panels, while
efficient, may face inconsistencies in power generation due to varying cli-
matic conditions [34]. HEMS, therefore, must possess adaptability to man-
age such variations, ensuring continuous energy supply [35]. Also, people
have their own habits and needs. A good HEMS should be easy to use and
not affect how people live [36, 37]. With many different devices in homes
today, making them all work with HEMS in a safe way can be challenging
(38, 39].

To sum up, HEMS offer a promising way to manage home energy, but
there are still challenges to overcome. These require new solutions and

understanding of how people use energy.

Nowadays, prioritizing energy conservation and environmental sustainabil-
ity is crucial. Home energy management plays a central role. Modern
homes are evolving to consume energy and produce it. This transforma-
tion is attributed to technological advancements, societal shifts, and envi-
ronmental considerations. The integration of solar panels, electric vehicles,
and advanced battery storage in households marks a significant step to-
wards electrification, influencing energy landscapes and setting precedents

for future urban developments.

This literature review investigates the home energy management. The aim
is to highlight the complex interactions of technologies, strategies, and

user behaviours that characterize this domain. Emphasis is placed on the

12
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significance of effective Home Energy Management Systems (HEMS) in

guiding households towards a sustainable future.

The review begins with an in-depth analysis of load profiles and EV datasets,
emphasising the crucial role data holds in shaping effective energy manage-
ment strategies. The attention then shifts to HEMS and battery technolo-
gies, exploring their influence on household energy dynamics. Subsequent
sections delve into EVs and occupancy models, offering insights into the re-
lationship between energy consumption patterns and resident behaviours.
Thermal models are also discussed, highlighting their importance in achiev-

ing energy efficiency.

Concluding sections provide a comprehensive examination of integrated
models and the life cycle assessments of electrification. A comparison is
drawn between traditional energy paradigms and electrified alternatives,

focusing on their economic and environmental impacts.

Overall, this literature review underscores the importance of home energy
management in a rapidly electrifying global context and highlights the po-

tential of HEMS in crafting sustainable living environments.

2.2 Household Energy Demands and Chal-

lenges

The transition in the energy landscape sees households not just as energy
consumers, but also as contributors to the energy grid. This change in role
is evident with the distinct differences between past and present household
energy consumption and production. Especially, it is led by the increase

of electronic devices, the use of renewable energy sources, and the rise of

13
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electric vehicles [40, 13].

The energy demand in homes nowadays is undoubtedly on the rise. The in-
troduction of smart devices, combined with the desire for comfort through
advanced HVAC systems, has amplified energy usage. However, this grow-
ing demand is counterbalanced by the potential of electrification, pointing

to a future with more renewable energy [41].

Photovoltaic (PV) systems in homes showcase this shift. These systems
not only meet a household's energy needs but also have the potential to
provide excess energy back to the grid. Additionally, with more households
owning electric vehicles (EVs), there is a pressing need for home energy
management systems. These systems help plan the best times to charge

EVs, especially when relying on renewable energy sources [42, 13].

Using renewable energy sources like solar is not without its challenges,
particularly the inconsistency due to variable weather conditions. This
inconsistency demands homes to have effective energy storage solutions.
This becomes even more challenging in remote areas that are not con-
nected to the main power grid [43, 44, 45, 46]. This literature review
[43] explores the use of solar home systems in Malaita, Solomon Islands,
emphasising how island mode microgrids have enabled rural communities
to develop a localised energy identity. [47] compares the similarities and
differences between grid-forming and grid-following inverters: both types
synchronize and interface with the grid, but differ in methods such as fre-
quency droop control versus PLL, current-following voltage-forming versus
voltage-following current-forming, and their respective stability issues in

varying grid strengths.

Another factor to consider is the viewpoint of consumers. While there have

been many advances in home energy technology, their success depends on

14
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consumer adoption. People's willingness to invest in these systems varies,
influenced by their perceived advantages, cost concerns, and other factors

[48].

In conclusion, while the path to sustainable home energy management
shows promise, it comes with its own set of challenges, both technical and

behavioural, that need careful consideration.

2.3 Integration of Photovoltaic Systems with

Home Energy Management

Photovoltaic (PV) systems have seen significant growth in recent decades.
Initially utilized for specific applications, they have found their way into
regular households, driven by technological advancements and decreasing
costs [49]. These systems, once considered auxiliary, are now essential

components of modern energy solutions.

One of the transformative facts of PV systems is their role in redefining
households from mere energy consumers to potential energy producers [14].
With the integration of home energy management systems, households can
efficiently utilize solar energy, optimizing consumption patterns and even

contributing excess energy back to the grid.

The economic viability of PV installations has been a significant driver for
their adoption in households. Over the years, the costs associated with PV
installations have seen a considerable reduction, making it an attractive
investment for homeowners [50]. Analysing the costs associated with PV
systems, it becomes evident that not only do they offer environmental ben-

efits, but they also provide tangible returns on investment. The decreasing

15
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costs have been attributed to technological advancements, bulk manufac-
turing, and increased market competition, allowing more households to

harness solar energy without incurring excessive expenses [51].

Furthermore, the versatility of PV systems extends beyond just household
consumption. They are finding applications in specialized setups, including

DC homes, underscoring their adaptability [21].

However, the integration of PV systems into households is not without
challenges. Efficiently harnessing and managing the generated energy, es-
pecially during non-peak hours, remains an area of research and develop-
ment [52]. For instance, optimizing the storage and distribution of solar
energy during cloudy days or seasons with shorter daylight hours presents
logistical and technical difficulties. There are also challenges where the
grid is “weak”. A large amount of local PV connection can cause signifi-
cant local voltage variations, and this then requires innovative mechanisms
for local voltage control [53]. The “sunshine tariff” is a good illustration

of this challenge.

In summary, the synergy between PV systems and home energy manage-
ment is shaping the future of household energy consumption, offering a

sustainable and economically efficient path forward.

2.4 Battery Technology and Home Energy

Storage

Battery technology has experienced substantial advancements in recent
years, emerging as a cornerstone in the realm of home energy management.

Traditional energy storage mechanisms have given way to more efficient

16
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and sustainable battery solutions, ensuring that homes not only generate

energy but store it effectively for later use [54].

Modern battery technologies, particularly Lithium-ion batteries, have re-
ceived significant attention due to their high energy densities and longer
cycle lives, making them ideal for household energy storage applications
[55]. These advancements allow homes equipped with renewable energy
sources, such as PV systems, to store surplus energy produced during peak
hours and utilize it during periods of lower generation or adverse weather
conditions [56]. These developments have been critical in ensuring that
homes equipped with renewable energy sources, like PV systems, can store
excess energy produced during peak hours and utilize it during non-peak

hours or cloudy days.

Beyond mere storage, the integration of battery technology into home en-
ergy systems has paved the way for optimized energy consumption patterns
[57]. Advanced energy management systems now incorporate battery stor-
age solutions to balance energy demand, reduce grid reliance, and even

contribute back to the grid when necessary [58].

The growing popularity of electric vehicles (EVs) has further accentuated
the importance of battery technology in homes. With EVs becoming com-
monplace, homes now need to cater to their charging requirements, effec-
tively transforming the household energy landscape. The synergy between
home energy storage and EV charging can be seen as a two-way street —
while homes need to ensure adequate energy for EV charging, EVs can also
act as mobile energy storage units, potentially feeding back into the home

during high demand periods [59].

However, the integration of battery technology is not without challenges.

Factors like battery degradation, lifecycle estimation, and optimal inte-

17



2.5. THE DEVELOPMENT OF ELECTRIC VEHICLES AND THE
IMPACT ON HOME ENERGY SYSTEM

gration strategies with renewable energy sources remain areas of active
research [60, 61]. Additionally, for a more sustainable energy future, un-
derstanding the challenges of sustainability and the lifecycle impacts of
metals used in these batteries is vital to ensure a truly sustainable energy

storage solution [62].

In conclusion, battery technology has fundamentally reshaped the way
modern homes approach energy management, ensuring a more sustainable,

efficient, and forward-looking energy consumption paradigm.

2.5 The Development of Electric Vehicles and

the Impact on Home Energy system

In recent years, the evolution of electric vehicles (EVs) has been remark-
able, transitioning from niche products to mainstream transport options.
This transition has been fuelled by advancements in battery technology,

environmental considerations, and policy incentives [63].

The interplay between EVs and home energy is a fascinating aspect of
this revolution. With increasing home electrification, integrating EVs into
the home energy landscape has become paramount. Recent studies un-
derscore the importance of plugged-in electric vehicle-assisted demand re-
sponse mechanisms in managing home energy consumption [64]. Modern
HEMS are now designed to incorporate EV charging, ensuring efficient

charging without excessive reliance on the domestic grid [65].

The Vehicle-to-Home (V2H) concept, which also encompasses the broader
Vehicle-to-Everything (V2X) paradigm [66], showcases the intersection of

EVs with home energy. This allows EVs to not only draw energy from the
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home but also feed energy back into the home grid during peak demand
periods [67].

Moreover, combining photovoltaic (PV) systems with EV charging opens
new avenues for sustainable energy consumption. Homes equipped with
PV installations can utilize solar energy to meet the charging demands
of EVs, further reducing carbon footprints associated with transportation
[68]. Optimal integration techniques for hybrid solar-battery power systems

have been proposed to further enhance this synergy [58].

However, seamlessly integrating battery technology into home energy sys-
tems is not without challenges. Managing energy flows between multiple
EVs, especially in multi-household settings, remains a hot topic of research
[69]. Research indicates that developing effective energy management mod-
els for such scenarios is essential [70]. Additionally, integrating home ap-

pliances into this ecosystem can further optimize energy utilization [71].

In conclusion, the proliferation of EVs plays a significant role in the dynam-
ics of home energy consumption and management. As the lines between
transportation and home energy blur, innovative solutions will be key to

ensuring a sustainable and harmonious energy ecosystem.

2.6 Changes in Household Thermal Energy
Demand

Modern households face evolving thermal energy demands, influenced by

both external factors such as climatic changes and internal factors like tech-

nological advancements and shifting lifestyles [72]. Primarily, the thermal

energy demands of households encompass heating, hot water supply, and
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cooking [73]. Traditionally distinct, these elements are now converging

under the comprehensive concept of home energy management.

A noticeable trend in home heating is the transition from traditional sys-
tems to more sustainable alternatives [72]. Heat pumps, solar thermal
systems, and biomass heating systems offer reduced carbon emissions com-
pared to traditional fossil fuel-based systems. It is not just about comfort,
and heating also has significant implications for a home's carbon footprint
[74]. For instance, the energy efficiency and carbon implications of domes-
tic tasks like cooking have been highlighted, underscoring the importance

of everyday activities in the broader energy picture [74].

Water heating, another significant energy consumer, is undergoing its own
transformations. Research into the heating of water emphasized the influ-
ence between configuration of work to hydraulic resistance of water flow in
boilers, focusing the pressure drop and water flow in devices [75]. Newer
technologies, such as on-demand or tankless water heaters, offer energy-
saving potential by providing hot water only when it is needed, reducing
standby energy losses. User interaction with smart home technologies is
an emerging facet of thermal demand management [76]. Engagement with
these intelligent systems has been shown to enable more efficient heating
[77, 78]. Moreover, the need to align user perceptions and expectations
with smart home interfaces have been stressed, indicating that effective
thermal management is as much about user understanding as it is about

technological sophistication [77].

Various factors can shape decisions around heating systems. For example,
research has indicated that events like relocating can have a profound im-
pact on residential heating choices [79], and other studies have delved into

the roles of knowledge, social norms, and habits in shaping these decisions
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[30).

The study examines four national household heat transitions, including
China, Denmark, Finland, and the UK [81]. The heat pump system and
gas heating is widely used in high latitude areas, while the solar heating
system is applied in others. The effective energy frameworks are as crucial

as technical advancements in facilitating energy transitions.

In a holistic approach to home energy, an integrated strategy incorporating
both electricity and gas consumption was proposed [73]. This combined
method highlights the overarching theme of comprehensive home energy
management, where thermal needs are balanced with other energy require-

ments.

2.7 Models and Future Development of Home

Energy Management

The energy landscape of homes has undergone significant transformation
over the past decade, and models play a pivotal role in managing these
changes efficiently. Several models have been proposed to aid in Home En-
ergy Management (HEM), and while they have paved the way for smarter

energy usage, there is room for improvement.

Existing HEM models often separate energy components, lacking an inte-
grated perspective. This segmentation fails to harness the synergies that
can arise from a unified system, such as the integration of solar power, bat-
teries, and electric vehicle charging [82]. Another challenge is the unpre-
dictable nature of domestic energy consumption. Predicting energy needs

with high accuracy has proven to be a difficult task for many of the current
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models [83].

Recognizing these challenges, researchers have been working on developing
more robust models. The Predictive Home Energy Management System
(Predictive HEMS) is a significant advancement in this area. P-HEMS
employs predictive algorithms to forecast and strategic energy usage, in-
tegrating solar panels, battery storage, and electric vehicle consumption
[84]. The integration of IoT and artificial intelligence is emphasized in
HEMS [29]. Such integrations enhance real-time monitoring and predictive

control, ensuring the optimal energy consumption.

A model is introduced to minimize energy costs by leveraging renewable
energy sources and storage [85]. The approach underscores the significance

of integrating diverse energy inputs for efficient home energy management.

Centralized models, such as the one proposed by [86], utilize a predictive
control strategy. By assimilating multiple energy sources, these models
enable a harmonized energy flow, maximizing efficiency. Stochastic mod-
elling methods have also emerged as a promising approach, providing a
more adaptive planning based on probabilistic data [6]. The overarching
aim is to create an all-encompassing energy management model that holis-

tically considers all elements of home energy [3].

Particular models also prioritize customization. Energy consumption pat-
terns differ from one home to another, emphasizing the need for personal-
ized energy management strategies. To this end, researchers are working
on models that can adapt to individual household needs, optimizing energy

consumption schedules to be both cost-effective and energy-efficient [87].

[88] highlighted a model aimed at minimizing the total cost of home energy

consumption. Its approach integrates solar power, electric vehicles, and
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batteries, demonstrating the potential of holistic models in future HEM

developments.

Within the UK, and specifically Nottingham, residential energy manage-
ment has been the focus of various model-based studies. The CREST model
(89, 90, 91] offers a probabilistic approach to estimating household electric-
ity consumption, balancing occupancy and demand simulations. A model
[89] introduces a stochastic multi-energy simulation for UK homes, pro-
viding insights into energy flow and dependencies across multiple vectors,
such as electricity and natural gas. Additionally, Marin et al. investi-
gate hierarchical energy management, aligning resources at household and
community levels to enhance microgrid reliability and efficiency [92]. Fo-
cusing on integrating renewables, the research [93] navigates minimizing
energy costs through a strategic alignment of solar power, electric vehi-
cles, and batteries. Moreover, machine learning predictions with microgrid
community management is studied, advocating for a dynamic, decentral-
ized approach [94]. These studies collectively underscore the significance of
integrated, predictive, and dynamic models in optimizing localized energy

systems amidst the complex nature of household energy management.

In modern energy systems, the rise of communities, including residential
areas, university campuses, and industrial parks, has enhanced system reli-
ability and economic efficiency. These communities reduce transmission
losses and improve system reliability through internal resource sharing
in standard operations. Additionally, during extreme conditions, micro-
grid communities can operate independently, disconnecting from the main

power grid to ensure system integrity and security [95].

Energy Management (EM) in these systems can be divided into central-

ized and decentralized formats, each with distinct framework topologies
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and control strategies addressing specific challenges [96, 97, 98]. However,
as microgrid (MG) communities grow and diversify in power electronic
components, they face challenges. Complex operational strategies become
computationally demanding. Issues like differing optimization goals among
MGs and potential security /privacy concerns hinder centralized EM deploy-
ment [96, 97, 98].

Recent research has shifted to decentralized management approaches for
MG communities, focusing on cost minimization [99, 100, 101], coalitional
transactions [102, 103], and other perspectives. However, while these stud-
ies are innovative, they show limitations related to optimization goals, com-
putational complexity, and potential security and privacy concerns in both

centralized and decentralized EM schemes.

A study in the ”Jono Zero Carbon Smart Community” shows that real-
time pricing (RTP) reduces annual electricity costs more effectively than
multistep pricing (MEP) and time-of-use pricing (TOU) [104]. The re-
sults suggest that RTP optimizes grid load and offers economic benefits,

providing insights for future energy policies and HEMS enhancements.

In recent years, Microgrid (MG) communities in modern energy systems
have gained significant attention. While past research has explored coor-
dinated operation and energy management in MG communities, there are
still key challenges and gaps to address. Specifically, earlier studies mainly
targeted larger MG communities, using complex optimization frameworks
and intensive computations, which might not suit smaller MG communities.
Also, most studies did not fully address the relationship between household

energy management and community-wide collaboration.

In conclusion, while strides have been made in modelling for HEM, the

journey towards a seamless, integrated, and adaptive home energy system
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continues. These advanced models signify a step in the right direction,
ensuring that homes of the future can meet their energy demands effectively

and sustainably.

2.8 Conclusions

The examination of various facets of Home Energy Management (HEM)

has elucidated several pivotal findings:

e HEM goes beyond simple utilization efficiency and emphasizes the
generation, storage and sharing of energy. This requires integrating
different systems and technologies, including photovoltaic (PV) sys-
tems, battery storage, electric vehicle (EV) charging and smart home

management systems.

e While technological developments such as Home Energy Management
Systems (HEMS) and Internet of Things (IoT) technology have ex-
panded the possibilities for HEMs, several challenges remain, includ-
ing inconsistent energy generation, complexity of system integration,

and user fluctuation acceptance.

e The spread of electric vehicles has changed domestic energy demand
and usage patterns. By integrating with home energy systems, elec-
tric vehicles not only change household energy consumption patterns,

but also bring new challenges and opportunities to HEM.

e Battery technology and energy storage occupy a central position in
HEM. They provide key solutions to overcome the instability and
uncertainty of renewable energy, while also creating new technical

and economic challenges.
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e User behaviour plays a crucial role in HEM. Understanding and pre-
dicting user behaviour, and incorporating this into system design, is

critical to achieving efficient energy management.

e Various models and algorithms play an important role in predicting
and optimizing HEM. They need to be continuously updated and op-
timized at the technical level and must adapt to increasingly complex

user needs and market dynamics in practical applications.

To face the challenges in the future home energy management, the listed

objectives should be achieved in the following chapters of the thesis, as:

e Data-Driven Challenges: Chapters 3 and 4 underscored the signifi-
cance of detailed and accurate load profiles, PV datasets, and battery
modelling to enable precise energy management. Thus, enhancing the
accuracy and reliability of predictive algorithms and energy simula-

tions is imperative.

e Behavioural Dynamics: Emphasizing chapter 5, the incorporation of
human behaviour, particularly occupancy and EV usage patterns,
into energy management models and strategies, is vital for achieving

realistic and sustainable energy management outcomes.

e Thermal Energy Management: Insights from chapter 6 highlight the
evolving thermal energy demands and the need for advanced models
that effectively integrate these within the overall HEM. Addressing
the challenges in integrating thermal models with other subsystems

in HEMS can pave the way for more holistic energy management.

e Integrated Models and Electrification: Chapter 7 underscores the

need for integrated models that encapsulate all energy vectors and
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subsystems. Furthermore, exploring the Life Cycle Costs (LCC) and
Life Cycle Assessment (LCA) of various electrification strategies and
technologies is vital to understanding their economic and environ-

mental implications.
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Chapter 3

Load Profiles and PV
Generation Data for the

Simulation Studies

3.1 Collected Domestic Load Profiles and

PV Datasets

3.1.1 Introduction

The rapid global shift towards renewable energy sources has been largely
influenced by the alarming increase in greenhouse gas emissions and the
subsequent impact on climate change. Among the various renewable energy
technologies, solar photovoltaic (PV) systems have gained significant atten-
tion due to their cost-effectiveness and the abundant availability of solar
energy. With the increasing penetration of solar PV systems in residential

settings, a comprehensive understanding of household energy consumption
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patterns and PV generation characteristics has become paramount.

Modeling and forecasting of household load curves have been an active
research area. Traditional methods such as regression analysis and time
series forecasting are widely employed in the literature. [105] using a Gaus-
sian process to model and predict the half-hour electricity demand greatly
reduces the computational burden. More recently, advances in machine
learning techniques have provided a more sophisticated approach to cap-
turing complex patterns in load profiles. For example, a method using
artificial neural networks provides a weather-dependent national electricity

load spectrum based on a large amount of data across Europe [22].

The advent of smart metering provides granular data, allowing researchers
to better capture the variability and uncertainty of load profiles. Resi-
dential Load Driven by Smart Meter Data considers operational scenarios
for demand response and establishes methods for defining and evaluating

operational potential [106].

Recent studies on PV output power forecasting and estimation have ex-
plored three main model types: phenomenological, stochastic/statistical
learning, and hybrid models [107]. Deterministic approaches use physical
phenomena and software like PVSyst and SAM to predict PV plant output,
but they may struggle to handle uncertainties in PV power data. In con-
trast, probabilistic models, such as ensembles of deterministic forecasters,

can describe uncertainties but come with high computational costs [108].

Machine learning models like Neural Network (ANN), Support Vector Ma-
chine (SVM), Multiple Linear Regression (MLR), and Adaptive Neuro-
Fuzzy Inference System (ANFIS) offer statistical and data-driven forecast-
ing without prior knowledge of the system [109, 110]. They prove versatile

and adaptable in various contexts and have been investigated for other re-
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newable energy sources. Combining different models in hybrid or ensemble
approaches can further improve prediction performance. Optimizing ANN

in deterministic techniques can enhance accuracy for PV power forecasting.

Traditional research mainly focused on point forecasting for predicting
the PV power generation, but due to the inherent variability of solar re-
sources, errors can be produced, which misguide energy management de-
cisions [111, 112]. Probabilistic forecast models offer a better alternative,
providing more detailed predictions to manage risks and improve system
efficiency. However, most methods rely on complete input and recorded
datasets, and missing data can significantly affect model performance [113].
A range of methods have been explored to impute the missing data, includ-
ing statistical methods and machine learning-based methods, have been
applied to deal with this issue, although challenges persist in capturing

complex patterns and handling high computational costs [114, 115].

Despite the extensive research on household load profiling and PV gener-
ation prediction, few studies integrate these two aspects using real-world
data. Moreover, there is limited research exploring the use of SVM com-
bined with Gaussian mixture models (GMM) for PV simulation. The re-
search in this chapter aims to leverage studies that consider the integration
of real-world household load profiles and photovoltaic generation datasets
into comprehensive household energy models. Specifically, it addresses in-
terpolation of missing data in load curves and PV output predictions to

use better quality data for integration with subsequent models.

The first section provides an overview of the domestic load and PV datasets
that were collected. It provides information about the data, including
some preliminary analysis of the data's characteristics. The second section

focuses on the load profiles. It begins with an introduction, proceeds with

30



3.1. COLLECTED DOMESTIC LOAD PROFILES AND PV
DATASETS

the presentation of the algorithm used to handle missing values in the load
data using k-nearest neighbours (KNN), and ends with an analysis of the
results. The third section is about the photovoltaic (PV) system. It starts
with an introduction, then presents an algorithm that combines support
vector machines (SVM) and Gaussian mixture models (GMM) to predict

PV power generation.

3.1.2 Datasets Description

This study utilized a comprehensive household load database, named as the
“Meadow SQL database”, containing detailed information about energy
consumption at the residential level. This dataset was obtained from local
smart meter collection and covers a time period from 2018 to 2021, as part

of a research study undertaken at the University of Nottingham.

The database contains 27 residential households, each with their unique
identifiers. These households are located in Nottingham, and from a wide

spectrum of the typical UK residential power usage.

The collected data includes the power consumption of each household at
one-minute intervals. The dataset presents a time-series format where each
row corresponds to a specific date and time. Apart from power usage,
the dataset also contains the relevant active power, reactive power, PV
generation and battery usage . The additional data provides context and

allows for more in-depth analysis of household energy patterns.

To ensure data quality, several pre-processing steps were undertaken. These
included cleansing data, imputing missing values, normalizing for further
use. This method would be mentioned in the section of the load profile

process.
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3.1.3 Statistical Analysis of the Load and PV Profiles

Upon analysis of the household electricity consumption data, an average
daily energy use of 8.38 kWh was calculated for the examined households.
This value spans a broad range from a minimum of 4.20 kWh to a maxi-
mum of 19.69 kWh, indicating significant variability in domestic electricity
demands and lifestyle habits. In comparison, official data published by the
UK government reports an average daily electricity consumption for UK
households between 8.5 and 10 kWh, suggesting the representativeness of

the sample set in this study [116].

Further examination revealed that the mean self-consumption rate from
photovoltaic (PV) systems stood at 29.37%, with a span from 22.01% to
43.59%. This figure demonstrates the substantial role of domestic PV sys-
tems in meeting electricity needs. The range of this metric, however, signi-
fies notable disparities in the efficiency and benefits of PV systems across
different households. Findings from the University of Oxford indicate that
UK households with solar PV self-consume 45% of their own solar genera-
tion on average, suggesting a lower PV self-sufficiency in the sample set of

this study compared to the national average [117].

Overall, these analytical outcomes provide vital insights into understanding
domestic energy consumption patterns and the role of renewable energy
sources, such as PV, in domestic energy provision. This information bears
significant implications for the formulation of more effective energy policies

and the promotion of renewable energy use.
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3.1.3.1 Seasonal Analysis

The Figure 3.1.1 provides a comparative representation of the average
household energy consumption, broken down by minutes of the day, for

three scenarios: overall average, summer average, and winter average.
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Figure 3.1.1: Minute by minute average domestic load in all, summer and
winter seasons

The x-axis represents the 24 hours of the day while the y-axis shows the
average load in watts. It is evident that there are distinctive patterns in

the hourly energy consumption, which differ across the three scenarios.

Throughout the day, a general trend can be observed wherein the energy
consumption is relatively low during the early morning hours, rises to peak
during the late afternoon and early evening, and then gradually decreases
towards midnight. This pattern can be attributed to typical household

behaviour, with increased appliance use and activity during waking hours.

Comparatively, the summer average load curve shows lower energy con-
sumption during the day but higher consumption during the late afternoon
and evening hours. The long sunshine time leads to extended evening ac-

tivities and entertainment.
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On the other hand, the winter average load curve indicates higher energy
consumption during the morning and evening hours. This is likely due to
the increased use of heating appliances during the colder months. Inter-
estingly, the winter curve also shows an additional peak around midnight,
which is not present in the summer curve. This could possibly be explained
by the use of electric blankets or heating devices during sleep hours in win-

ter.

These findings highlight the significant role that seasonal variations play in
shaping household energy consumption patterns. Understanding these vari-
ations can contribute to more effective demand response strategies, energy-
efficient appliance design, and better grid management, especially with the

move to the electrification of heating.

3.1.3.2 Weekday and Weekend Analysis

The Figure 3.1.2 presents a comparative analysis of the average household
energy consumption patterns between weekdays and weekends, segmented

by the minute of the day.
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Figure 3.1.2: Minutely average household load for weekdays and weekends

The x-axis represents the 24 hours of the day, while the y-axis quantifies
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the average load in watts. Two distinct lines correspond to the average

energy consumption on weekdays (blue) and weekends (orange).

Overall, it can be observed that the energy consumption during weekends
tends to be relatively higher during the daytime and early evening hours,
compared to weekdays. This is likely attributed to increased occupancy

and activity levels within households during these periods on weekends.

On weekdays, there is a noticeable peak in energy consumption in the early
morning hours, potentially due to morning routines before work or school.
This peak is less pronounced on weekends, suggesting a shift in routine,

possibly due to later wake-up times.

In contrast, energy consumption during the late-night hours does not ex-

hibit much variation between weekdays and weekends.

These findings underscore the importance of differentiating between week-
days and weekends when analysing residential energy consumption pat-
terns. Such insights can support the design of time-of-use electricity pricing

schemes and demand-side management strategies.

3.1.3.3 Load and PV Patterns by Month

The Figure 3.1.3 provides a monthly breakdown of the average daily energy

load and photovoltaic (PV) energy production.

The x-axis represents the 12 months of the year, while the y-axis signifies
the total energy in kilowatt-hours (kWh). The blue and orange bars cor-
respond to the average daily energy load and PV generation, respectively,
for each month. The peak power of PV panels ranges from 1.403 to 3.84
kW for different houses.
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Average Daily Load and PV Generation for Each Month
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Figure 3.1.3: Monthly average daily load and PV

A clear seasonal pattern is observable in both energy consumption and PV
production. The PV generation exhibits a pronounced increase from March
to July, with a peak in May, mirroring the increase in sunlight hours and
intensity during the summer months. This trend is conversely mirrored in

the winter months, where PV production dips due to reduced sunlight.

On the other hand, energy consumption does not show a similarly pro-
nounced seasonal pattern. While there is a noticeable increase in energy
consumption during the colder months (November to February), the varia-
tion is less marked than the PV production. The daily load is low compared
to the other months. This might be due to the lack of data in load profiles
of February, leading to the rising demand for the high quality home profiles

with pre-processing methods.

It is not surprising that the energy load exceeds the PV generation through-
out the year, with the gap being more pronounced during the winter
months. This underscores the need for supplementary energy sources or
storage solutions to fully meet household energy demands, especially in
seasons with lower solar energy production. These findings highlight the

importance of considering seasonal variation in both energy consumption
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and PV production when designing and implementing solar energy systems

and policies.

As the trend toward full electrification of households continues, the en-
ergy consumption patterns are expected to further change. For example,
with the integration of electric heating systems replacing traditional gas or
oil heating, a substantial increase in electricity demand during the colder
months can be anticipated. This will widen the gap between energy con-
sumption and PV generation during the winter months. Thus, in order to
accommodate the shift towards full electrification, future energy systems
need to be designed with increased capacity and efficiency. This could
involve larger or more efficient PV installations, increased energy storage
solutions, or a combination of these and other measures. In addition, the
reliance on grid energy during periods of high demand, such as the winter
months, highlights the importance of maintaining robust and reliable grid

infrastructure, which would be discussed in the following chapters.

3.2 Pre-processing of the Load Profiles

3.2.1 Introduction

Data cleansing and data imputation are vital parts of the data preprocess-
ing process and are crucial across all types of data, including household
load data. Implementing these steps enhances data quality, paving the

way for more precise and efficient subsequent data analysis and modelling.

The primary goal of data cleansing is the elimination of errors and incon-
sistencies that might exist in the dataset. Erroneous data, which could

be due to device malfunctions or errors during data collection, leading to
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outliers or incorrect values, is a common issue. Additionally, duplication
of data can introduce bias, making the analytical results inaccurate if the
same event has been recorded multiple times. Lastly, inconsistencies in the
data could emerge due to variations between data sources or discrepancies

in formats, units, and encoding methods.

Conversely, data imputation is a process adopted to handle missing values
within the dataset. Missing data can be a result of a multitude of factors
during the data collection process, such as device failure or signal loss.
Data imputation aims to make full use of the data, mitigating the impact
of missing data on the results of the analysis. There exist a variety of
methods for data imputation, including the deletion of missing data if the
missing values are minimal, simple interpolation such as using the average
of the data before and after the missing value, and advanced interpolation

methods, like time series or regression analysis for predicting missing values.

By conducting data cleansing and data imputation, a dataset of higher
quality, completeness, and consistency is obtained. This greatly aids in

making the following data analysis and modelling phases more beneficial.

3.2.2 Load Profile Imputation Algorithm

The k-nearest-neighbours method is widely used for complete missing data
[118]. The algorithm implements an imputation technique to fill in missing
data in a year-long residential load curve. The load profile is represented as
a 2D matrix with 1440 rows and 365 columns, with each cell representing
one minute of load on a particular day throughout the year. Missing load
data, which often occurs due to errors or interruptions in the data collection

process, can be populated by borrowing information from other dates with
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similar load characteristics. In this case, first of all, the algorithm will use
a simple function to detect single and consecutive null values, which means
that there is no data record at this point in time. This information will
help subsequent algorithm processing. The flow chart of the algorithm is

shown in Figure 3.2.1.
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Figure 3.2.1: Flow chart of the proposed imputation algorithm
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Given a certain missing portion within a day, the proposed imputation
algorithm constructs a preceding window from the present day (i.e., the
day with the missing portion). This window, denoted as present window,

consists of the preceding p minutes' load before the missing portion.
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The algorithm then compares the constructed present window with similar
windows from past days. In doing so, it calculates the sum of squared
differences (SS) between the present window and each past window. Here,
a past window refers to the load of the preceding p minutes from a past day
at the same time as the missing portion of the present day. Both the present
window and past window are normalized to ensure fair comparison. The
range of past days is fixed as 3 times of aimed neighbours, while weekday

and weekends are treated separately.

From the computed SS values, the algorithm identifies the k past days that
have the least SS with the present window, indicating they are the nearest
neighbours. These neighbours essentially represent days where the load

pattern before the missing portion was similar to that of the present day.

The imputation is carried out by calculating the mean load of the corre-
sponding missing portion across the k nearest neighbours. To account for
possible differences in the overall load level between the present and past
days, the mean load is adjusted by a blending factor. The blending factor
is the ratio of the total load of the present window of the mean total load

of the corresponding windows in the k nearest neighbours.

This process is repeated for every missing portion of the load profile until
all missing data are filled. The goal is to ensure the imputed data reflect
similar load patterns to those in days with similar load characteristics,
thereby maintaining the integrity and the pattern of the residential load

profile.

In summary, this function represents an application of the k-Nearest Neigh-
bours (k-NN) approach for imputing missing data in residential load pro-
files. It leverages the inherent temporal correlations in these load profiles,

particularly the daily cyclical pattern, to fill in missing data. This is based
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on the premise that load consumption at a given time tends to be sim-
ilar across days. As such, the load data from 'similar' days can provide
a reasonable estimate for missing data, resulting in a complete and more

accurate load profile.

The k-Nearest Neighbours (k-NN) imputation method might face issues
such as computational complexity, especially with large datasets, and chal-
lenges in determining the optimal 'k' value without inducing bias or overfit-
ting. The algorithm may struggle with accurately predicting missing values
during varied seasonal, weather, or usage conditions and may be sensitive
to outliers or non-representative data. Additionally, assuming ideal energy
usage across different days or households might not always be accurate,

potentially leading to imprecise imputations.

3.2.3 Results of Imputation

3.2.3.1 One Day Result

In Figure 3.2.2, the imputation is operated for one-year datasets is oper-
ated, and one day power graph is shown. The raw datasets are loaded
and used as a reference set. For the validation of the performance of the
proposed imputation algorithm, the modified load profile is used for input,
where 10% of raw one has been replaced by null. In this simulation, the k

value is 3, while p equals to 360.

The first subgraph shows the 'raw load profile' (reference load) through-
out the day, which serves as a benchmark or expected load profile. The
'reference load' is relatively smooth, showing typical patterns of electricity
consumption throughout a day. There are two clusters of noticeable peaks

in the load, which correspond to morning and evening hours, typically as-
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Figure 3.2.2: Load power graphs of raw datasets, modified test sample,
imputation result

sociated with high electricity usage. The reference load serves as the ideal
model of load consumption and is not affected by any external factors like
equipment failure or data loss. The 'modified load profile before imputa-
tion' (modified load) subgraph depicts the actual electricity consumption
recorded for the same day. Compared to the reference load, it has a sim-
ilar pattern but with deliberately introduced gaps. These gaps represent
missing or invalid data, as this series is to be used as the input for the
imputation test. The overall trend, however, remains largely similar to the

reference load, with peaks in the morning and evening hours.

The 'load profile after imputation' (imputation load) shows the load profile
after the application of the imputation algorithm to fill the missing data
points in the actual load. The most notable aspect is that it closely follows
the reference load, including at the points where the actual load had missing
data. This indicates that the imputation process has been successful in
filling the missing data in a way that aligns well with the expected load

profile. It is an affirmation of the efficacy of imputation algorithm.

The combined visualization of these three subgraphs effectively demon-
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strates the performance of imputation program. It filled the missing or
erroneous data in the actual load profile, making it closely follow the ref-
erence load profile. This has significant implications for load forecasting,
as accurate load profiles are crucial for effective electricity supply manage-

ment.

The differences between the modified load curve and the reference load
curve and between the estimated load curve and the reference load curve
further confirm the validity of the estimation method. Differences between
the modified data and the reference data were large at some points in time,
indicating outliers or missing values in the modified data, which was also
manipulated for the purpose of verifying the validity of the procedure. In
contrast, at most time points, the difference between the estimated and
reference curves was much smaller, suggesting that the estimation process
made the load curves more similar to the reference curves, illustrating that
the program successfully filled with a substantial portion of missing values.
In some time intervals, the imputed profile shows less divergence from the
reference profile due to specific strategies such as smoothing used by the

imputation method to avoid sudden peaks.

The correlation between the reference load curve and the modified load
curve was found to be perfect (1.0), which is expected since the modified
load curve was derived from the reference load curve with some modifi-
cations. The correlation between the reference load curve and the impu-
tation load curve is slightly lower (0.90), indicating that the estimated
data remain highly correlated with the original data, thus preserving gen-
eral trends and patterns, although some are still missing. The correlation
between the modified load curve and the imputation load curve was also
perfect (1.0), confirming that the estimation process was imputed based on

the modified load profile, and did not change the general trend of the raw
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data.

The average value of the reference load curve is 172.69, while the average
value of the load curve and the estimated load curve are slightly higher,
197.79 and 177.83, respectively. This is because some nodes are randomly
missing in the load curve, and some wrong nodes are also washed out, such
as the case where the load is less than 0. This theoretically invalid load
value is due to the fact that the initial load is derived from the energy
balance of the data in the database. Acquisition errors will affect the

results.

The standard deviation of the reference load curve is 424.29, while the stan-
dard deviations of the load curve and estimated load curve are 450.37 and
421.09, respectively. The fact that the standard deviation of the imputed
data is closer to the original data indicates that the imputation process

successfully preserved the variability of the data.

In summary, the KNN interpolation method is able to replicate the global
characteristics of the original load curve to a large extent. Although there
are small differences in the mean and standard deviation, the overall corre-
lation is still high. The interpolated data features are closer to the reference
value than the missing load curve. However, it should be noted that while
these global statistics provide useful indicators, they do not fully capture
all aspects of the data, which requires a more localized analysis, such as

the effect of different program parameters on the interpolation results.

3.2.3.2 Analysis of the Parameters of the Algorithm

The main objective of this analysis is to identify the combination of k and p

that minimizes the RMSE, indicating the optimal parameters for the KNN
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imputation. This method of selecting parameters is known as a grid search,
a common approach for hyperparameter optimization. Figure 3.2.3 shows

the RMSE results based on various k and p.
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Figure 3.2.3: Normalized RMSE based on changing k and p

The generated plot is a three-dimensional scatter plot visualizing the per-
formance of a K-Nearest Neighbours (KNN) imputation algorithm over a
range of parameter settings. The parameters under investigation are the
number of neighbours, denoted as k, and the length of the preceding win-

dow, denoted as p.

The x-axis represents the varying values of k, which in this case ranges from
1 to 20. The y-axis corresponds to different choices of p, which ranges from
60 to 600 with a step size of 60. The z-axis presents the Root Mean Square
Error (RMSE) resulting from the KNN imputation using the corresponding
k and p values. Each point on the plot represents the RMSE of the KNN
imputation for a specific combination of k and p. The trend line or surface
in the plot provides an overview of how RMSE changes with variations in
k and p. The normalized RMSE values for the provided data range from
29.4% (0.294) to 15.7% (0.157). The fluctuation within this range depicts

the error in the predicted results. Generally, as k and p values increase,
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a downward trend in the model's RMSE values is observed, implying an

improvement in model performance with an increase in the values of k and

P.

There is a negative correlation between k and p values and RMSE, fur-
ther confirming that the increase in k and p values can enhance model
performance. However, such negative correlation is not universal in all
circumstances. In certain specific cases, the RMSE does not significantly
decrease with an increase in the p values and may even slightly increase at
times. Upon closer inspection of the data, it can be seen that as the k and
p values increase, the decrease in RMSE slows down. Particularly, around
k values of approximately 15 to 20 and p values of approximately 300 to
400, there is a notable slowdown in the decrease of RMSE. This situation
might indicate that once k and p values exceed a certain threshold, further
increases do not continue to improve model performance and might even
cause overfitting, thereby reducing the model's generalizability. This result
shows the importance of parameter tuning, which requires finding the op-
timal combination of k and p to achieve the best model performance, while

also avoiding the issue of overfitting.

The task of imputing missing data for consecutive days presents unique
challenges. This is primarily due to the temporal variability in domestic
power usage, which can differ significantly across dates or seasons. For
instance, a household's energy consumption pattern of weekdays might be
considerably different from that on weekends. Likewise, energy usage could

vary between summer and winter seasons.

Therefore, when it is attempted to impute missing data for several consec-
utive days by borrowing from other days, the results may not accurately

represent the actual power usage for those missing days. Although statisti-
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cally the imputed data might appear reasonable, they may not realistically

reflect the energy consumption pattern for the missing days.

For example, if a missing Saturday's data is filled with data from Friday, it
might give a false impression that Saturday's energy consumption pattern
is similar to Friday's. However, in reality, since Saturday is a weekend, peo-
ple might spend more time at home, thus altering the energy consumption
pattern. Similarly, when filling missing winter data with summer data, it
might create a false impression that the energy consumption pattern in win-
ter mirrors that of summer. However, in reality, winter might necessitate

more energy for heating, thus altering the energy consumption pattern.

Taking these factors into account, in the data processing method mentioned
above, the algorithm helps imputation with surrounding similar days (week-

day to weekday, holiday to holiday).

The pre-processed datasets can provide high quality energy profiles for the

home model simulation and further studies.

3.3 Feature Extraction and Generation on

the PV Datasets

3.3.1 Introduction

The utilization of PV datasets in simulation serves a pivotal role in extract-
ing unique solar generation characteristics for different households. This
is imperative due to the diverse installation angles of solar panels, varying
local environmental conditions, and potential shading impacts, each at-

tributing to distinct energy output profiles per household. By meticulously
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simulating and analysing these datasets, inherent features of the individ-
ual household solar output can be isolated. These features, independent
from specific panel areas or configurations, provide a modular approach to
simulations, enabling them to be coupled with various panel sizes or max-
imum power outputs as per application necessity. This methodology not
only facilitates precise individualized energy predictions and modelling but
also empowers scalable and adaptable solar generation simulations, essen-
tial for strategic energy management, and future solar installation planning

and optimization.

The five machine learning methodologies in question, namely Linear Re-
gression, Decision Trees, Random Forests, Support Vector Machines, and
Neural Networks, each bear distinct traits and associations with photo-

voltaic power generation data.

As a fundamental and easily interpretable model, linear regression seeks
to establish a linear relationship between features and the target variable
[119]. If a linear relationship between photovoltaic power generation and
features such as solar radiation intensity exists, Linear Regression would
serve as a viable choice. However, it might not be optimal if the relationship

is non-linear or more complex.

Capable of handling both classification and regression problems, decision
trees can process non-linear relationships and are easily interpretable [120].
In cases where the relationship between photovoltaic power generation and
features is non-linear, Decision Trees may be a suitable choice. However,

they may overfit the data, especially when the dataset is relatively small.

As an ensemble model based on decision trees, random forests typically
demonstrate superior predictive performance and are able to prevent over-

fitting. Nevertheless, their computational complexity might render them
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unsuitable for smaller datasets [121].

Support vector machines (SVM) are models that can address both classi-
fication and regression problems [122]. They are adept at handling high-
dimensional data and non-linear issues. With the use of different kernel
functions, SVMs can adapt to complex non-linear relationships, which may

be immensely beneficial for predicting photovoltaic power generation.

As highly potent models, Neural Networks can process complex non-linear
issues [123]. However, they require substantial amounts of data, might
overfit on smaller datasets, and might exhibit extended training times and

poor interpretability.

The selection of Support Vector Machines appears to be a rational choice
for modelling the photovoltaic power generation data under consideration.
This preference is substantiated by several factors intrinsic to the dataset

and the nature of the problem at hand.

Firstly, the dataset predominantly comprises continuous numerical features
such as solar radiation intensity. The relationship between these features
and the target variable, photovoltaic power generation, is likely to be com-
plex and non-linear. Given these conditions, SVM, with its capability to
handle non-linear relationships via the use of different kernel functions,

emerges as a potentially powerful tool.

Secondly, the dataset under consideration might not be extensive. In the
face of small to medium-sized datasets, SVM typically demonstrates robust
performance. This is particularly relevant when the dataset size is insuf-
ficient to adequately train more complex models without overfitting, such

as Neural Networks.

Lastly, the dataset is presumed to be relatively devoid of noise or outliers.
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This absence of disruptive elements increases the likelihood of SVM finding
a good fit for the data. In scenarios where data is embedded with substan-
tial noise or outliers, the robustness of SVM towards these elements might

be compromised, leading to sub-optimal model performance.

While Support Vector Machines (SVMs) are powerful tools for modelling
complex relationships, they have limitations when it comes to dealing with
very large datasets and capturing small fluctuations and uncertainties. This
is particularly true for photovoltaic power generation data, which can ex-
hibit significant minute-to-minute variability due to factors such as rapid

changes in weather conditions.

SVMs tend to focus on the overall pattern in the data and may not ade-
quately capture these small, rapid fluctuations when trained on very gran-
ular data. Moreover, training SVMs on large datasets can be computation-

ally expensive and time-consuming.

To overcome these limitations, an approach that combines SVMs and Gaus-
sian Mixture Models (GMMSs) is used. The algorithm firstly trains an SVM
on hourly data, which reduces the size of the dataset and allows the SVM
to capture the overall daily pattern of power generation. Then, a GMM is
trained on the changes in power generation from one minute to the next.
The GMM, being a parametric model, is able to capture the statistical
properties of these rapid fluctuations with a relatively small number of pa-
rameters, and it requires significantly less data compared to non-parametric

models.

This two-step process, therefore, allows us to capture both the overall
trend and the minute-to-minute variability in photovoltaic power gener-
ation, making efficient use of the available data and overcoming the limi-

tations of using SVM alone.
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3.3.2 A Hybrid SVM-GMM Algorithm for Feature

Generation of PV profiles

Utilizing a meticulous dataset sourced from the “Meadow SQL database”
detailed in this chapter, the proposed algorithm receives comprehensive
inputs for PV power generation. This data, systematically stored and easily

retrieved, offers a view of diverse residential solar energy profiles.

The developed algorithm comprises two primary components: a Support
Vector Machine (SVM) model and a Gaussian Mixture Model (GMM).
The algorithm aims to predict the per-minute power generation from solar
panels while accounting for both the overall daily pattern (using the SVM)

and minute-to-minute variability (using the GMM).

Initially, the power generation data from the ”"Meadow SQL database”
is normalized by the maximum power output of PV installation in each
houses, effectively transforming the units from watts to a ratio of the ac-
tual power output to the maximum possible power output. This approach
facilitates the use of a single model for all panels, regardless of their size,

by eliminating the influence of the panel surface area on the power output.

Subsequently, an SVM model [124] is employed to predict the hourly power
generation. The SVM model is trained on a dataset consisting of solar
irradiance data for the entire year [125], the hour of the day, the day of the
year, and the identifier of the solar panel. The normalized power data from
the initial step is averaged for each hour, which reduces the variety and size
of the dataset. This process enables the SVM model to concentrate on the
overall daily pattern. The algorithm runs in Matlab, while the parameters
of a function are set as: ‘KernelFunction’, ‘ref'KernelScale’, ‘auto’. 30%

of the datasets are used as cross test datasets. The performance of the
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SVM model is evaluated using several metrics, including the Mean Squared
Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error
(MAE), and R-squared. R-squared is a statistical measure that represents
the proportion of the variance for a dependent variable that is explained

by an independent variable or variables in a regression model.

The algorithm's second component, a GMM, is utilized to simulate the
variability in power generation from minute to minute. The GMM is trained
on the differences in power output from one minute to the next for all solar
panels. This data is derived by calculating the difference between the
normalized power output in the first step for each consecutive minute. The
GMM is a parametric model, enabling it to capture the statistical properties
of these rapid fluctuations with a relatively small number of parameters,
and thus requires less data compared to non-parametric models. The k
value for the proposed GMM model is 2, while the regularization value is

0.1.

Upon training, the GMM can generate simulated minute-to-minute power
changes. These simulated changes are added to the SVM's hourly predic-

tions to produce the final minute-by-minute power predictions.

The effectiveness of the GMM is validated by comparing the mean and stan-
dard deviation of the actual minute-to-minute power changes with those
of the simulated changes. These statistical measures provide insight into
how well the GMM has captured the overall characteristics of the minute-

to-minute variability in the power data.
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3.3.3 Results Based on the Hybrid Algorithm

3.3.3.1 SVM Results

The Support Vector Machine (SVM) model has demonstrated a reasonable
level of performance when predicting hourly photovoltaic power generation
data, as evidenced by the provided metrics. The Mean Squared Error
(MSE) of 0.0151 and the Root Mean Squared Error (RMSE) of 0.1229
both suggest that the model can closely predict the actual power generation
with a fairly high degree of precision. Meanwhile, the Mean Absolute Error
(MAE) of 0.0594 indicates that the average difference between the model's
predictions and the actual values is relatively small, further confirming
the model's accuracy. Lastly, the R-squared value of 0.7179 represents
that the model can explain over 71% of the variance in the data, further
demonstrating the model's effectiveness. A specific day for the SVM results

would be shown by the GMM results in the following contents.

3.3.3.2 GMM Results

The raw datasets from the database and the generated data by algorithm
exhibit identical means, both approximating zero. This suggests that the
Gaussian Mixture Model (GMM) has accurately modelled the central ten-
dency of the power change distribution. As the mean signifies the aver-
age minute-by-minute power alterations, its approximation to zero in both

datasets indicates that, on average, there is no substantial power change.

However, the standard deviation of the simulated dataset is lower com-
pared to the empirical data (0.0319 versus 0.0476, respectively). Standard
deviation is a measure of data dispersion, and a lower value in the sim-

ulated dataset suggests that the modelled power changes are less volatile
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compared to the empirical observations. This reduced standard deviation
implies that the GMM model may be underestimating the variability in-
herent in the real power changes. As such, although the GMM captures
the general trend of power alterations, it may not fully replicate the actual

volatility observed in the solar power output.

3.3.3.3 Results of the PV Profile Generation

After the operation of the two parts of models, the feature generation
results of the PV generation model over three days of PV simulation is

shown in Figure 3.3.1 for further analysis.
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Figure 3.3.1: Comparison of results from the SVM and GMM parts of the
simulation

The combined graphs represent a comparison between actual and predicted
normalized photovoltaic power generation data (kW predicted power /kW
max PV power output) over a span of three days. The top graph corre-
sponds to a minute-by-minute prediction, and the bottom graph represents
an hourly prediction. The predictions were obtained by a combination
of Support Vector Machine (SVM) and Gaussian Mixture Model (GMM)

methodologies, where the SVM was utilized for the hourly prediction and
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the GMM was based on the SVM results to generate minute-by-minute

predictions.

In the top graph, the blue curve illustrates the predicted minute-by-minute
power generation, and the orange curve represents the actual minute-by-
minute power generation data. It can be observed that the predicted power
generation aligns well with the actual data, capturing the overall trends and
patterns. However, the model appears to underestimate the variability of
the actual data, especially during periods of rapid change. This discrepancy
could be attributed to the inherent challenge in accurately modelling the
minute-by-minute fluctuations in solar power due to factors such as rapid

changes in weather conditions.

In the bottom graph, the hourly power generation predicted by the SVM
is compared with the actual hourly power generation. The blue curve
represents the SVM-predicted power, and the orange curve denotes the
actual power. The model effectively captures the peak power generation
during the day and the absence of power generation at night. However,
similar to the minute-by-minute model, it also seems to underestimate the

variability during periods of rapid change.

In conclusion, while the combined SVM and GMM model provides a rea-
sonably accurate prediction of photovoltaic power generation trends over
the course of the day, there is room for improvement in accurately captur-
ing rapid changes and variability in power generation. Further refinement
of the model, or the incorporation of additional factors such as real-time

weather data, could potentially enhance its predictive accuracy.

In the integrated model, the simulated PV data, derived from the SVM-
GMM methodology, not only preserves the intrinsic characteristics of the

collected dataset but also adapts to various condition requirements dur-
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ing simulation. This ensures that the energy management and trading
strategies within a community are not only rooted in realistic PV gener-
ation patterns but also versatile and applicable under different simulation

scenarios.

3.4 Conclusion

In this chapter, the insights into energy consumption and PV generation
patterns offer a foundational understanding that can inform future energy
policies and renewable energy utilization strategies. The demonstrated
efficacy of the KNN imputation algorithm affirms its utility in managing
dataset integrity, albeit with noted limitations in handling consecutive days
of missing data. The SVM-GMM hybrid model exhibits potential as a pre-
dictive tool for PV generation, preserving dataset characteristics enhances
the versatility and applicability of the model in various simulation scenar-

108.

According to the analysis and discussion of results, the conclusion can be

listed as follows:

e Significant variability is observed in domestic electricity demands,

aligning with documented national averages.

e Mean self-consumption from PV systems demonstrates substantial
domestic PV system usage, albeit with notable efficiency disparities

across households.

e Seasonal and daily variations in energy usage patterns are accentu-
ated, underscoring the influence of temporal factors on consumption

and production profiles.
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The K-Nearest Neighbours (KNN) algorithm effectively handles the
imputation of missing data in power consumption profiles, with a

keen sensitivity to parameter selection via grid search methodology.

Challenges persist in imputing data for consecutive days, warranting
a nuanced approach that accounts for variation consumption patterns

across different days and seasons.

A hybrid model, combining Support Vector Machine (SVM) and
Gaussian Mixture Model (GMM), yields reasonable accuracy in pre-

dicting hourly PV power generation data.

While the model adeptly captures general PV generation trends and
patterns, variability, and rapid changes in power generation present

predictive challenges.

The simulated PV data, derived from the SVM-GMM methodology,
maintains intrinsic dataset characteristics while being adaptable to

varied simulation condition requirements.
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Chapter 4

Home Energy Management

System and Battery Control

4.1 Home Energy Management System

4.1.1 Introduction

A Home Energy Management System (HEMS) is an intelligent system de-
signed to optimize and manage the use of energy in households. HEMS
integrates and coordinates various energy devices and systems within a
home using advanced technologies and algorithms, aiming to achieve en-

ergy efficiency, cost-effectiveness, and sustainability.

For monitoring and control, HEMS utilizes sensors, smart meters, and other
monitoring devices to continuously track energy consumption and produc-
tion in a home [126, 127]. It can monitor electricity, gas, and water usage,
collecting relevant data. Additionally, HEMS has the ability to control the

operation of energy devices in a home, such as adjusting lighting, temper-
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ature control, and home appliances, to achieve efficient energy utilization

and conservation.

In the view of data analysis and optimization, HEMS analyses household
energy data and provides energy management advice and optimization
strategies [128]. It can develop optimal energy usage plans based on factors
such as user energy demands, energy costs, and energy supply-demand con-
ditions. By optimizing energy scheduling and flow, HEMS maximizes the
utilization of renewable energy sources, reduces energy waste, and lowers

energy costs and carbon emissions.

When involving the domestic users, HEMS encourages user participation
in energy management decisions and provides real-time feedback through
visual interfaces [129]. Users can monitor energy usage, set energy prefer-
ences, and view energy costs through mobile applications or online plat-
forms. User engagement enables a better understanding of energy consump-
tion and behaviour, allowing users to take appropriate actions to reduce

energy waste.

HEMS features intelligence and automation capabilities, automatically ad-
justing the operation modes of energy devices based on user preferences and
environmental conditions [130, 131, 132]. It utilizes artificial intelligence,
machine learning, and predictive algorithms to forecast energy demands,

optimize energy scheduling, and make real-time adjustments as needed.

In summary, implementing HEMS offers several benefits to households,
including reduced energy costs, improved energy utilization efficiency, de-
creased reliance on traditional energy sources, and providing a comfort-
able living environment while minimizing environmental impacts [133, 134].
HEMS is an intelligent home energy management system designed to achieve

efficient and cost-effective energy utilization through monitoring, control,
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data analysis, and optimization strategies. By involving users and provid-
ing feedback, HEMS empowers household members to effectively manage
and control their energy usage, leading to sustainable energy management

goals.

In this chapter, the battery degradation model will be established, and
various HEMS control algorithms will be operated and compared. Based
on this investigation, an economic sizing of the required battery and an

analysis of the home energy system will also be proposed.

4.1.2 HEMS Infrastructure

The HEMS (Home Energy Management System) infrastructure is a com-
prehensive framework designed to support and manage the operation and
optimization of residential energy systems. This infrastructure encom-
passes hardware, software, and communication technologies to enable en-
ergy monitoring, control, and optimization. A typical HEMS infrastruc-
ture with microgrids, ICT interface and intelligence management systems

is shown in Figure 4.1.1 [135].

The HEMS infrastructure typically includes multiple sensors and measure-
ment devices to monitor real-time energy flows and the electricity consump-
tion of household appliances [2]. These sensors can measure the power
generation of solar photovoltaic systems, the state of charge/discharge of
batteries, and the energy consumption of household appliances. Accurate

data collection from sensors is crucial for the operation and optimization

of HEMS.

The HEMS infrastructure utilizes data collection and communication tech-

nologies to gather and transmit sensor data. This can include wireless sen-
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Figure 4.1.1: A typical HEMS infrastructure [132]

sor networks, Internet of Things (IoT) technologies, smart meters, among
others. Data collection and communication technologies enable real-time
transmission of energy data to the HEMS system, forming the foundation

for energy management and optimization.

The HEMS infrastructure includes data storage and processing systems to
store and manage large volumes of energy data [136]. This can be cloud
servers, local storage devices, or distributed databases. Data storage and
processing systems analyze, aggregate, and store sensor data to support

subsequent energy management decisions and optimization.

The HEMS infrastructure requires powerful energy management software.
This software typically includes modules for energy monitoring, energy op-
timization, and energy forecasting. The energy monitoring module pro-

vides real-time visualization of energy data, the energy optimization mod-
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ule allocates, and schedules energy based on real-time data, and the energy

forecasting module predicts future energy demand and supply.

The HEMS infrastructure should have a user-friendly interface and con-
trol system to allow household users to conveniently monitor and control
the energy system. This can be a mobile application, a web interface, or
a dedicated control panel. The user interface and control system enable
household users to view real-time energy data, set energy optimization

strategies, and manually control the energy system.

The HEMS infrastructure should also include mechanisms for fault detec-
tion and safety protection to ensure the stable and safe operation of the
energy system. This can involve fault monitoring, alarm systems, current
overload protection, battery overcharge/discharge protection, and more.
Fault detection and safety protection mechanisms help mitigate the risk of

system failures and protect equipment and household safety.

In summary, the HEMS infrastructure is a comprehensive framework con-
sisting of sensors, data collection and communication technologies, data
storage and processing, energy management software, user interfaces and
control systems, as well as fault detection and safety protection. These
components work together to enable monitoring, control, and optimiza-
tion of residential energy systems, leading to improved energy efficiency,

reduced energy costs, and enhanced utilization of renewable energy.

4.1.3 Sub Systems in HEMS

In a Home Energy Management System (HEMS), several subsystems play a
crucial role in optimizing energy consumption and enhancing overall energy

efficiency. Some of these components include:
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Photovoltaic (PV) systems consist of solar panels that convert sunlight
into electricity. They are commonly integrated into HEMS to generate
clean and renewable energy for household consumption [137]. PV systems
help reduce reliance on grid power and can even feed excess energy back

into the grid through net metering.

Energy storage systems, typically in the form of batteries, are used in
HEMS to store excess energy generated by PV systems or during off-peak
periods [138]. Battery energy storage system can also be recharged using
cheap(er) electricity. These stored energy reserves can be utilized during
high-demand periods or when solar generation is insufficient. Batteries
enable energy shifting and help maximize self-consumption of renewable

energy.

Heating, Ventilation, and Air Conditioning (HVAC) systems are respon-
sible for maintaining indoor comfort and temperature control [139]. In
HEMS, HVAC components are often equipped with energy-efficient fea-
tures and smart control algorithms to optimize energy consumption based
on occupancy, weather conditions, and user preferences. This ensures effi-

cient heating and cooling operations while minimizing energy waste.

HEMS can integrate electric vehicles as a controllable load and energy
storage device [140]. EVs can be charged during periods of low electric-
ity demand or when renewable energy generation is high, thereby reduc-
ing reliance on fossil fuel-based transportation and enabling vehicle-to-grid
(V2G) capabilities. This allows EVs to serve as energy storage units and

supply electricity back to the grid during peak demand.

Smart appliances, such as refrigerators, washing machines, dishwashers,
and smart thermostats, are integrated into HEMS for optimized energy

management [139]. These appliances can communicate with the HEMS
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controller and adjust their operation based on energy pricing, user prefer-
ences, and grid conditions. They can also schedule their operation during

off-peak hours to take advantage of lower energy costs.

By integrating these components into a HEMS, homeowners can achieve
greater control over their energy consumption, reduce reliance on grid
power, maximize the utilization of renewable energy sources, and optimize

overall energy efficiency in their homes.

4.1.4 Developments and Challenges for HEMS

HEMS has gained significant attention in the research community as a
promising solution for optimizing energy consumption in residential build-
ings. Researchers have focused on various aspects of the HEMS, includ-
ing system architecture, algorithms, optimization techniques, and user be-

haviour analysis [2, 141, 5].

One area of research involves the development of intelligent algorithms for
energy management in HEMS. These algorithms aim to optimize energy
consumption by considering factors such as energy prices, weather condi-
tions, user preferences, and the availability of renewable energy sources
[142]. Techniques such as machine learning, optimization algorithms, and
predictive control are used to achieve efficient energy scheduling and load

management [143].

Another research direction is the integration of renewable energy sources
into HEMS. This includes the integration of solar photovoltaic (PV) sys-
tems, wind turbines, and energy storage devices [15, 144]. Researchers
have investigated methods to maximize the utilization of renewable en-

ergy, minimize grid dependence, and enable energy self-sufficiency within

64



4.1. HOME ENERGY MANAGEMENT SYSTEM

households.

Behavioural analysis is another important aspect of HEMS research. Un-
derstanding user behaviour and energy consumption patterns helps to de-
sign effective energy management strategies. Researchers have explored
techniques for monitoring and analysing user behaviour, such as occupancy
detection, activity recognition, and user feedback mechanisms [145]. This
information is used to personalize energy management and provide recom-

mendations to users for energy-saving actions.

The interoperability and communication protocols of HEMS have also been
studied. Ensuring seamless integration between different devices and sys-
tems within a home is crucial for effective energy management. Research
has focused on developing standard communication protocols, such as Zig-
bee, Z-Wave, and Wi-Fi, to enable interoperability and data exchange be-

tween different HEMS components [7, 12].

Furthermore, researchers have conducted case studies and field trials to
evaluate the performance and effectiveness of HEMS in real-world settings
[146, 147, 148]. These studies assess the energy savings, user acceptance,
and economic viability of HEMS implementations. Results from these stud-
ies provide valuable insights into the practicality and potential challenges

associated with HEMS adoption.

Overall, research on HEMS is a multidisciplinary field that encompasses ar-
eas such as energy management algorithms, renewable energy integration,
user behaviour analysis, communication protocols, and real-world evalu-
ations. These studies contribute to the development and advancement of
HEMS technologies, aiming to achieve sustainable and efficient energy con-

sumption in residential buildings.
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4.2 Modelling of Batteries in Home Energy

Systems

4.2.1 Introduction

Battery degradation is a complex process influenced by various factors that
contribute to the gradual loss of a battery's performance and capacity over
time. One significant factor is calendar aging [149, 150], which refers to
the natural ageing of the battery even when it is not in use. Chemical re-
actions within the battery can occur over time, leading to the degradation
of its components and a decrease in performance. Cycling ageing is an-
other important element of battery degradation [151]. It occurs during the
repetitive charging and discharging cycles of the battery during its opera-
tion. Factors such as the depth of discharge, charging rates, and operating
temperatures can impact the extent of degradation experienced by the bat-
tery during each cycle. The depth of discharge (DoD) also affects battery
degradation [149]. Batteries that are frequently discharged to a high DoD
may experience faster degradation compared to those that are discharged
to a shallower DoD. Managing the depth of discharge and avoiding extreme

states of charge can help reduce degradation.

Temperature plays a critical role in battery degradation [152]. High temper-
atures accelerate the degradation process by promoting increased chemical
reactions and the breakdown of electrode materials, resulting in capacity
loss. Controlling the temperature during battery operation is crucial for
mitigating degradation and prolonging battery life. Chemical reactions and
side reactions within the battery during charging and discharging processes
can also contribute to degradation [153]. Over time, these reactions can

lead to the formation of side products or undesired reactions that degrade
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the battery's performance.

It's important to consider these corresponding factors, while the influence
of these factors on battery degradation can be changed depending on the
specific battery chemistry, design, and usage conditions. Managing these
factors effectively through proper battery management practices can help
minimize degradation and extend the lifespan of the battery. The authors
of [153] proposed an iterative formulation to evaluate the effects of battery
capacity degradation. Building upon this, in [154], a degradation model
was proposed depending on the weighted sum of exponential functions.
This model considers N degradation events and incorporates factors such
as the average, or the normalized standard deviation of the state of charge

of the battery, and the temperature to compute the capacity fade.

These equations allow for the representation of different situations of oper-
ations and the number of cycling loops. To analyse the cycling operation,
the rainflow counting algorithm (RCA), commonly used in fatigue analysis

[155], is employed.

4.2.2 Linear Battery Degradation Formulae

The depth of discharge (DOD) refers to the difference in state of charge
(SOC) from the top and bottom levels within a cycle and plays a significant
role in cycle aging. A cycle-counting algorithm is used to detect half-cycles
under different periods of the batteries, such as charging, discharging. The
algorithm detects cycles by monitoring the zero-crossings in the power-flow
at the battery terminal. Whenever the power-flow reaches zero, it signifies
the completion of a half-cycle. The DOD is then calculated by determining

the SOC difference between the beginning and end of the counted battery
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operation cycle.

In one research [156], Rosenkranz suggests that smaller DOD values result
in reduced ageing compared to larger DOD values. In this project, a scaled
model curve is utilized to simulate 5500 full cycles for a battery, considering
a remaining battery capacity as 80% of its initial value, as reported for the
Powerwall product [157]. The manufacturer value of operation cycles used
in the model are provided in Table 4.2.1 [157, 158]. The values in the ta-
ble mean the equivalent number of complete cycles with the corresponding
DOD until the capacity drops to 80%. To determine the equivalent full
cycles for each specific DOD value, piecewise cubic interpolation was em-
ployed based on the given parameter set. Commonly, 80% of the remaining

total battery capacity is considered a reasonable range of use [159].

Table 4.2.1: The relationship between equivalent and DOD

DOD/% Reference aging Strong aging

10 14,500 8700
25 9500 5700
50 6900 4100
80 5500 3300
100 5000 3000

Considering the conditions for battery capacity ranges from full to 80% of a
new one, calendar ageing represents the natural degradation of the battery
over time, and its rate is influenced by factors such as temperature and
state of charge (SoC) of the battery. Based on linear relationships, the life
lost in capacity (L.q) and the ratio of loss (r.4) at a specific period i can

be represented as:
. t;
Lea = (1 — 0.8)Capacztybatteryt— (4.2.1)
life
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l;
Liife

Teat = (1 —80%) (4.2.2)
Where the 80% is lower limit as a benchmark for battery usage, Capacityy,ser,
means the raw capacity of a new battery which is brand new and unused.
tiife 1s the time period for the lifespan of battery degraded to 80% limit,
which is 15 years according to manufacturer [157]. ¢; is the length of the

specific time for calculation.

DoD;
Leye = (1 — 80%)C’apacz'tybatteryDOOT” (4.2.3)
DoD;
eve = (1 — 80 . 424
e = (1= 80%) 5 (424

Where the 80% is lower limit as a benchmark for battery usage, Capacityy,ser,
means the raw capacity of a new battery which is brand new and unused.
DoD;. is the number of discharge cycles of battery degraded to 80% limit,
which is 5500 according to the table. DoD; is the number of cycles during

specific time t;.

In general, as the time period and total cycles for fixed capacity is stable,
the corresponding number of discharge cycle depends on the time period
that used in the calculation. For instance, when the time period is when a
new battery was firstly used, the capacity would be higher than the later

time with the same duration, while the number cycles are therefore less.

4.2.3 Rainflow Counting Algorithm

In the calculation of capacity loss of batteries, the depth of discharge, as

well as the discharge cycles are crucial. In battery storage systems, differ-
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ences of full cycle and half cycle are of great importance [160, 161]. The

rainflow counting algorithm is a method used to analyse cycle loads[162].

The principle of the rainflow counting algorithm involves gathering load
data, identifying peaks and valleys, and counting stress cycles by their am-
plitude and duration [163]. One of the advantages of the rainflow counting
algorithm is its intuitive reliability [155, 164]. However, the rainflow count-
ing algorithm requires data preprocessing, including filtering, sampling, and
interpolation, and large datasets or smaller cycles might lead to counting

CITrors.

Rainflow counting has significant applications in simulating battery degra-
dation due to cycling, temperature, and aging[165]. This algorithm helps
monitoring degradation patterns of the charging and discharging cycles of

the battery [166].

By applying a rain flow counting algorithm, prediction of the remaining
battery life would be possible when the battery capacity performance will
drop[167]. This information is crucial for optimizing battery usage, schedul-
ing maintenance or replacement, and ensuring the reliability of energy stor-
age systems. Moreover, the algorithm enables the evaluation of different
operational conditions and their impact on battery degradation [168], aid-

ing in designing strategies for battery management.

In summary, the application of the rainflow counting algorithm in battery
degradation simulation provides valuable insights into the cyclic loading

patterns experienced by batteries.

In this project, considering the long duration of the simulations, a variable
that varies within a stable range is much more suitable for operation under

the rainflow counting algorithm. As the battery capacity changes due to
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loss, the SOC is the input that is used for the algorithm. Afterwards, the
results of the number of equivalent full cycles and half cycles will be the

output.

4.2.4 Non-linear Degradation of Battery Capacity

In the previous work, the influence on degradation of time and discharging
during use is analysed, and the method of calculation is also shown. The

total degradation ratio can be presented as Equation 4.2.5.

L DoD; dpop . i
Ttotal = Teal TTeye = (1_80%) <tlf + DOODl'f ) = (1-80%)(14—]{}3—?}5
(4.2.5)

Where k is the ratio between a lifetime period and the corresponding cycles.

And the differential dffi‘t’D is the proportion of change over time, which is
quite small. In situations where all cycles are identical, the state of charge
(SoC) within a single cycle remain consistent with the overall operation.

The calculated results of this method are close to the linear equation.

Contrary to the assumptions made by the calendar and cycle ageing mod-
els, observations from lithium-ion battery degradation experiments reveal a
non-linear degradation rate in relation to the number of cycles. The results
from battery ageing tests (Figure 4.2.1 [169]), which shows different stages
of battery use and ageing, demonstrate that during cycling operation, the
degradation rate is notably higher when the number of cycles is small, com-
pared to the larger numbers. Upon initial operation of a new battery, there
is a consumption of a specific quantity of active lithium ions required to

establish a protective film [170], which is called Solid Electrolyte Interphase
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(SEI) film. The rate of film formation gradually decreases once a stable

film has been established [171, 172].

cycle number

Figure 4.2.1: The trend curve of cycle number and capacity [166]

Additionally, the degradation rate accelerates rapidly as the battery ap-
proaches its end of life (EoLi). These findings indicate that the degradation
rate of lithium-ion batteries is dependent on the remaining capacity ra-
tio, rather than remaining constant throughout the cycles as assumed by
the models. Hence, the relationship between battery life cost and actual

degradation rate can be expressed as:

fL (Ltotal,i7 rtotal,i) = - (1 - Ltotal) Ttotal i (426)

When the battery life cost L is presented on one side, the equation would
be:
L=1-¢" (4.2.7)
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Based on this, the simulation result for the battery degradation is shown

in Figure 4.2.2.
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Figure 4.2.2: The curve of remaining capacity ratio and operating cycles

However, this existing correlation does not capture the rapid degradation
in the initial cycles, while the SEI films are mentioned in the previous
section. The simulation result for the simple exponential equation leads to
a steady line for the declining battery capacity. The assumption is made
that a specific fraction of the active material in the battery contributes to
the SEI film. Its rate of formation is inversely related to the amount of

existing SEI film, and it ceases once a fixed SEI film has been established.

Assuming «y,; represents the fraction of the consumed battery capacity
that is used for film formation, the normalized battery capacity can be

divided into the SEI portion ayg;, and the remaining portion (1 — a;).

L=1— e ™ — (1 — e o (4.2.8)

According to studies conducted by researchers [173, 174], it has been de-

termined that ay.is dependent on factors such as the conditions of layer
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formation and the specific surface area of the graphite ranging from 3% to
8%. Since the SEL film formation is also impacted by the temperature and

utilization, 7. is assumed as being proportional to 7;psq; :

Tsei = 5seirtotal (429)

Hence, the equation can be rewritten as one with a single dependent vari-
able, as:

L =1— age Peeimotal (1 — q;)e ot (4.2.10)

Applying existing experimental profiles of battery from a database or test
centre [175], the fixed parameters that adapt to different brands of batteries

can be obtained.

4.2.5 Results of Modelling of Battery Degradation

In the simulation of battery degradation, with the change of power and
SOC as inputs, the rainflow algorithm is one of the key functions which
is aimed at obtaining the operation cycles of battery discharge. At the
end of every day of simulation, using cycle numbers from the one-minute
battery power simulation results with the rain flow counting algorithm, the

accumulated cycles in one year are calculated and shown in Figure 4.2.3.

The X-axis is the number of days, which ranged from day 1 to day 365.
For the Y-axis, it is the total discharge cycle, which changes in every day.
Comparing to the time step of one day in the graph, the input SOC value,
which is used for calculating cycles through the rainflow counting algo-
rithms, is based on the resolution of one minute. Then the result of cycles

from rainflow counting algorithms is calculated by day and shown in the
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Figure 4.2.3: The curve of simulation days and accumulative battery dis-
charge cycles

graph. The curve of the number of cycles is monotonically increasing along

with the number of days, as would be expected.

The trend of the curve is very close to a straight line, where the rate of
ascent is higher in summer. This is due to the higher solar irradiance
in summer, which brings more fuller usage of the battery system. For
instance, in most home battery storage systems, the local consumption of
generated PV energy is important. The more solar irradiation in summer
leads to more PV generation, thus more energy is charged and discharged
to and from batteries, with the number of cycles growing. The sum of
the number of cycles is 471.5 in one year with a new battery, which is
reasonable compared to 5500 cycles in 15 years [158]. On average every
day, the average value of the number of cycles is about 1 to 1.5, which is

in line with reality.

The result of the number of cycles is affected by the input SOC, and both
in reality or in simulation, the SOC is affected by the load, solar power gen-

eration, hardware configuration, control algorithm and other aspects. Even
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if the battery capacity of the first year and the second year are different, if
the same SOC is input, the same cycle number result will be obtained, so
it is meaningless to control a single variable for comparison. On the other
hand, if the battery capacity is slightly smaller or much smaller than the
actual user demand, the battery will be fully used daily, so the change in

the cycle number result is very small.

Based on the effective rainflow counting algorithm, the change of battery
capacity can also be obtained by the non-linear calculation method. In
order to ensure the validity of the calculated parameters, the results of the
theoretical model and the experimental results must be as close as possible,
so the parameters (« , § ) are adjusted based on minimizing the variance.
The comparison between iteration simulation results and test results from

ITP Renewables [175] based on minimum deviation is shown in Figure 4.2.4.

095 1
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Figure 4.2.4: Comparison of proposed simulation results and test results
from ITP report

In order to obtain more intuitive results, the x-axis is no longer the number

of days but the number of cycles. Meanwhile, the y-axis is the ratio of the
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remaining effective battery capacity of the initial capacity. In the figure,
the blue curve is the result based on simulation calculations, while the x-

shaped points are from the experimental results of the battery test centre.

The capacity ratio curve declines rapidly at first, and the downward trend
gradually decreases after the ratio is 0.95. At about 0.88, the change of the
descending slope tends to stop, after which it is closer to a stable straight
line. This phenomenon of battery capacity change is not only consistent
with previous research results, but also in line with the expectations of the
calculation method design. The optimization result of searching parameters
is that a1 0.0791, [ is 60.95. These values are in line with previous research

and within the expectations that are consistent with reality.

4.2.6 Summary of Battery Degradation Model

In this section, the modelling and degradation of batteries within domestic
energy systems are addressed. Factors contributing to battery degradation,
such as calendar aging, cycling aging, and depth of discharge (DoD), are
delineated. The rainflow counting algorithm is introduced as a method to
accurately capture the stress cycles experienced by batteries throughout

their lifecycle.

The primary objective is the integration of these battery degradation mod-
els into domestic energy management and battery control algorithms. By
doing so, predictions related to battery lifespan and performance can be
enhanced, facilitating optimized strategies for domestic energy system man-
agement. Linear and non-linear battery degradation models are detailed,
providing methodologies for calculating battery capacity loss. Furthermore,

the application of these models within energy management strategies aims
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to ensure optimized battery utilization and longevity.

In conclusion, the battery degradation models and algorithms offer a com-
prehensive approach to understanding and managing batteries within do-
mestic energy systems, thereby promoting efficient energy utilization and

system reliability.

4.3 Control Algorithms and Home System

Design

4.3.1 Introduction

HEMS systems have garnered significant attention in recent years within
the research community. In one study [176], priority levels were assigned
to different electrical appliances in order to optimize costs and ensure the
provision of necessary services. Another approach [177] involved scheduling
appliances based on their preferred time of use, taking into account limited
power consumption during specific time periods. Furthermore, the inte-
gration of energy storage in HEMS offers benefits beyond load shifting. It
plays a significant role in managing power consumption and voltage levels,

particularly during peak and off-peak hours [178].

To manage total demand and decrease peak energy consumption, a binary
backtracking search algorithm was employed, resulting in a more than 20%
reduction in peak-hour demand [179]. However, this study did not specifi-
cally analyse electricity costs. Another research study [180] focused on the
combination of scheduling of smart appliances and a shared HEMS among

multiple households, aiming to minimize peak energy consumption and
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electricity costs. Additionally, a system incorporating floating pricing and
accounting for uncertainties in a PV energy generation was presented, ef-
fectively minimizing costs of energy through strategic electricity purchase,
sale, and storage [181]. However, long-term economic analysis was not

addressed in this approach.

One of the key challenges in the economic benefit of HEMS is sizing of
BES in terms of battery capacity and power ratings [182]. An efficient
and economical strategy of sizing appliances involves meeting entire sys-
tem demand while minimizing operation costs [183, 184]. For instance, a
study [185] investigated a stand-alone system consisting of PVs; and a bat-
tery system and wind turbines, with the objective of minimizing costs by

determining the optimal settings.

In home energy management systems (HEMS) with batteries, several com-
monly used control algorithms exist, each with their own advantages and

disadvantages.

The Rule-based control is an approach where predefined rules and strategies
are used to control the operation of the energy system. This algorithm is
often simple to implement and has lower computational costs, offering real-
time performance. However, rule-based control may lack adaptability to

dynamic environments and changing demands, as the rules are relatively

fixed [186].

The Model Predictive Control (MPC) is an algorithm that utilizes mathe-
matical models to predict future energy demands and battery states, opti-
mizing control decisions based on these predictions [187]. MPC is capable
of considering the constraints while optimizing, allowing for flexibility in
addressing different operational requirements and goals. However, MPC

requires high computational power and longer computation time, making
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it less suitable for real-time applications that demand quick responses.

The Optimal Power Flow (OPF) algorithms optimize the power flow al-
location in the energy system to achieve optimal control [188]. Taking
into account factors such as electricity prices, battery state, and other con-
straints, OPF minimizes energy costs or maximizes energy utilization effi-
ciency. OPF algorithms provide globally optimized solutions but are com-

putationally complex and require accurate system parameters and models.

The Genetic Algorithm (GA) is an optimization algorithm inspired by bi-
ological evolution principles [189]. It can be used to optimize control pa-
rameters or strategies for energy systems. By simulating the processes of
natural selection and genetic mutation, GA searches for the best control
solutions. Genetic algorithms have good global search capabilities but may
be less efficient in terms of computational speed, when it is compared to

other HEMS control algorithms.

Each algorithm has its own strengths and weaknesses and is applicable
to different scenarios and requirements. The selection of a suitable control
algorithm depends on factors such as system complexity, computational re-
sources, real-time requirements, and the need for optimization performance
and robustness. Additionally, the effectiveness of the control algorithm
also relies on the selection of algorithm parameters and the accuracy of the
system simulation. Therefore, in practical applications, a comprehensive
consideration of various factors is necessary, and the most suitable control

algorithm should be chosen based on the specific circumstances.
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4.3.2 System Model of the HEMS

The control algorithm incorporates a battery-PV system model to establish
the operational boundaries of the battery and maintain energy balance
within the whole system. In the real-time simulation, the energy is balanced
under each time step hence is based on the unit of power, and system

constraints are expressed through the following equations:

The total power balance equation in the system can be represented as:

PGimport (t) - PGexport (t> + PBESS (t) = Pload(t> - PPV,gen (t>
(4.3.1)

The equation illustrates the power flow dynamics within the system, where
PGimport(t) denotes the power imported from the main electricity grid
during time interval t (measured in kilowatts, kW), PG .port(t) denotes
the power exported to the main electricity grid during time interval t (in
kW), Pioaa(t) represents demand of the home load energy during time in-
terval t (in kW), Ppy_gen(t) represents the electrical power generated by
the PV system installed at the residence during time interval t (in kW),
and Pppss(t)represents the net electrical power discharged or charged by

the battery energy storage system (BESS) during time interval t (in kW).
The simplified model utilized for the BESS in this research is expressed as:

i AT‘Xpbat disch(t)

E(t) = E(t — 1) — AT x Ne X Nconv X Pbat charge (432)
Nd X NConv
socw) = 20 (4.3.3)
Cp

The power discharged by the battery during time interval t is denoted as

Pyt gisen(t) and is measured in kilowatts (kW). It represents the electrical
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power released from the battery to meet the system's demand. On the other
hand, the power charged by the battery during time interval t is denoted as
Pyt charge and is also measured in kilowatts (kW). It represents the electri-
cal power supplied to the battery for recharging. Additionally, the energy
stored in the battery at time intervals t and t-1 is represented by E(t) and
E(t — 1), respectively, and is measured in kilowatt-hours (kWh). These
variables quantify the amount of electrical energy stored in the battery at
specific time points. To account for the efficiency of the battery system,
nqg and 7. are used to represent the discharging and charging efficiencies,

respectively.

The state of charge (SOC) of the battery at time interval t is denoted
by SOC(t). Binary constraints (Equation 4.3.4 to Equation 4.3.6) are
included to prevent simultaneous charging and discharging of the battery
energy storage system. These constraints ensure that either the battery is

charged or discharged at any given time, but not both.

0 < Poardisen(t) < ¢(t) x Pppss™ (4.3.4)

0 < Pratoparge < (1= d(t))x Pppgs” ™ (4.3.5)

1, if discharge
o(t) = (4.3.6)
0, if charge

where ¢ (t) is a binary variable.

Constraint represents the maximum power limit for charging or discharging

the battery for energy storage in the system at each time interval, ensuring

82



4.3. CONTROL ALGORITHMS AND HOME SYSTEM DESIGN

that the power flow remains within the allowable limits. It sets an upper
bound on the electrical power that can be charged or discharged from the

battery energy storage system (BESS) at time interval t.

_PBESS max S PBESS(t) S PBESS max (437)

Constraint establishes the upper and lower limits of the state of charge of

the battery energy storage system.

SOCim < SOC(t) < SOC ax (4.3.8)

where SOC .x and SOC i, represent the upper and lower limits, respec-
tively, for the state of charge of the battery energy storage system in per-
centage (%). These constraints play a crucial role in safeguarding the
battery energy storage system (BESS) against overcharging and deep dis-
charge, which are detrimental to the battery's longevity. By preventing
these conditions, the constraints contribute to maximizing the lifespan of
the battery. Overcharging and deep discharging can have a substantial

negative impact on the overall durability and performance of the battery.

Regarding the investment and operation costs, they can be calculated using

the following formula:

ted
Cinvestment = [Cenergy X CB + ICpower X PBESSTCL ¢ + Clnstallation (439)

83



4.3. CONTROL ALGORITHMS AND HOME SYSTEM DESIGN

day 365
Coperation - Z {Fbuy (t) X AT X PGimpOrt (t) - Fsell (t) X AT X PGezport (t)}
day 1
(4.3.10)
years '
Total cost = Cinvestmemf + Z Coperation X (]. + 7’%)1 (4311)

=1

The equation given represents various cost factors and parameters involved
in the analysis of the battery energy management system. Cjpyestment T€P-
resents the cost of investing in the battery system and related equipment,
while Cpperation denotes the annual operating cost of the entire system.
PGimport(t) and PG.egport(t) represent the power imported from and ex-
ported to the main electricity grid at time interval t. The electricity tariff
for purchasing power from the grid is denoted as Fy,,(t), and Fi.;(t) repre-
sents the tariff for selling excess power to the grid. The cost of installation,
Cinvestment, 18 determined by the rated cost, with the size of battery ca-
pacity and power limitations /Cleergy corresponds to the investment cost
per unit of BESS energy rating (£/kWh), and IC\psye, represents the in-
vestment cost per unit of BESS power rating (£/kW). The parameter r
corresponds to the inflation rate, which signifies the rate at which the gen-
eral level of prices for goods and services is increasing and, consequently,

the purchasing power of currency is decreasing over time.

The goal is to find the optimal battery size by considering the yearly fluc-
tuations in load consumption and PV generation patterns. The objective
is to minimize the overall annual energy costs for the household, which
includes investment and operational expenses, while simultaneously max-
imizing the utilization of self-generated PV power. An extensive analysis

is conducted from a long-term perspective to assess the economic implica-
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tions of implementing a HEMS, enabling the determination of key financial

metrics such as the internal rate of return, as well as payback period.

4.3.3 Control Algorithms of the Home Energy Sched-

ule

4.3.3.1 HEMS Control Using the Rule-based Algorithm

A rule-based control algorithm is proposed for the management of a battery
energy storage system within a home energy management system. The al-
gorithm operates on in the resolution of one minute, taking into account a
time-of-use (TOU) tariff. To evaluate its performance, historical consump-
tion and photovoltaic (PV) generation data are utilized with the rule-based
algorithm for a the whole year. Each day, at the conclusion of operations,
the battery’s capacity is adjusted based on the degradation model’s predic-
tions, ensuring the algorithm remains adaptive to the battery’s changing
performance. The assessment is based on changing capacity of BES and
power ratings of converter to assess the impact on electricity cost savings

and system cost.

The control strategy, illustrated in Figure 4.3.1, integrates both tariff con-
siderations and battery degradation insights. In situations where the solar
generation surpasses the demand of home load, the surplus energy can be
stored in the battery or freely exported to the grid. Additionally, dur-
ing the low tariff period at night, the battery can be charged while it is
discharged during the high tariff period. During peak tariff periods, this
strategy aims to shift energy consumption, thereby minimizing or elimi-
nating the necessity to procure electricity from the grid during high tariff

periods.
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Figure 4.3.1: Flowchart of rule-based algorithms

Based on the time step of one minute for each time, a loop is executed for
system control, and the algorithm employs conditional statements to deter-
mine the appropriate actions. If it is a low tariff period, e.g., the beginning
of each day, the algorithm maximizes the utilization of grid electricity, with
any required load energy sourced from the grid. During the low tariff pe-
riod, the battery is charged for later use, known as the overnight charging
period. However, if it is not the low tariff period, the control algorithm
prioritizes power requirements. If the load is less than the PV generation,
the surplus energy can be stored in the battery directly. If the battery is
already fully charged, the energy would be exported to the grid. Charging

the battery takes priority over exporting to the grid.

When the PV generation is insufficient to meet the load demand, the system
requires additional energy to maintain balance. In such cases, a conditional
statement is used to decide whether the energy should be supplied by the
battery or the grid. The stored energy would not the be discharged from the

battery in the first medium tariff period, as it is primarily reserved for use
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during peak hours. Therefore, the energy difference is directly sourced from
the grid. However, during the peak tariff periods, the battery can be freely
discharged, and the stored energy can be utilized. This also makes sense
in the second medium tariff period. Through this rule-based algorithm
control, the energy demand during peak hours and even medium electricity
rate periods can be successfully shifted to low-price periods, which can be
met with stored energy during low-price periods. Otherwise, the remaining

energy needed is fulfilled by the main electricity grid.

4.3.3.2 Genetic Algorithms

In Home Energy Management Systems (HEMS), a genetic algorithm is a
commonly used as an optimization method for finding the optimal energy
management strategy. This algorithm simulates the process of biological
evolution and searches for the best solution through iterative optimization.
In a HEMS workflow which uses a genetic algorithm, the first step is to de-
fine the objective function to be optimized, such as minimizing energy cost,
maximizing self-consumption ratio, or minimizing carbon emissions. Then,
the variables that affect the energy management strategy are identified,
and an appropriate encoding method, such as binary encoding, real-valued
encoding, or discrete encoding, is selected to represent these variables as

chromosomes.

Next, a set of initial individuals is randomly generated as the population,
and the fitness value of each individual is calculated based on the objective
function to measure the quality of their solutions [189, 190]. Selection op-
erators, such as roulette wheel selection or tournament selection, are used
to probabilistically choose individuals with higher fitness as parents. The

selected parent individuals undergo crossover and mutation operations to
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generate offspring individuals. The current population is updated based on
the offspring individuals generated from the selection, crossover, and mu-
tation operations. The algorithm continues until a termination condition

is met.

After the algorithm terminates, the individual with the highest fitness value
is selected as the optimal solution, representing the best energy manage-
ment strategy. The genetic encoding of the optimal solution is transformed
into an executable energy management strategy, and relevant results, such

as energy cost savings, increased self-consumption ratio, etc., are output.

Through the genetic algorithm, the HEMS can find the optimal energy
management strategy to achieve efficient energy utilization and cost min-
imization. In practical applications, parameter settings, fitness function
design, and crossover/mutation operations should be adjusted based on the
specific problem to achieve better optimization results. Additionally, other
factors and constraints such as energy market prices, load demand, energy
storage capacity, etc., should also be considered to meet the requirements

of different application scenarios.

In the simulations operated with GAs, the fitness function, which is also
called the objective function, is still the cost function, which is based on
TOU tariffs. Using the energy balance and power, it is only necessary
to evaluate the charge and discharge of the battery, and then the energy
input and output requirements of the household system and the grid can
be determined. Another critical input parameter in the algorithm is the
numbers of variables. Since the charge and discharge values at each time
node are actually independent, this number is related to the time length and
step size of the algorithm. For example, if the resolution is one hour, then

only 24 relatively independent variables are needed for the optimization
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of one day. However, if the resolution is one minute, then there are 1440

minutes in one day of the simulation, and this is the number of variables.

In addition, there are functions such as population size, number of itera-
tions, and fitness, which affect the iteration width and depth of the algo-
rithm. Of course, from a data point of view, household load, photovoltaic
power generation, and electricity price data are always needed by the algo-

rithm to help the model run.

The pseudocode provided below encapsulates the GA's workflow. It com-
mences by defining the datasets, objective function, and the GA's param-
eters. The population is initialized, and a series of genetic operations—
selection, crossover, and mutation—are performed iteratively. These op-
erations aim to evolve the population, ideally improving its fitness with
each generation. The algorithm iterates until a termination criterion, such
as a maximum number of generations or a convergence threshold, is met.
The end product is the best-found energy management strategy, optimized
for the defined objectives. Following is the pseudocode detailing the GA's

structure and operations:

Begin

Datasets: import load, PV, tariff profiles
Fitness function: Objective function C' = F(Pygtrery)

Determine decision variables based on time granularity: Vari-
ables = Time duration / Time step Set GA parameters: Pop-
ulation size, Number of generations, Crossover rate, Mutation

rate, Iteration limitation (termination criteria)
Initialize population
Evaluate initial population using fitness function
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While Iteration limitation

Perform selection Perform crossover
Perform mutation
Evaluation of solutions using fitness function

Creation new generation

End while

Return best solution

End

In practice, the efficacy of the GA hinges on the fine-tuning of its param-
eters, the design of its fitness function, and the specific genetic operations
employed. Moreover, real-world considerations, like energy market dynam-
ics, load demands, and storage capacities, interject additional complexity,
necessitating the integration of these factors within the algorithm for a

holistic and practical energy management solution.

4.3.4 Case Study for the HEMS

In this chapter, the primary focus is on a residential house located in the
UK. The house is equipped with various home appliances, a PV generation
system, and a battery energy storage system. It is also connected to the
main electricity grid, which enables the house to import additional energy
from the grid when the PV system cannot meet the demand. Moreover,

the system allows for the export of surplus PV energy back to the grid.

For the analysis, the household load profiles are derived from real measure-

ments taken in the UK, providing a one-year dataset with a one-minute
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resolution [191]. The annual electricity consumption of the house under
study amounts to 4104 kWh, which closely aligns with the average con-
sumption of 4200 kWh for medium-sized users in the UK [192]. These
load profiles are combined with actual PV generation data obtained from
a 3.8 kW rooftop PV system located in the UK [193]. The PV generation
profiles are adjusted to match a 1.4 kW peak system, which is considered
reasonable for the house in this study, reflecting a common installation in
Meadows. However, generally installations are likely to be higher up to the
4 kW permitted without special application limit. These were then em-
ployed with the HEMS algorithms to determine battery usage and energy

shifting for a one year period.

Regarding the electricity tariff schemes, the research takes into account two
specific schemes. Firstly, there is the Time of Use (TOU) tariff scheme,
which determines the cost of purchasing electric energy from the utility.
Secondly, there is a fixed feed-in tariff scheme, which determines the rev-
enue obtained from exporting electricity to the main grid. For the TOU
tariff scheme, the research refers to Table 4.3.1, which provides the tariff
values for purchased electricity. These values are sourced from the Green
Energy Company in the UK [194]. As for the fixed feed-in tariff scheme,
the research utilizes a value of 5.24 pence/kWh. This value is obtained
from an up-to-date website that provides information on feed-in tariffs in
the UK [195].

Table 4.3.1: Unit cost values for TOU purchasing tariff scheme at each
time period

Time (h) Tariff | Unit cost (pence/kWh)
23:00 to 06:00 | Off-peak 7.5
06:00 to 16:00 | Mid-peak 16.44
16:00 to 19:00 Peak 32.55
19:00 to 23:00 | Mid-peak 16.44

Following the simulation, a thorough economic analysis was performed.
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The simulation results, along with other essential parameters such as sys-
tem specifications and tariff values, were taken into account for this anal-
ysis. The specific system parameters and tariff values utilized in the sim-
ulation can be found in Table 4.3.2, sourced from reputable references
[196, 197, 198]. By considering these factors, a comprehensive understand-

ing of the optimal BESS size and its economic viability was achieved.

Table 4.3.2: System parameters

Parameter Value
ICenergy £135 /kWh
ICpoer £95 /KW
Battery Capacity (Cg) 13.5 kWh
Battery power limitation (Ppggs™*°d) 3.5 kW
SOC i - SOC 1ax 20 % - 90 %
Converter efficiency ( ncony) 98 %
Battery charging & discharging efficiency (14, 1.) | 90 %
Inflation rate 2%

4.3.5 Concepts for Economic Analysis

The net present value (NPV) provides an assessment of the cash flow's value
over different periods, considering the time interval and discount rate. It
quantifies the equivalent interest value that would have been earned if the

same amount of money had been invested in more conventional investment

accounts.
Yr
Cash;
NPV = —_ — h 4.3.12
P e

In Equation 4.3.12, the NPV is calculated by summing the net cash inflows
Cash, for each period (Yr) and discounting them using the factor of (1 +
r )¥". The discount rate is set as 2% for the home system [199]. The

resulting sum is then reduced by the initial investment cost (Cashy).

The anticipated rate of return on the investment in future years, known as
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the internal rate of return (IRR), is a metric used to assess profitability.
It is determined by finding the discount rate at which the present value
of future cash flows matches the initial investment. A higher IRR value

signifies a more favourable return on investment.

NPV,

] p—
Rli=at [NPVa _ NPV,

(b - a)] (4.3.13)

Equation 4.3.13 outlines the calculation of the IRR. It involves determining
the discount rate (a) at which the NPV is positive and (b) at which the
NPV is negative. The IRR is then calculated as the value of a plus the
ratio of NPV at rate a to the difference between NPV at rates a and b,

multiplied by the difference between rates b and a.

By analysing the NPV and IRR, it is possible to assess the financial viability
and profitability of the investment. These metrics provide valuable insights

into the long-term economic prospects of the investment.

4.3.6 Results of the Simulation of HEMS

4.3.6.1 Energy Analysis

To determine the optimal size of the Battery Energy Storage System (BESS),
a comprehensive simulation process was conducted using the MATLAB
software. The simulation incorporated minute-by-minute data for both the
household load and PV generation, while net power and battery storage

were integrated into the simulation, ensuring a detailed analysis.

Applying the rule-based algorithm, the home energy system has been simu-

lated for a duration of one year, allowing for an analysis of its performance
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during both summer and winter seasons. Figure 4.3.2 illustrates the results
for a typical summer day (represented by graph (a), with July 1st as an ex-
ample) and a typical winter day (represented by graph (b), with December

1st as an example).
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Figure 4.3.2: One day power graphs of load, PV, grid and battery in dif-
ferent seasons

In the first subplot, the load profiles are depicted by the blue curve, illus-
trating the energy demand of the entire system. The yellow curve represents
the PV profiles, showcasing the power generated by the PV system. The

orange curve corresponds to the simulation results of the net grid power.

94



4.3. CONTROL ALGORITHMS AND HOME SYSTEM DESIGN

Positive power values indicate energy being imported from the grid, while

negative power values indicate energy being exported from the system.

The second subplot displays the green curve, representing the power flow
of the battery. When the curve falls below zero, it indicates energy being
transferred from the system to the battery, representing the charging pro-

cess. The orange curve represents the state-of-charge (SOC) of the battery.

Throughout the summer season, the SOC of the battery consistently re-
mains above 0.4 (40%). Conversely, during winter, the SOC can reach the
minimum SOC limitation of 0.2. This indicates that the battery capacity
is fully utilized during periods of high load demand in winter. These re-
sults emphasize the efficient utilization of the Home Energy Management
System (HEMS) in conjunction with the battery system throughout the

entire year.

Furthermore, an economic analysis was conducted based on the results
obtained over the course of one year. The daily dynamic battery degra-
dation due to cycling is also integrated. This analysis considered different
tariff periods and compared the energy consumption before and after the

implementation of the battery system and its control.

Figure 4.3.3 presents the total energy bought from the grid during various

tariff periods over one year.

This figure visualizes the average daily energy import and export during
different tariff periods, including low, medium, and high tariff periods, as
well as the exported electricity under the sale tariff. The blue bars rep-
resent energy utilization before the implementation of the battery system,
while the yellow bars represent the results achieved with the battery energy

management system. The four pairs of bars represent energy consumption
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Figure 4.3.3: Average daily energy utilization in different tariff periods

in the Off-Peak, Mid-Peak, High-Peak tariff periods, and exports, respec-

tively.

The implementation of the battery system leads to significant reductions in
energy consumption during the medium peak and high peak tariff periods.
More than half of the energy consumption during the medium peak period
and the majority of the consumption during the high peak period has been
moved. Consequently, the amount of electricity that needs to be purchased

from the grid during these expensive periods is substantially reduced.

Additionally, a larger proportion of the required electricity can be imported
during the low tariff period, enabling the shifting of energy peaks, and con-
tributing to overall cost savings. Furthermore, with the implementation of
the battery system, there is a more efficient utilization of the energy gener-
ated from the PV system. Instead of exporting the excess energy generated
during peak sunlight hours, a significant portion of it is now stored in the
battery for later use. And the seasonality of solar radiation leads to the bet-
ter self-consumption in low PV generation days. The average daily export

is reduced from 7 kWh to 4 kWh.
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4.3.6.2 Algorithms Comparison

In the previous section, the rule-based algorithm was applied to the simula-
tion, and the short-term and long-term energy performance was obtained,
which shows the effectiveness of the algorithm. As a comparison, the ge-
netic algorithm is also introduced into the calculation and compared. For
the genetic algorithm, the real-time usage of the battery is a very large
data set that needs to be optimized, so the efficiency of the algorithm has
been of great concern. Shown in Figure 4.3.4, is the iterative generation
curve for the optimization results over the duration of the simulation for

one day.

Best: 0.5618 Mean: 0.6125

Fitness value

0 I I I I |
0 0.5 1 15 2 25

Generation x10%

Figure 4.3.4: The fitness value with the iterative generation curve

In the figure, the x-axis is the evaluation of the iterations, and the y-axis
is the fitness result based on the real-time battery power. As is men-
tioned in the previous sections, the cost function of the GA operation,
C = F(Poattery), is the calculation tariff result which relies on system power
as Equation 4.3.10. In the iteration, the genetic algorithm was applied for
more than 21,000 generations, and the fitness result dropped from greater
than 6 to the optimal 0.56. In the first thousand generations, the fitness

result dropped very fast, by more than half. After that, the decline rate
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began to slow down with the increasing numbers of generations, suggesting
that the extremely unreasonable energy plan results were quickly elimi-
nated, and the rest was remaining for further optimization. The end, the
algorithm obtains both a value for the fitness result, and the real-time usage

of a large battery power.

Substituting the real-time battery power array into the model for simula-
tion, the results of this typical weekday with the energy usage results of

the rule-based algorithm can be compared, as shown in the Figure 4.3.5.
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Figure 4.3.5: Graph of power usage for the two HEMS algorithms for the
same day

As shown in the Figure 4.3.5, this is a power comparison chart of the sim-
ulation results for the rule-based algorithm and for the genetic algorithm.
For the convenience of comparison, the power change curve is split into
three graphs. Their common x-axis is minutes, and a day is 1440 minutes.
The top subplot shows fixed parameters for that day, including household
load and solar generation, shown in green and yellow, respectively. This is
the composition of a typical household electricity consumption profile, with
obvious energy consumption peaks during active mealtimes, and continuous

energy consumption during the period from returning from work to sleep.
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The photovoltaic pattern is also a typical continuous power generation and
reaches the maximum pattern at noon. Within a day, the household load
was 6.69kWh, while the photovoltaic power generation was 6.29kWh, both
reasonable vales. The sub-picture in the middle is the power consumption
of the grid and the battery controlled by the rule-based algorithm, where
the grid is blue, and the battery is orange. When the battery power is less
than 0, it means it is charging, otherwise it is discharging. This is similar
for the grid, where greater than 0 means the grid is supplying power to the
home system. The sub-picture at the bottom is the power consumption of
the grid and the battery and the grid controlled by the genetic algorithm

simulation, where the grid is blue, and the battery is orange.

Whether it is the rule-based algorithm or the numerical-based automatic
optimization genetic algorithm, it is not difficult to see that they all exhibit
several key characteristics in terms of macro trends, such as charging the
battery at night, absorbing additional PV energy supply, and providing
energy at peak times for home use. This is determined by the relationship
between the amount of electricity energy required at different times and the
associated tariff values. The macroscopic picture of the results obtained
by the two algorithms is similar, and they are also affected by common
parameters, such as the load and the photovoltaic power generation. Of
course, there are many subtle differences between the two. For example,
during the charging period at night, the rule-based control will allow the
battery to be charged at a power of 2kW. Because there is a long period of
low electricity price, this value is about 1kW for the GA, and it fluctuates
up and down. In two consecutive time nodes, first 1.1 kW and then 0.9
kW, there is no direct difference from maintaining a stable value of 1 kW.
However, this oscillation appears in the results of the GA algorithm. These

oscillations observed in the GA results can be attributed to the inherent
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nature of genetic algorithms. GAs work by exploring a broad solution space
and often make small adjustments to potential solutions in the quest for
an optimal result. These adjustments, or mutations, can lead to slight

variations in the outcomes.

There are some noticeable differences between the behaviour of the two
control algorithms at about 450 minutes, (7:30 in the early morning time),
the rule based control does not allow the battery to discharge, whereas the
battery controlled by the GA algorithm is already providing energy for the
home system. After that, both controllers showed a certain consistency
in storing the energy of photovoltaic power generation. When comparing
the excess power between the 600-minutes and 800-minutes, apart from a
small oscillation for the GA curve, a small part of the energy is often not
absorbed and instead output to the grid. In the rule-based control algo-
rithm, several peaks of the household load are met by the grid outside the
high electricity tariff period and whereas they are supplied by the battery
during the high electricity tariff period. For the GA control, it is during
peak tariff periods energy is supplied, sometimes from the grid, sometimes
from the battery, and sometimes mixed, the two long periods of large-scale

power consumption around 1000 minutes are the best examples.

According to the results shown, if the battery system is not used, the orig-
inal electricity cost for the day is 1.319 pounds. This number is small but
reasonable given seasonal variations and reliable energy consumption fig-
ures. The grid supplied electricity costs £0.658 with the rule-based control
and battery system. When the control algorithm is the GA, the grid sup-
plied electricity cost is 0.640 pounds. The electricity bill is less than half of
the original household load cost. For the rule-based control algorithm, the
self-consumption of solar energy of the home system is 3.54kWh, and the

corresponding value for the GA is 3.25kWh. That is, the self-consumption
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rate of 56.28% and 51.67% is an expected result for the home energy man-
agement system. The speed at which the algorithm executes is also im-
portant. The rule-based control is a single-threaded real-time operation,
which executes quickly. But the GA requires tens of thousands of gen-
erations and multiple iterations of intergenerational crossing for real time
operation and requires considerably more computational powers, which in-

dicates the higher demand on operation time and hardwares.

4.3.6.3 Economic Analysis

According to the results from the previous analysis, in the economic anal-
ysis, the default values of 13.5 kWh and 3.5 kW have been used as the
starting point for the battery capacity and battery system power rating
respectively. The daily dynamic battery degradation due to cycling is also
considered. Using the rule-based control algorithm for simulation, as well as
the economic method mentioned in the previous section, the NPV cash flow

graph over twenty years has been calculated and is shown in Figure 4.3.6.

Cashflow of battery system investment and
savings in twenty years
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Figure 4.3.6: NPV cash flow of the HEMS system in 20 years
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To evaluate the financial performance of the investment, the future value
is discounted to obtain its present value for each period. A higher Net
Present Value (NPV) after a specific number of years indicates a better
rate of return for the investor. After ten years of operation, the system's
NPV is -£504.62, indicating that the investment costs £504.62 more than
the estimated benefit over the ten-year period. The payback period is
another important metric that defines the number of years required to reach
the balance point of the investment. A shorter payback period implies a
quicker cost recovery. In this case, the payback period is 15 years, as the net
present value changes from negative to positive in the fifteenth year. The
Internal Rate of Return (IRR) is another key indicator of the investment's
profitability. After twenty years, the IRR is 11%, while the IRR after ten
years is 4.4%. These values provide insights into the expected return on

investment over the respective time periods.

To determine the most suitable size for the battery system, particularly
focusing on achieving a payback within 10 years, a further analysis has
been conducted. The simulations mentioned earlier are repeated for differ-
ent sizes of battery systems, considering their capacity and power limits.
Figure 4.3.7 illustrates the IRR after ten years for these varying battery

system sizes.

Figure 4.3.7 illustrates some interesting observations. When the power
limit reduces below 2 kW, the Internal Rate of Return (IRR) decreases
significantly, reaching a minimum value of 3.06% (15 kWh, 0.5 kW). This
indicates that a low power limit severely limits the system's ability to cap-
ture PV energy and charge adequately during overnight periods. On the
other hand, when the power limit exceeds 2 kW, the IRR shows changes,
ranging from 9% to 14%. In order to maximize the economic benefit, it is

desirable to achieve the highest IRR value. The optimal configuration is
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Figure 4.3.7: IRR graph with variable battery capacity and power limita-
tion
achieved with a battery capacity of 7 kWh and a power limitation of 2 kW,

resulting in a maximum IRR value of 13.14%.

Furthermore, a sensitivity analysis has been conducted by fixing the battery
capacity and power limit at 7 kWh and 2 kW, respectively, while varying
the tariff rate and investment rate. The investment rate and tariff rate
are represented as simple multiplying factors applied to the default initial
costs specified. For instance, a value of '1.1" indicates that the new tariff

for calculation is 1.1 times the original tariff values.
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Figure 4.3.8: IRR graph with different investment and tariff rates
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The analysis in Figure 4.3.8 reveals that the maximum Internal Rate of
Return (IRR) is 18.40%, achieved when the investment rate is 0.85 (85%)
and the tariff rate is 1.12 (112%). This result is expected as it indicates
lower initial investment costs for the system and higher monetary savings

from reducing peak tariff consumption.

Considering the progress in technology and equipment innovation, it is
important to explore the impact of the discount rate. Figure 4.3.9 displays
the cash flow of the entire system over a period of 10 years, considering
different discount rates while keeping other parameters at their original

values.

Cash flow graph of different discount rate
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Figure 4.3.9: Cash flow under different discount rate in 10 years

As shown in Figure 4.3.9, the net present value (NPV) is a measure used
to determine the value of future cash flows in today's terms. It helps in
evaluating the profitability of an investment by accounting for the time
value of money. The NPV over 10 years with no discount rate is £715.9,
indicating a high financial return. However, when the discount rate is set to

10%, the NPV in 10 years becomes -£630.9. This high discount rate makes
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it challenging to recover the costs. On the other hand, when the discount
rate is 5%, the NPV in 10 years reduces to -£79.9. This value is very close
to zero, suggesting the possibility of recovering the investment within 10
years if the overall discount rate remains below 5%. In conclusion, while
the HEMS project seems profitable without discounting, a discount rate of
5% or lower would make this investment more appealing from a financial

perspective.

4.4 Conclusion

In conclusion, the simulation results and analysis presented in this study
provide valuable insights into various aspects of battery degradation, en-
ergy analysis, algorithm comparison, and economic sizing in the context of

battery energy storage systems.

Regarding battery degradation, the simulation results showed a monoton-
ically increasing trend in the number of cycles as the days progressed,
with a higher rate of ascent during the summer season due to increased
solar irradiance and fuller usage of the battery system. This consistent
utilization during peak solar periods ensures the efficient operation of the
HEMS, maximizing the benefits of solar energy. The accumulated cycles
over one year were found to be reasonable compared to the expected lifes-
pan of the battery. Additionally, the change in cycle numbers was found
to be small when the battery capacity deviated slightly from the actual
usage demand. This has significant implications for the economic sizing of
HEMS. A battery that degrades slowly ensures consistent energy savings

over time, enhancing the system's overall return on investment.

The energy analysis demonstrated the effectiveness of the Battery Energy
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Storage System (BESS) in optimizing energy utilization. The simulation
process incorporated minute-by-minute data for household load and PV
generation, allowing for a detailed analysis of the system's performance
during different seasons. The results highlighted the efficient utilization of
the Home Energy Management System (HEMS) in conjunction with the
battery system, with the SOC of the battery remaining above 0.4 during
summer and reaching the minimum SOC limitation of 0.2 during winter.
The implementation of the battery system resulted in significant reductions
in energy consumption during medium peak and high peak tariff periods,

contributing to cost savings and a decrease in daily exported energy.

The comparison of algorithms, specifically the rule-based algorithm and
the genetic algorithm, showcased their effectiveness in optimizing battery
power usage. The genetic algorithm demonstrated its efficiency in optimiz-
ing real-time battery power usage over thousands of generations, resulting
in improved fitness values and power consumption patterns. The macro-
scopic trends observed in the results of both algorithms were similar, with
the charging of the battery at night, absorption of additional PV energy
supply, and provision of energy during high-demand periods. However,
there were subtle differences in the details and economic benefits, with the
rule-based algorithm exhibiting more stable power values without oscillat-

ing and faster computational speed compared to the genetic algorithm.

Finally, the economic sizing analysis considered the financial performance
of the battery system over a 20-year period. The analysis included metrics
such as Net Present Value (NPV), payback period, and Internal Rate of
Return (IRR). The results indicated a negative NPV over ten years, sug-
gesting higher investment costs compared to the estimated benefits during
that period. The payback period was determined to be 15 years, indicating

the time required to reach the balance point of the investment. The IRR
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values of 4.4% after ten years and 11% after twenty years provided insights

into the expected return on investment over the respective time periods.

Overall, the findings from this study contribute to a better understanding
of battery degradation, energy optimization, algorithm selection, and eco-
nomic considerations for battery energy storage systems. These insights
can inform the design, operation, and decision-making processes related to

the implementation of such systems in various applications.
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Chapter 5

Domestic Occupancy Model,
EV Model and Combination

5.1 Introduction

Occupancy rates play an important role in informing energy management
in households. The Markov Chain technique is widely used in occupancy

models for understanding domestic occupancy and energy use.

The electric vehicle is a device which has increased in use over recent years.
The increasing concentration of EVs is due to the improvement of technol-
ogy and the reduction of price, but also the developing integration concept
of EVs. The Markov Chain method was applied in this research to predict
the state of EVs in the domestic environment. Based on this predicted EV
state, the battery of the EV was charged and discharged accordingly. The
proposed control algorithm can store energy in the EV battery during low
tariff periods and supply a lack of energy during peak tariff periods, saving

energy import and cost.
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The relationship between occupancy model, EV model and the thermal
demand model which would be proposed in the next chapter can be seen

in the Figure 5.1.1.
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Figure 5.1.1: Structure diagram of occupancy, heat, EV model

In the ideal model of this project, the occupant behaviour model would
provide occupancy information to the heat demand model, as well as elec-

tric vehicles (EV) model. Although the water would be kept hot (in a
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tank) while the occupant is not at home, the demand for room heating and
cooking, as well as usage of hot water would be affected by inhabitants’
behaviour. This heat demand would lead to a great difference in energy
consumption profiles. Electric vehicles nowadays cater for short distance
trips, and closely integrated with users. The relationship between occu-

pancy, heat and EV model should therefore be examined.

In this chapter, the following functions are considered using the occupancy
model: (1) occupant behaviour should be connected to normal electrical
appliances, (2) the impact of occupancy on domestic heat demand should
be embodied, (3) the occupancy information and the state of EVs should

be determined for appropriate management of the EV battery.

5.2 An Occupancy Model Based on the Markov

Chain Technique

5.2.1 Introduction

When considering the domestic energy demand, the behaviour of dwelling
inhabitants has a big influence on the activation of electrical appliances, in-
cluding the state of electric vehicles in domestic environment [200]. As one
objective of this work is to create a home energy consumption model when
considering future energy demand, an appropriate occupant behaviour model
integrating novel low carbon technologies is essential. Compared to previ-
ous occupancy models reported in the literature[201, 202, 203, 204], a key
feature of the work presented here is the relationship between the occu-
pant behaviour model, domestic heat demand and electrical vehicle state,

as these will become much more influential on domestic dwelling energy
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costs in the near future.

When modelling the influence of human beings’ behaviour on energy con-
sumptions in houses and buildings, four layers are commonly presented
[23]. For modelling techniques, the deterministic models and stochastic
models are the two main modelling types. Space-based granularity, as well

as person-based granularity, are seen as two types of output level.

For deterministic models, determined rule sets and fixed schedules are in-
cluded. A number between 0 to 1 represents the diversity factor, (also
known as “schedules”). This number influences the consumption of ap-
pliances on different days, such as weekdays and weekends, based on a
mixture of monitored datasets and engineering methods [201]. It offers a
comprehensive analysis of energy consumption patterns across thousands of
households, emphasizing the role of seasonal variations and unique house-
hold behaviours in determining this diversity factor. The datasets for oc-
cupant behaviour comes from various publications. [205], [206] present
standard programs to obtain building energy demands by calculation. [8]
introduces a versatile algorithm that factors in building orientation, win-
dow placements, and insulation materials to deliver accurate energy de-
mand projections. Some literature also proposes the schedules of appliance
usage [207], [208]. Specifically, [207] delves into the peak usage times for
various household appliances, highlighting the influence of cultural and
socio-economic factors on consumption patterns. [208|provides a detailed
breakdown of hourly appliance usage rates, emphasizing the significance
of understanding individual household behaviours to optimize energy con-
sumption strategies. Based on the datasets and rule sets, the occupant
behaviour can be modelled, with the assumption of a direct relationship

between typical domestic actions of the inhabitants.
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Stochastic occupant behaviour modelling is different from deterministic
modelling, as it obtains samples from the distribution of statistics, in or-
der to predict the occurrence of typical actions. In either the space or
the clock time, there are accounts correlations between specific actions and
occupant behaviour. Commonly, the Markov Chain method is widely ap-
plied to stochastic models, especially first-order models. The first-order
Markov Chain is favoured because it 'memoryless' property ensures that
future states depend only on the current state, simplifying the modelling
process. Based on inhomogeneous time steps, a Markov Chain Monte Carlo
method was applied in the active occupancy models [209, 210], where time
of use survey data plays an important role. The researchers specifically
highlighted the significance of the Markov Chain Monte Carlo method in
effectively capturing the dynamic and unpredictable nature of active occu-
pancy, emphasizing its advantages in providing a more realistic representa-
tion of real-world scenarios. In a domestic environment, inhabitants actions
can be connected directly to the power demand of appliances [204], such
as lights. In this way, residential electricity load, gas and water usage can
be generated [211] for occupancy profiles, and these can be created for a
number of households. The actions that change in a domestic environment
are generated using stochastic methods, while datasets which then provide
energy problems are obtained through sensors or home surveys [203], [20].
According to the latest research [212], the reliability of an estimation of
general behaviour datasets is of more importance than modelling technolo-
gies on occupant behaviour, which is one of the most important reasons why
the stochastic method has been applied in occupant behaviour modelling

in this project.

The efficiency of such Markov Chain models, however, hinges on the quality

and relevance of the underlying data. Time-use surveys, especially those

112



5.2. AN OCCUPANCY MODEL BASED ON THE MARKOV CHAIN
TECHNIQUE

conducted at national or regional scales, serve as key data sources. For
instance, one low-carbon technology, PVs, is considered when the stochas-
tic model was established by Swedish time use survey [210]. Similarly,
the demand side management solutions are proposed for lower energy con-
sumption in the occupancy model which utilizing Spanish time use survey
[209], underscoring the significance of region-specific data in shaping energy

consumption strategies.

In the occupancy model developed by CREST (Centre for Renewable En-
ergy Systems Technology) model [213], the utilized datasets is from the
United Kingdom Time-use survey 2004. In addition to the occupancy state,
which indicates at home or not (changing from 0 to 1), the activity state
is created as well [200]. Inactive occupant behaviour is taken into con-
sideration, which would have different actions and environmental influence
associated with it, such as asleep, resting, or sick in bed. The model was

programmed in MS Excel.

In this chapter, the occupancy model which is based on up-to-date UK
time-use survey (2014) is proposed. The updated 2014 datasets can im-
prove the simulated occupant behaviour to better represent modern life.
At the same time, the similar UK time-use surveys provide the possibility
of combining this research to CREST model, where its modelling of elec-
trical appliances, illumination energy consumption can still be useful and
appropriate. Moreover, in the CREST model, the heat demand is separated
while EVs have not taken into consideration. In this work it proposed that
the occupancy model would provide a confluence interface for occupant

behaviour, room heat supply and EV usage.
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5.2.2 Method for Occupancy Modelling

The proposed model in this section applies a first-order Markov-chain tech-
nique, using data from the UK time-use survey 2014 [214]. This survey data
is updated compared to previous ones and consists of all day around diaries
the year round, with a time interval of 10 minutes. The occupancy model
also has a 10 minute resolution, but thus can be changed for interacting

with other models.

Compared to the general Markov Chain method for solving the modelling
problems, there are three challenges that are associated with the database.
The 2014 survey includes six “dictionaries”, such as individual, households,
etc., to reflect actions from different points of views. Additionally, each data
element comprises of more than a dozen of items, which makes it concise

but also complicates the extraction of the required data.

The first problem is the identification of respondents. In the survey, there
is much information about respondents, for instance, the ages of children
occupy the house, and also the relationships in one household. This kind of
information would not be needed when processing the data, as the stochas-
tic model is assumed to include distinct composition of households, and

the model simulation results would demonstrate any possible differences.

The second issue concerns the actions. In the survey, the actions are
recorded in detail and that there are up to three actions during one single
period. After detailed analysis of the datasets, there is always a first action,
but the second or third actions are sometimes ‘null’. Hence, only the first
action is taken into consideration. As the actions are not easily marked as
‘at home / not at home’, a manual classification is essential. The survey

results are more like answering questions than selecting existing options,
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which also complicates data processing.

The third problem is related to the blanks in the survey results. For some
periods in the questionnaire, the action has been recorded as ‘cant remem-
ber what was done at that time’. For that period, it will be defaulted to

be the same action as the previous period.

In the data preprocessing phase, special attention was given to convert-
ing the intricate details from the UK time-use survey 2014 into a format
suitable for Markov Chain analysis. The richness of the survey data, while
invaluable, posed challenges in its conversion. For instance, the multi-
dimensional nature of the actions recorded, with up to three actions within
a single period, required distillation. Through a systematic process, only
the primary action was selected for further analysis, ensuring simplic-
ity and coherence in the subsequent modelling. The survey's descriptive
style, rather than a more straightforward binary representation, demanded
a comprehensive mapping strategy. Each described action was meticu-
lously classified into one of the two categories: ‘at home’ or ‘not at home’.
This categorical simplification was crucial to maintain the integrity of the
Markov Chain model. Additionally, for periods marked as ‘can't remem-
ber’, a continuity-based approach was employed, defaulting such instances
to the immediate preceding period's action. This strategy ensured that the
dataset was devoid of any gaps, readying it for a seamless integration into

the Markov Chain framework.

The Markov process, for stochastic occupancy simulation or other building
energy calculation, is usually in a discrete form with fixed time steps, 10
minutes in this section as mentioned. The state of the Markov Chain is
manually set as it is not correlated with environmental variables. It is

based on the pre-processed of survey database. The key assumption to
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model the first-order Markov Chain is that only the instant previous state

has an influence on the present state of the occupant (called Markovian

property).

Assuming the final occupancy state is S={s1, sg,... s,}, the probability
of changing state at any time interval k (less than n) can be defined. The
occupancy status oscillates between two values: 0 and 1. A value of 0
at any time interval s; implies the household space is unoccupied, while a
value of 1 indicates that it is occupied. For modelling purposes, it is crucial
to understand the likelihood or probability of transitions between the two
occupancy states across these time points. When choosing any two con-
secutive time intervals s; and s;;1, the probability P defines the transition
from the state at s; to the state at s;; 1. This transition matrix and the
associated probabilities are foundational to the Markov Chain modelling of
occupancy dynamics. The probability (P) of changing from state i to state

j can be written as:

P (k) = P { State(k)=j | State(k —1) =1 } (5.2.1)

It represents the probability of transitioning from state i to state j at a
given time k. Specifically, if it is known that the system is in state i at
time k-1, then the probability that it transitions to state j at time k is

denoted as P;; (k). As the time steps are continuous, it also follows that:

P {State(k) = j | State(1), State(2), ..., State(k — 1)}
(5.2.2)

= P {State(k) = j | State(k — 1)}

Equation 5.2.2 emphasizes a core property of the Markov chain, known as

the ‘memoryless property’. It signifies that the probability of the system
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being in state j at time k, given the prior state at time k-1, depends solely
on the state at k-1 and is independent of all preceding states. In this
proposed model, the state can only equal 1 (at home) or 2 (not at home),
the probability (P) matrix would lead to the transition of state during
simulation. The P matrix, which stacks together of 2x2 matrices, can be

written as:

P=1Po(2) Poa(2) (5.2.3)

_Plyo(n) P 1(n)

In the proposed model, the transition probability matrix P encapsulates the
probabilities of all potential state transitions. Specifically, each element
P;;(k) defines the probability of transitioning from state i to state j at
time k. For instance, Pg;(1) delineates the probability of moving from
state 0 (not at home) to state 1 (at home) within the first-time interval.
The matrix P furnishes a holistic view, illustrating how the system might
transition from one state to another at diverse time points. This is pivotal
for simulating the behaviour of the occupants, as it offers a mechanism to

predict their likelihood of being at home at a given point in time.

Given the nature of the raw dataset, state transitions are characterized over
a 10-minute interval. To adapt this to the targeted model that operates on a
per-minute basis, a foundational assumption is made: the dynamics of state
transitions derived from the 10-minute interval data remain consistent when
applied to each minute within this interval. In essence, if the probability of
transitioning from State i to State j over a 10-minute span is found to be
0.2, it is posited that this transition probability remains uniformly at 0.2

for every individual minute within that 10-minute period. This approach
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offers a streamlined model process, albeit with an acknowledgment that
potential intricacies arising on shorter time scales might be overlooked.
This simplification, however, is deemed appropriate given the constraints
of data granularity and the overarching objective of maintaining model

tractability.

The simulation operates on a minute-by-minute granularity within a 24-
hour framework. This mandates the initialization at the beginning of each
day. Analysing the dataset reveals that the probability of individuals being
absent from home at the start of the day is less than 5%. Given this
empirical evidence, the logical approach is to initialize the simulation with

the state set to ‘17, indicating ‘at home’.

5.2.3 Model Performance

The proposed stochastic model was established with a 10 minute resolu-
tion according to the survey and compared with data from CREST model.
The average occupancy and activity state of both models is shown in Fig-

ure 5.2.1.
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Figure 5.2.1: Occupancy and activity state curve of CREST and proposed
model
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In Figure 5.2.1, the graph of the average results from the models are pre-
sented. The X-axis shows the hour of the day, while the Y-axis is for the
state. The blue and orange curves are the average state of the occupancy
and the activity respectively. The yellow curve shows the average value of
occupancy state of the proposed model. For occupancy, 1 means at home
and 0 means away from home. Hence, when the value is closer to 1 at a
time slot, it means there it is likely that people are staying at home. For

activity, 1 means active and 0 means inactive.

From about midnight to 5.00 a.m., the occupancy is always around 1, while
the activity is about 0. This phenomenon indicates people are asleep during
this period. After 5.00 a.m., the occupancy decreases, while the activity
increases dramatically, as some people get up. The lowest occupancy is
about 15.00 p.m. At that time, people were more likely to be away from
home. Afterwards, the occupancy increases again, as inhabitants finish
their work at daytime and start to return home. Conversely, the peak
of activity lasts from 11.00 a.m. to 19.00 p.m., meaning that people are
experiencing various events and taking actions. In spite of the general
trends, when comparing the CREST model and the proposed model, one
key difference is the source data. The data comes from National Time
Use Survey for different years. The average occupancy values are close to
each other during sleep time. During the daytime, however, the value of
the proposed model is always lower than the CREST model, which means
people are more likely to be away from home due to changing times. When
it comes in the night, the value of the proposed model and the CREST
model vary in their value. Generally, the results of the proposed stochastic

model of occupancy are close and reliable.

To validate the results of proposed model and Markov Chain method, Fig-

ure 5.2.2, the time duration of staying at a particular occupying state is
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Figure 5.2.2: Occurrence of time duration for stochastic model based on
TUS

In this graph, the X-axis is the time duration on occupancy state lasts.
To be brief, it can be also understood as the single time period of staying
at home. The Y-axis indicates the probability of its occurrence. The blue
curve comes from the result of processing survey datasets, while the orange
curve comes from a simulation of the proposed model. From 0 to 6 hours,
the probability decreases, as this time span is commonly seen for people
staying at home. Moreover, another peak of the curve is around nine hours.
This indicates the regular life for the inhabitants. For instance, going back
home until leaving in the next day. When the time duration exceeds 12
hours, there are very few slots for probability, corresponding to those rare

cases.

Having constructed and applied the stochastic occupancy model based on
the UK time-use survey data from 2014, it is paramount to evaluate its
performance. By comparing the output of the proposed model with the
original survey data, the accuracy and reliability of the proposed simulated

results can be evaluated.
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Table 5.2.1: Some statistical parameters of the proposed model and the
original data

Metrices Original Data Modelled Data
Mean 0.77044 0.74616
Standard Deviation 0.17819 0.19621

Mean Squared Error | — 0.03882

(with respect to Orig-

inal Data)

Table 5.2.1 shows the mean and standard deviation value of both origi-
nal and modelled data, as well as their mean squared error, to evaluate
the performance of occupancy modelling. The model closely emulates the
general occupancy trends observed in the original dataset. The original
data showcases a mean occupancy rate of 0.77044, while the model yields
a slightly lower rate of 0.74616. Such discrepancies can be attributed to
the inherent variability in human behaviour and certain model assump-
tions. The standard deviation, a measure of data dispersion, offers insights
into the model's robustness across diverse scenarios. A standard deviation
of 0.17819 in the original data compared to 0.19621 in the modelled data
highlights the model's sensitivity to time intervals. It suggests potential
areas where the model might be overreacting or underreacting to certain
patterns. The Mean Squared Error (MSE) stands as a testament to the
model's overall accuracy. An MSE value of 0.03882, though relatively low,
underscores the precision of the model. However, it also reminds us of
the importance of regular validation, especially if the model is slated for

high-stakes applications or predictive tasks.

5.2.4 Conclusion of the Occupany Model

This section presented a stochastic occupancy model based on the 2014 UK

time-use survey data. Using the Markov Chain methodology, the model ef-
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fectively simulates occupant behaviour in the context of energy consump-
tion. Results indicate a close alignment between the predicted results of
model and the original survey data, validating its accuracy and reliabil-
ity. Discrepancies, though minimal, provide avenues for further refinement
and optimization. The compatibility of the model with the CREST model
highlights its versatility, setting the stage for its integration into broader
energy consumption frameworks. As energy demands continue to evolve,
robust and precise models like the one presented will play a critical role in

guiding energy management strategies and policies.

5.3 EV Operation Modelling

5.3.1 Introduction

As mentioned in introduction and literature review, the increasing pene-
tration of renewable energy sources into the electricity system may reduce
the its robustness, and thus may be exacerbated by the increasing uptake
of electric vehicles [215, 216]. Therefore, the prediction of EV operation
(state) and power consumption may be useful for increasing the stabil-
ity and flexibility of the electrical system, as well as effectively utilizing

renewable energy.

Various methods have been proposed in the literature for accurate pre-
diction of EV state and charging requirements, including ant colony algo-
rithms, support vector regression, energy equivalent, Monte Carlo, etc. A
high resolution probability model based on the ant colony algorithm was
presented in [217]. In this model, the charging load curve was described

by power, duration and start time for each charging process. However, this
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model had not considered the randomness of EVs. A model based on a
genetic algorithm (GA) was proposed in [218]. This algorithm can obtain
parameters with a stochastic feature, while a charging strategy for EVs is
presented based on the aggregation model to reduce the fluctuations of the
grid caused by electric vehicle charging. But the charging load may change
suddenly due to uncertainties in the number of EVs, and its scheduling
did not take the SOC (state of charge) of users into consideration. A fore-
casting method for the daily load of electric bus charging stations based
on support vector machine was presented in [124], comprehensively consid-
ering the effects of temperature, weather and similar daily load patterns.
The prediction is based on some small samples for similar days, and require
huge real-time computing power. In [219], a Markov Chain Monte Carlo
(MCMC) simulation was applied to generate weekly EV patterns with half
hourly resolution. One unlikely assumption in this particular simulation
was that the driving period per journey was fixed to be 30 min, which
is due to the lack of self-transition status of driving, and this limits the

generation of continuous vehicle driving states.

A Markov process is a stochastic process that satisfies the Markov property
[220]. It is a process for which predictions can be made regarding future
outcomes based solely on its present state. The changing of state of an EV
is highly random. The Markov Chain has better performance in solving the
uncertainty issues in the random processes, comparing to other methods.
As a result, this research proposed in this thesis applies a Markov Chain
model to the EV state prediction, for further investigation and simulation
of integrating EVs into the electricity system. Vehicle driving state profiles
were described by Markov Chain models in [221], comprising a discrete-
time Markov model and the state transition matrix wherein the size and

resolution of the time under consideration and the vehicle states are pro-
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portional to each other. However, the related applications are restricted
to the two vehicle states of ”driving” and ”"not driving”, and no charging
location is assigned. Another Monte Carlo simulation is proposed in [222].
Three key variables were collected from a transportation database, contain-
ing travel distance, as well as arrival and departure times of the vehicles.
In summary, various methodologies have been explored for predicting EV
state and charging requirements, each presenting its own advantages and
challenges. While techniques like ant colony algorithms, support vector
regression, and genetic algorithms offer unique perspectives, they may face
challenges in addressing the inherent randomness of EV operations or in
computational demands. Markov Chain models stand out due to their ap-
titude in managing randomness. However, existing applications may be
limited in their state representation or detailed charging locations. Given
the increasing integration of EVs into home energy systems, having a pre-
cise and efficient model for EV operations becomes crucial. It not only
aids in optimizing individual household energy usage but also ensures the
resilience and efficiency of the broader energy grid. Therefore, in the larger
context of home energy systems, refining and applying a robust EV model

can contribute significantly to holistic energy management solutions.

In this thesis, an EV state prediction method based on the Markov Chain
is introduced. This approach aims to offer enhanced accuracy in predicting
EV usage patterns and charging needs. By understanding these patterns
more comprehensively, it is anticipated that this research will contribute to
optimizing energy consumption and efficiency in household settings. Ad-
ditionally, an algorithm for simulation of EV battery in a domestic envi-
ronment is presented. The simulation of EV battery is operated, and the

results are discussed.
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5.3.2 Methodology for the EV Operation Modelling

The application of the Markov Chain method aims to predict the EV state.
Based on the changing EV state curve, the modelling and simulation of
EV charging are an important part of modelling home energy management

simulation.

5.3.2.1 Markov Chain and EV Simulation

For the estimation of the state of an EV state, in the states of the EV
at each period are predicted based on the Markov Chain method. This
prediction provides state information, i.e., the drive or park state of the EV,
as this would influence charging/discharging decisions for the battery of
EV, and also changes its SOC. The simulation of the battery would be part
of the battery control algorithm. The home load and PV generation are
integrated into a simulation, forming a home energy management system.
The scheduling of charging/discharging an EV in this simulation can then

be optimized, focusing on some measurable units, such as total energy cost.

The main use of private cars on workdays is for commuting to work whereas
the main uses during of holidays and weekend are leisure and entertainment,
visiting relatives and friends. According to the daily travel situation, pri-
vate cars usually stay on their owner’s drives or the car park of work areas
on weekdays, on holidays or weekends, private cars usually stay on the
owner 's drives. Therefore, the state of the EV is divided into 3 conditions,

as state 1, 2 and 3. These three states are defined as:

e State 1: vehicle parked at home

e State 2: vehicle on the road
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e State 3: vehicle parked at another place

State 1 means the vehicle is at home, while the state 2 means vehicle on the
road. Other cases, such as parking at work or some other place are marked
as state 3. The transfer process of EVs at a certain moment is shown in

Figure 5.3.1.

State 2
(On the road)

(At home)

State 3
(At working place)

Figure 5.3.1: Transfer process of EVs between three states

This graph shows the relationship between the three states of an EV. An
EV may switch from one state to any other state at any time, and the
probability of switching is indicated by the transition probability. At each
time interval t, the transition probability P;; (t) defines the probability of
changing from state i to state j. The probability can be also presented in

Equation 5.3.1:

P, (t) = P { State(t) =j | State(t —1) =i } (5.3.1)

where the array State(t) stored the state information for different states,
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and State(t)=i means the EV is in state i at time interval t. Subsequently,
the sum of the probability of switching to three states equals to 1, as

Equation 5.3.2.

Y Pyt)=1 (5.3.2)

As the states of the EV switches between 1,2 and 3, there are totally 9 (3
times 3) sets of P;; (t) for each time interval t. For effective data storage and
reading, the probability factors would be formed as one matrix. Hence, at
time interval t, the state transition probability matrix of the electric vehicle

can be expressed as Equation 5.3.3.

P i(t) Pia(t) Pis(t)
P(t) = |Pyy(t) Pao(t) Pos(t) (5.3.3)

Ps1(t) Psa(t) Pss(t)

In this matrix, the sum of each row is always 1, as the state of EV can only
be kept or switched to the other states. This matrix makes sense at every
time interval t, while there are a total of 1440 minutes in one day, leading
to the 1440 series for the matrix. One example of a matrix is shown as

below:

0.9967 0.0033 0
P(643) = 0 0.9444 0.0556 (5.3.4)

0 0 1

The time interval t is 643, which means it is the matrix for 10.43 a.m. At
that moment, the transition probability P ;(643) = 0.9967, indicating the
high possibility of the EV’s staying at home. P 3(643) = 0.0556 , in the
middle of the day, the EV has a low probability changing from state 2 to
state 3. This indicates the possibility for the EV to park at another place,

after leaving home and travelling on the road). For each line, its sum equals
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to 1, following Equation 5.3.2.

Applying these series of matrices, a probability of state distribution graph
for EVs can be obtained and shown in Figure 5.3.2. The initial state is
set at state 1, considering the high possibility of staying home at 0.00 p.m.
The state transition probability values are extracted from the NHTS (Na-
tional Household Travel Survey) [223]. The NHTS was chosen as the data
source due to its comprehensive collection of nationwide travel data, which
provides a robust and accurate representation of vehicle usage patterns.
Furthermore, its high granularity, with a resolution of 1 minute, ensures
detailed insights into short-duration vehicle activities, making it a prime

choice for such simulations.
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Figure 5.3.2: Variation of the EV state probability

In the Figure 5.3.2, the probability of the EV being at state 1 is close to 1
before 8.00, indicating the EV would always stay at home overnight. After
8.00, the probability of state 1 decreases, achieving the lowest value of 0.5
at about 18.00. Conversely, at 18.00, the probability of state 3 achieves its
peak. During the daytime, the EVs are more likely to be driven away from
home and parked at other places. Compared to the low probability of state
2 before 8.00, it is around 0.1 from 8.00 to 24.00, ensuring there is a high

likelihood of state switching.

128



5.3. EV OPERATION MODELLING

During the prediction and simulation of the EV state, the decision of the
EV state is based on the time interval t, current state i, and a random
number. Additionally, t and i are already known, three probability factors
would make sense, and their sum is 1. The random number is randomly
obtained from 0 to 1 and compared with probability, to decide what will

be the next state. The schematic diagram is shown in Figure 5.3.3.

1
Pi,3(t)
Random number P.,(t)
Pi,l(t)

0

Figure 5.3.3: Schematic diagram of probability selection

Applying the Markov Chain method to the prediction of the EV state
as mentioned in previous sections, the state graph shows the estimated
motion of EVs. For instance, two examples of prediction results are shown

in Figure 5.3.4.

In Figure 5.3.4, the given data provides a granular view of an electric vehi-
cle's (EV) activities throughout a 25-hour period. At the onset of the day,
from 00:00 to approximately 06:00 a.m., the EV remains predominantly
at home. This behaviour aligns with typical nocturnal resting hours when

vehicles are often stationary.
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Figure 5.3.4: Examples of EV state simulation

By 06:00 a.m., a shift is observed in the vehicle's status, indicating it is
being mobilized. This movement lasts for a few hours before the EV returns
home, potentially representing a morning commute. However, post 15:00
p-m., the vehicle once again departs, but this time it remains away from
home for an extended duration, suggesting a longer engagement, possibly
work-related or leisure driven. Such trends are crucial as they shed light on
the EV's daily utilization patterns, which, in turn, can inform optimized

charging strategies.

Understanding the patterns of how and when an electric vehicle (EV) is
used can help manage the power grid better. When it is known when most
people are likely to charge their EVs, electricity can be prepared at those
times. This is especially important when using sources like solar or wind

power, which don't always produce electricity all the time.

5.3.2.2 Trip Duration of EVs

Another random number ranged from 0 to 1 is used for estimating the trip
duration. Since there is a direct correlation between journey distance and

journey duration, it is reasonable to use this correlation in combination with
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the value of the journey duration obtained from the mobility state profile
to estimate the journey distance. Based on datasets [223], there are 34 trip
duration bins with a 10-minute width, followed by further 300 distance
bins, where each width is 1 mile. Figure 5.3.5 shows three examples of
journey distance cumulative probability distribution for journeys of 10 - 20

minutes, 50 - 60 minutes and 150 - 160 minutes. It becomes evident that

——10min to 20min
——50min to 60 min
150 min to 160 min
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Figure 5.3.5: Probability distribution graph of EV trip distance

the cumulative probability distributions of journey distances for distinct
durations provide invaluable insights into the driving behaviours of EV
users. For instance, within a 10-20 minute duration, the probability that
an EV travels a shorter distance is notably higher than covering a longer
stretch. This directly correlates with the energy consumption patterns and,

by extension, the subsequent depletion of the battery's SOC.

The longer the distance travelled, the greater the battery's energy expendi-
ture. Consequently, for journeys lasting between 50-60 minutes, a broader
spread in the distance distribution can be observed, indicating varied en-
ergy consumption patterns. For even longer durations, such as 150-160
minutes, the probability skews towards more extended distances, suggest-
ing a more significant reduction in the SOC by the journey's end. The

impact of trip distance on energy balance would be mentioned in the fol-
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lowing algorithms.

During the simulation of the SOC of the EV battery, the TOU (Time of
Use) tariff is applied, for the decision making for charging/ discharging the
battery of EV. The control algorithm would attempt to charge EV battery
during night, when the electricity tariff is the cheapest in the whole day.
The loads formed by the home appliances would be integrated into the home
energy system, to form a domestic environment for energy management.
The load profiles come from load measurement data. The PV generation
is also considered. To summarize, the input datasets of this simulation
include EV states based on Markov Chain, as well as load and PV profiles.
The output of this simulation is the changing SOC and power of the battery
of EV.

5.3.2.3 V2G Algorithm

An example of how the EV model can be used as part of a home energy
management scheme is shown in the flowchart of Figure 5.3.6. In this step,

there is no domestic battery.

In the Figure 5.3.6, the main loop of the control algorithm is based on time
interval t, i.e., each minute of the project, where transition probability
matrix P (t) is updated. The changing power arrays in the loop includes
power of the load (Ppoaq), power of the PV (Ppy ), power of the EV (Pgy)
and power of the grid (Pgrq). At any time, this power variable follows

energy balance in the system, as:

Paria + Prv = Proad (EV state # 1) (5.3.5)

Paria + Pev + Pev = Proaa  (EV state = 1)
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Figure 5.3.6: Flow chart of EV battery simulation
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Only when the state of EV equals to 1, as the electric vehicle is parked at
home, can the vehicle be connected to home system. When EV is at home,
Pgy is valid only when EV is charging. Or it is considered invalid when it

is not charging, and the value of 0 does not affect other parts

In the loop, if the state equals 2, the EV is on a journey. During the
journey, the battery of the EV would be discharged to provide energy for
the EV on the road. The energy consumption of the battery discharging

for the trip can be calculated as Equation 5.3.6.

E =D X Eup, (5.3.6)

where E is the energy consumption, D is the trip distance. FE,, is the
energy consumption rate, assumed as 0.34 kWh/mile [224]. Secondly, if
the EV state is 3, the EV is parked at another place. It is assumed for
this work that the EV battery would be neither charged nor discharged.
Thirdly, the EV state can be only 1, indicating the EV has returned home.
When the tariff period is 0 (low tariff period), and the current SOC is less
than its maximum value or the estimated requirement for the whole day,
the battery of the EV is under night charging mode, to store enough energy
in the battery at low grid tariff. Finally, if the tariff period is 2, (high tariff
period), and the current SOC can meet the predicted requirements for the
following day, the battery of the EV would be controlled to discharge for

domestic utilization during peak periods.

5.3.2.4 Incorporating EV and Home Battery Systems

In the proposed integrated energy management framework, both the EV

and home batteries play distinct yet complementary roles. The synergy
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between these two storage entities ensures optimal energy utilization, with
the EV battery often boasting a larger capacity while the home battery

offers rapid charge and discharge capabilities.

Energy derived from renewable sources, such as PV panels, is initially di-
rected towards the EV battery when charging, owing to its larger storage
potential. The home battery, designed for swift energy transactions, be-
comes the secondary recipient once the EV battery is adequately charged
or if the EV is not available. Conversely, during periods of energy con-
sumption, the home battery takes precedence in supplying the house. If
its reserves are insufficient to meet the demand, the EV battery seamlessly
supplements the power needs, always ensuring that the EV's subsequent

journey requirements are not compromised.

Incorporating the home battery into the existing simulation entails modi-
fying energy balance equations. Both batteries' state of charge, charge/dis-
charge rates, and degradation profiles are pivotal parameters. Decision al-
gorithms will be recalibrated, taking into account both states of batteries,
their efficiency curves, and anticipated consumption trends. The predic-
tive model for the state of EV remains a linchpin, informing the system
about the optimal charging periods and maintaining the EV's transporta-

tion readiness.

5.3.2.5 Selection of Predictive EV State Curve for Simulation

Simulation fidelity hinges on the accuracy of the employed predictive mod-
els. In this research, the emphasis is on achieving a robust simulation rather
than a pure prediction. Consequently, the same Markov Chain-based state
transition matrix, previously described, underpins both the simulation and

prediction of the EV state. When the electric vehicle is parked at home,
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its charging needs are considered. During peak times, there is the pos-
sibility of the vehicle’s battery discharging into the home system, based
on the relationship between the battery’s charge and the estimated future
demand. For the operating simulation, a reference EV state curve, already
factored into energy calculations, serves as the benchmark. Leveraging the
consistent state transition matrix, multiple state curves are iteratively gen-
erated. The objective is to unearth a curve that, within the timespan of
the completed simulation, mirrors the reference with an error margin below
10%. Such a curve is then designated as the predictive state curve for that

interval.

To account for evolving real-world scenarios and the inherent variability in
user behaviours, this predictive curve is updated at half-hourly intervals,
ensuring the simulation remains aligned with the dynamic energy land-

scape.

5.3.3 Model Performance

The simulation result of EV charging as part of home system for one day

is shown in Figure 5.3.7.

The presented figure consists of four sub-graphs, each highlighting a specific

aspect of energy dynamics over a 25-hour period.

The first sub-graph displays the Load, Grid, and PV Power curves. The
Load curve represents the household energy demand over the course of a
day, showing typical diurnal variations. The PV curve illustrates the en-
ergy generated from photovoltaic panels, with a peak corresponding to the
solar noon. The Grid curve indicates the net power interaction with the

grid, which is either drawn from or fed into the grid based on the balance
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Figure 5.3.7: Simulation results of EV battery

between energy demand and supply. In the second sub-graph, the focus is
on the home battery's power and state of charge (SOC). The power curve
fluctuates between charging and discharging modes, determined by the en-

ergy demand and the available PV power. The SOC curve ranges between
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0 and 1, indicating the battery's charge level throughout the day. The third
sub-graph provides insights into the electric vehicle (EV) battery, detailing
its power consumption and SOC. The power curve showcases the vehicle's
energy utilization patterns, influenced by driving requirements and home
energy management decisions. The SOC curve traces the EV's battery
charge level, crucial for efficient EV operations. The fourth sub-graph con-
trasts the predicted and actual states of the electric vehicle, offering an

evaluation of the prediction model's accuracy over the observation period.

The load curve exhibits two distinct peaks, likely corresponding to morning
and evening residential consumption. This bimodal pattern is characteris-
tic of typical household energy use. On the other hand, the PV generation
curve shows a unimodal pattern, peaking around midday when solar irra-
diance is at its highest. It is notable that during midday, PV generation
occasionally exceeds the load, resulting in a surplus of energy. This surplus
is evident when the grid power curve dips below zero, indicating that ex-
cess energy is fed back into the grid. Conversely, during early morning and
late evening, when the solar generation is minimal or absent, the household

draws power from the grid, causing the grid curve to spike upwards.

The SOC (State of Charge) of the battery remains between the optimal
limits, suggesting efficient power management. There are instances where
the battery discharges to support the household load, evident from the
Battery Power curve dipping into the negative region. Conversely, when the
curve is above zero, it signifies the battery is in a charging state, absorbing
excess energy from the PV or the grid. The EV's power curve displays
intermittent dips, representing periods when the vehicle is in operation and
consuming energy. The associated decrease in SOC during these periods
reinforces this observation. The negative values in the EV power curve

denote charging episodes, likely occurring during periods of PV surplus or

138



5.3. EV OPERATION MODELLING

when grid electricity is cheap.

During periods when the solar PV output reaches its peak, the power from
the grid is observed to be negative. This indicates that the solar power gen-
eration surpasses the household's load demand. Such excess solar energy is
potentially utilized to charge the home battery or the EV battery, instead
of being fed back to the grid. Conversely, during sunrise and sunset, the
solar PV output diminishes while the household's load demand might per-
sist, leading the household to rely more on grid supply or stored battery

power.

Patterns in the EV's State of Charge (SOC) suggest certain charging and
consumption periods. These patterns may correlate with the user's daily
commute or travel routines. For instance, the vehicle might be stationed at
a workplace during the day and undergo charging at home during the night.
Sharp declines in the EV's SOC curve might represent short-distance trav-
els, offering insights into daily commute lengths and subsequent charging
needs. A critical observation is the modest consumption of the EV battery
over a single day. The vehicle's limited travel distance on this particular

day is a plausible cause for this minimal drain.

The battery's charging and discharging strategy appears to be influenced
by Time of Use (TOU) pricing. During peak periods, when the electricity
rates are higher, there’s a tendency to rely more on battery power, mitigat-
ing costs. In contrast, during off-peak times with reduced rates, there’s an
inclination to draw power from the grid and prioritize charging. It’s note-
worthy that even though the battery possesses the capability to feed back
to the grid during peak periods, the vehicle’s absence from the household

during these times potentially restricts this action.

For further discussion, the Table 5.3.1 presents a side-by-side comparison
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of the simulated data against the UK average.

Table 5.3.1: Annual results of the simulated data and the UK average data

Metric Simulated Data UK Average Data
[225]

Total Annual Distance | 9514 km 11909 km

(k)

Total Annual Energy | 2041.07 kWh 1762 kWh

Consumption (kWh)

Battery Cycle Count | 2190 N/A

The first point of comparison lies in the annual distance travelled. The
simulated electric vehicle covered a total of 9514.00 km throughout the
year. In contrast, the average distance travelled by electric vehicles in the
UK stands at approximately 11909.54 km. This difference suggests that
the usage pattern of the EV in the proposed simulation is slightly below

the UK average.

A notable observation emerges when analysing energy consumption. De-
spite the simulated EV travelling a shorter distance than the UK average, it
consumed a higher amount of energy, registering at 2041.07 kWh compared
to the UK average of 1762 kWh. Such a discrepancy may be attributed to
factors such as the EV's energy efficiency or specific driving conditions en-
countered in the simulation, like frequent short trips or terrains demanding

higher energy expenditure.

Delving into the operational behaviour of the EV battery, the simulated
data reports a battery cycle count of 2190 over the year. While there is not
a direct UK average to compare this against, this metric is instrumental in

understanding the battery's charging and discharging patterns.
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5.3.4 Combination of Occupancy Model and EV Model

The interaction between EV operations and occupancy patterns can be
crucial for energy optimization. When an EV is in use, and the residence
is unoccupied, there is an opportunity for strategic charging. This can
aid in peak-shaving and makes use of off-peak rates, ensuring efficient grid

operations.

The occupancy model can be linked to the EV model as shown in this
section. When people left home, one could select electric vehicles for com-
muting for times. Also, one may just walk to some nearby places, while the
EV is still parked at home. Hence, the key issue of the combination of the
occupancy and the EV model is to get the state in synchronization, making
it reasonable. During simulation, the EV simulation would be repeated, to
make sure that the occupancy state equals to 0 (not at home) when the EV
is also not at home. The Figure 5.3.8 shows the matching of two models

in one day.

1
; S0C 110

0.8 , 5 | EV Battery

06" 7

04 =0

: -10
0 6 12 18

State and SOC graph

—— State occupancy 3
1 — State EV

0:5 = 1 2

0 \
1

1 1
6 12 18
State graph

Figure 5.3.8: Battery and state graph for EV

In Figure 5.3.8, the upper graph shows the detailed information about the

battery of the EV. The blue curve is the SOC of battery, while the orange
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curve is the power rating of the battery. In the lower graph, the blue
curve means the state of occupancy, and orange one means that of the EV.
As shown in the power graph, the EV was charged from midnight, then
parked at home with no energy exchange during the morning. After 12
p-m., the EV departed and parked at other places during that period. At
that time, the energy of battery is consumed fast. In the view of states,
the occupancy indicates that people are not at home during the afternoon,
which is consistent with the driving of the electric vehicle. Additionally,
from about 8.00 a.m. to 10.00 a.m., the occupancy state equals to 0 and
the EV state is 1. This means people were away from home but the EV

was still parked at that time.

5.3.5 Conclusion of the EV Operation Modelling

With the proliferation of renewable energy sources and the growing adop-
tion of electric vehicles, the prediction of EV operation has emerged as a
crucial factor. Accurate predictions can aid in enhancing the stability and
flexibility of the electricity system, optimizing energy consumption, and

maximizing the utilization of renewable energy sources.

The inherent randomness of EV operations makes it particularly apt for
the Markov Chain method. The study underscored its efficacy over other
techniques. Its strength lies in its ability to predict future outcomes based
solely on its present state, making it particularly apt for predicting the
highly random state transitions of EVs. The proposed model segmented
the state of the EV into three conditions: parked at home, on the road,
and parked elsewhere. This granular representation offered a detailed view

into the day-to-day operations of the EV.
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The simulation established an energy balance that accommodated photo-
voltaic generation, home loads, and the state of the EV. Understanding the
interplay between these factors becomes vital for optimizing energy con-
sumption and costs. The decision algorithms were designed to prioritize
charging the EV battery due to its larger capacity. However, during peri-
ods of energy consumption, the home battery becomes the primary source,

with the EV battery providing a supplement as needed.

The simulation results offer a microscopic view into the intricate dynamics
of energy consumption, generation, and storage. Patterns emerge, provid-
ing insights into daily EV use, battery charging and discharging strategies,
and their implications for overall energy management. Compared to the
UK average, the simulated data presented intriguing observations. While
the annual distance of the simulated EV was lower than the UK average,
its energy consumption was higher, underscoring the influence of factors

such as energy efficiency and specific driving conditions.

In summary, this study offers a holistic approach to predicting and simulat-
ing the operations of EVs within a home energy environment. The insights
derived from the simulations provide valuable perspectives for homeowners,
policymakers, and energy managers, paving the way for more sustainable

and efficient energy management solutions in the future.

5.4 Conclusion

This chapter presents a model derived from the 2014 UK Time-Use Sur-
vey data, aimed at predicting occupant behaviour in relation to energy
consumption within homes. By integrating this model with thermal de-

mand and electric vehicle (EV) usage data, a comprehensive understand-
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ing of household energy consumption patterns emerges. This integration
offers potential avenues for optimizing energy consumption, aligning it more
closely with actual household needs. This chapter also provides a model
of the state and trip duration of the electric vehicles. The significance
of accurately predicting EV charging and usage patterns, especially con-
sidering the integration of renewable energy sources like solar panels is
emphasized. Both proposed models in this chapter are of great importance
in the domestic energy system modelling, as the models are directly related
to inhabitants ' behaviours in simulation, and thus the energy consump-
tion in different time steps. In essence, the chapter provides an approach
to effectively gauge and manage home energy consumption. The insights
from the model can benefit homeowners, policymakers, and energy sector

professionals.
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Chapter 6

Modelling the Thermal
Demand in Domestic

Electricity Systems

6.1 Introduction

Along with the improving studies on energy conservation and GHG emis-
sions reduction, the energy saving on building thermal management has
significant potential. About 40% of energy consumption are in the form of
thermal management in buildings worldwide[226], while 70% of electricity
consumption in the US is in residential and commercial buildings [227]. In
the UK, the average heating setpoint temperature is 20.9 degree, and the
average weekday and weekend day heating periods were 9.5 h and 11.2 h
respectively. If only dwellings with a single heating duration are taken into
consideration, the heating period is 6.2h, while it is 5.6h for the double

heating duration [228].

145



6.1. INTRODUCTION

As long as the integration of renewable energy, such as solar and wind
power, their intermittency leads to a novel challenge to electricity systems.
Hence, stable energy supply and flexible storage are essential to decrease
energy consumption and avoid net risk. Integrating large heat pumps into
the energy network will absorb up to 40% of fluctuating renewable energy
[229].Additionally, excess electricity can be converted into heat by heat
pumps, which can be used later [230]. For instance. It can act to some

extent as energy storage.

As shown in several studies [231], operational performance of heat pumps
can be improved by more accurate models. However, the diverse types of
models demand various levels of the order of the model, the magnitude of
the data, as well as the power of computation. Therefore, the choice of
model is important depending on the purpose of applying the heat pump
model. In addition to groud source heat pump, the study of Air Source Heat
Pumps (ASHPs) focuses on defrosting management, system management,
and smart grid demand response [232]. It highlights available ASHP data
for researchers and identifies future research directions to optimize ASHP

efficiency and usage.

Clearly, one of the key issues in modelling a heat pump is properly ac-
counting for its performance variation under different operating conditions.
With heat pumps, the COP (coefficient of performance), which equals to
the ratio of heat and power, is one of the most important definitions for
analysing its performance. It varies at different condensation and evapora-
tion temperatures. Incorporating heat pumps into the modelling process of
energy dynamics simulations can be difficult for technologically innovative

solutions.

In the energy utilization for buildings and domestic environments, hot water
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usage plays an important role. In the residential sector, about one-fifth of
total energy consumption is hot water production in the USA, while it

accounts for 14% in the European Union [233].

When it comes to the distribution of water used in a domestic environment,
almost 70% of hot water is consumed through baths and showers in the UK,
while the rest is mainly used in basins and sinks [234]. In the US, half of
hot water volume is consumed for showers, when baths, dishwashers and
wash machines account for 23%, 10%, 16% respectively [235]. Moreover,
the volume of hot water usage could also be affected by climate, season, as

well as cultural factors [236].

In addition to applying electricity to supply domestic heating demand, the
electrification of cooking appliances can lead to a future of energy savings
and carbon reduction. In previous decades, electrical cooking only means a
resistive element hot plate placed in the pan. Meanwhile, specific cooking
appliances were dominant products in the market, such as toastie machines
and rice cookers. Based on previous induction technology, such as tradi-
tional resistance element hot plates, it is generally agreed that electricity
is the most expensive energy for cooking [237], as costs are higher than for

traditional gas stoves [238].

However, with the improvement of technology and the increasing demand
for green homes, novel efficient appliances utilize the features of insulation,
pressurisation, and automation. In addition to the reduction of energy
consumption, the consumer experience is also improved by novel electrical
cooking appliances [239]. The progress and application of new techniques
on electrical cooking not only focuses on equipment, but also on commercial
activities. In order to overcome the cost barriers of modern cooking fuels,

electricity, mobile payment and sharing appliances for domestic cooking
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have been explored [240].

Considering the importance of energy conservation and its implications in
domestic environments, this chapter presents a detailed exploration of var-
ious components contributing to household energy consumption. It is an
undeniable fact that energy management in buildings, especially in domes-
tic environments, is of paramount importance, given the global emphasis

on sustainability and green energy solutions.

The initial focus of this chapter is about the intricacies of the thermal
room heating model. This model is pivotal, considering the significant
energy consumption associated with heating in households, especially in
colder regions. The dynamics of control algorithms, hysteresis control, and

the importance of accurate parameter estimation are discussed in depth.

Transitioning from room heating, the chapter investigates the field of ground
source heat pumps (GSHP). The emphasis here is not just on the opera-
tional mechanism of GSHPs but also on their performance metrics. Given
the potential of GSHPs in efficient energy utilization, understanding their
working is crucial. Another significant contributor to household energy
consumption is hot water usage. This section provides a dual perspective:
firstly, the demand side, focusing on the patterns of hot water consump-
tion, and secondly, the supply side, considering the mechanics of the water
tank model. The combined model aims to present a holistic view of hot
water consumption in households. The final section of this chapter ad-
dresses the evolution of electrical cooking appliances. While traditional
perceptions might regard electrical cooking as energy-intensive, technolog-
ical advancements have ushered in a new era of efficient and sustainable
cooking solutions. From understanding the probabilities of cooking events

to the effects of seasonality and household size on consumption, this section
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provides a comprehensive overview. After a look into the various models
and mechanisms, the chapter concludes with the integration of occupancy
and an analytical comparison. Drawing insights from real-world data, the
simulation results are juxtaposed against empirical findings, validating the

models and methodologies presented.

This chapter serves as a guide to understanding the different aspects of en-
ergy consumption in domestic environments. By investigating each compo-
nent, from heating to cooking, it aims to provide readers with a clear picture
of the current landscape, challenges, and potential solutions in household

energy management.

6.2 Thermal Room Heating Model

6.2.1 Introduction

To achieve better thermal management in buildings, a reliable and conve-
nient thermal model needs to be established. There are two main methods
that help with thermal simulation. The first type is physical models, which
are established based on thermal dynamic equations, to simulate building
thermal conditions [241], [242]. This type of model, which is also known as
‘white-box-model’, has good performance and accuracy, but the parameters
require specific setting by an expert in thermal modelling. In addition, this
model is fixed and unable to simulate any changes during operation. As a
result, this method cannot be widely applied in daily life or this project.
The other commonly used method is a data-driven approach [243], [244].
Combining the time-series analysis and improved learning algorithms, the

indoor temperature can be predicted, basing on collected datasets and self-
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trained models. This method requires accurate time-series datasets, as well
as smart meter appliances for measurement. This type of model is defined
as a ‘black-box-model’, and obtains detailed and accurate thermal simu-
lation results using a high computing power. In this research, a suitable
model should consider the reasonable thermodynamic building informa-
tion, as well as reduced computing power, to be able to be employed as a
real-time simulation model. As an alternative approach as a compromise,

the ‘grey-box-model’ was proposed in [245, 246, 247, 16].

A grey-box-model is a combination of white box modelling and black box
modelling, aiming at taking the advantages of both sides. The model struc-
ture is constructed using system knowledge, while the parameters are es-
timated, basing on collected datasets and typical constants. The thermal
resistance (R) and capacity (C) are used in the grey box model to represent
different components (similar to an electrical network). Different models
of indoor temperature prediction were compared in [248], showing that a
model order of more than 3 would not have an obvious improvement on
the model performance. The performance of models with different orders
was also evaluated in [249], indicating that the prediction of both indoor
temperature and heating power can be accurate enough in a second or-
der model. [250] studied the capacity problems in the grey box model,
and found that in a residential building, a model with only one thermal

capacity is effective to predict the indoor temperature.

In this project a grey box thermal model, which can effectively simulate the
thermal performance of an electrical heater in the domestic environment
is proposed. This thermal model, which is under combined hysteresis and
timing control, can maintain required room temperature and reasonable

model energy requirement.
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In this section, the methodology of the room heating model is proposed.
Modelling energy at the room level is essential for understanding a home's
complete energy dynamics. Considering that electric heaters are often com-
pact and designed for individual rooms, it's imperative to examine their
impact on a room-by-room basis. By focusing on one room, a standard
model can derived which can be applied across multiple rooms in a resi-

dence.

This room-based approach can reveal details that might be missed in
broader models. It aids in identifying specific energy patterns, allowing
for better optimization and adjustment. With architectural trends moving
towards modularity, seeing a building as a collection of individual rooms,
each with its energy profile, makes the modelling process more systematic

and adaptive.

Furthermore, as individual room heating solutions might become more com-
mon due to their efficiency and adaptability, room-level insights are vital
for future energy management. Starting from the room level and then ex-
panding to the entire building ensures a comprehensive approach to energy

modelling.

The objective of the modelling in this project is to simulate the real time
electricity consumption for room heating demand. The construction of the
structure of the model, the estimation of physical properties, the optimiza-
tion of thermal parameters, as well as simulation of combined control is

introduced in this section.
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6.2.2 Thermal Room Heating Model

The aim of room heating model is to simulate the real time energy consump-
tion of electrical heaters in a domestic environment. This can then be used
in conjunction with a model of a direct electric radiator or a ground/air
source heat pump to determine electricity consumption. Figure 6.2.1 shows
the four components in the thermal model and the heat exchange between
these parts. The four components in this model are: (a) electrical heater,
(b) indoor air, (c¢) wall, (d) outdoor atmosphere. Four temperatures are
related to these four components, which are marked as Ty, (heater), T;
(indoor), Ty, (wall), T, (outdoor). The thermal resistances between each
component and thermal capacities of each component are shown as well.
The electric heater transforms electricity from the grid into heat energy, to
satisfy the heat demand of the room. In this model, the wall is considered
as a double-layer wall, which is commonly applied in the UK domestic en-
vironment for better heat insulation. As a result, the external and internal
parts of the wall have separated resistances. Conversely, the indoor air and
outdoor atmosphere are assumed as homogeneous substances, which have
single parameter sets. For convenience, this model is named as the “3R3C”

model in the following pages.

In this Figure 6.2.1, T denotes temperature; subscripts o, w, i and h in-
dicate outdoor atmosphere, wall, indoor air and heater, respectively; Ry,
is the thermal resistance between building envelope/ wall and outdoor at-
mosphere, Ry; is the thermal resistance between wall and indoor air, Ry, is
the thermal resistance between indoor air and electrical heater. Thermal
resistance indicates the ability of heat transfer between different objects,
and its unit is K/W. Cy, is the thermal capacity of wall, C; is the thermal

capacity of indoor air, Cy, is the thermal capacity of heater. Thermal capac-
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Figure 6.2.1: Structure diagram of the “3R3C” model

ity defines the amount of heat that can be absorbed by a single object, and
its unit is J/K. Qneating is the heat transformed from electricity by the elec-
trical heater to this system. Similarly, the heat from solar irradiance and
indoor inhabitants are named as Qgolar a0d Qoccupancy- Lo and Qgorar cOMes
from historic weather datasets [125]. Based on this graph, three formulas
of heat transfer and temperature change can be written as Equation 6.2.1

to Equation 6.2.3 :

dl, =

(TO_T'U) ﬂ_Tw
+

2.1
Rw,oc + Qsolar) dt (6 )

w, i~ w

To—T, Ty—T
dTl; = ceupancy | At 6.2.2
(Rw,ici T R, T @oceu ) (6.2.2)

T% - Th Qheating
dT;, = dt 6.2.3
" (Rh,ich * Ch, > ( )
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These equations involve three variable types. Thermal resistance (R) and
capacitance (C) are physical parameters, which are tuned during running
optimization, and fixed for simulation. The value of temperature sets for
different components comes from measurement datasets or real time simu-
lation. The last type is thermal energy (Q), the heat from electrical heater
and the inhabitants are commonly in a limited range, while the heat from

solar radiation to the room components is determined according to:

Qsolar - aAIsolar (624)

Where o denotes the absorptance of surface for solar radiation, A is the
area of the irradiance surface, and I, denotes the global solar radiation.
In this set of equations, system parameters such as thermal resistance and
capacity are fixed before operating the simulation. Different temperature
sets are variables which change with time. Outdoor atmosphere tempera-
ture is obtained from local long-term measurement, used as inputs of this
model. Conversely, the wall and indoor temperature are outputted vari-

ables calculated from simulation.

Figure 6.2.2 shows the general approach to capturing data experimentally
for use in grey-box thermal modelling. It can be seen that wireless sensors

and data acquisition equipment are required.

Figure 6.2.2 contains an actuator, a heater, three temperature sensors, as
well as a raspberry pi and a computer for data collection in this area.
The actuator is connected to the electrical source and the heater at the
same time, to measure the power rate of electrical heater. Meanwhile, two
sensors [251] are set in 10cm and 20cm away from heater on the ground,

while another one is set in another area in the room. Additionally, these
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Figure 6.2.2: Experimental measurement system for the room

electronic appliances are IoT items, sending telegrams to a Fhem system

[252] in the raspberry pi using Enocean radio standard [253].

6.2.3 Control Algorithm and Heating Period

The control of the heater combines hysteresis control based on local tem-
perature measurement and timing control, and the flow chart for control
algorithm is shown in Figure 6.2.3. In control systems, hysteresis can be
used to filter signals so that the output reacts less rapidly than it otherwise
would by taking recent system history into account. To manage the tem-
perature in a thermal model, a thermostat controller may switch the heater
on when the temperature drops below the lower reference temperature, but
not turn it off until the temperature rises above a higher reference temper-
ature. In this simulation, the set reference temperature is 20 degrees, while

the set temperature difference is 0.5 degrees.
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Figure 6.2.3: Flowchart of the control algorithm

At the same time, the control of system also follows the set timing pattern.
Single heating duration and double heating duration are commonly used
in room heating. Single heating duration means only a single period of
using a heater for room heating in one day. Sometimes, the single heating
duration is directly applied for 0-24 in one day. The double heating duration
indicates two different heating periods in one day. In this research, double
heating duration applies to 6-10 in the morning and evening for heating.
Only when the required statements are true for both hysteresis control

and timing control, will the electrical heater be switched by the controller.
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Figure 6.2.4 shows the detailed difference between single and double.

State and temperature difference graph

—Single heating duration
Double heating duration

State

0 6 12 18

Figure 6.2.4: Single heating duration versus double heating duration

6.2.4 Sub Model for Hysteresis Control

The hysteresis control, which is widely applied in room heating systems
including air conditioners, underfloor heating systems, room heating ap-
pliances, is widely investigated and proven effective in maintaining indoor
temperature. For hysteresis control, the measurement of the indoor air
temperature is the most critical variable. In central heating systems, such
as central air conditioning systems, central underfloor heating systems, or
central room heating systems, the sensors for measurement can be placed
in different parts of the interior, while the heated fluid comes from other
areas. Alternatively, for a small scale single domestic electrical heater, its

sensor is integrated in the appliances and close to heat source.

During the operation of this domestic electric heater, several sensors are
set close to the heat source at different distances, while others are utilized
for measurement of indoor air temperature at other places in the room.

Figure 6.2.5 shows the temperature, and power curve for a one-day ex-
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periment. Three curves are based on temperature measurement in various
places in the room, while the other one curve is from a smart meter which
is connected to the electrical heater. The red curve of temperature is for
indoor air, while the green and red indicate the temperature measured 10
centimetres and 20 centimetres away from the electrical heater respectively.
The orange curve ranging from zero to about 1000 W shows the on and off

state of the electric heater.
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Figure 6.2.5: Temperature and power graph in the experiment

The indoor air temperature changed slightly and was kept around 30 de-
grees for all of the day, which is a little higher than the optimum temper-
ature for humans. This long-term trend took place in both indoor tem-
perature and temperature around the heater. The temperature of the air
close to the heater, however, changed dramatically with small perturba-
tions every half an hour. The peaks of these small perturbations of these
temperature curves match the operation of electrical heater. By contrast,
the impact of turning on and off on the electrical heater did not lead to a
direct increase or decrease in indoor air temperature. Hence, for the simu-
lation of hysteresis control of room heating with a domestic electric heater,
the temperature difference between the indoor air temperature and set tem-

perature cannot correctly reflect the on/off condition of the heater. The
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temperature of air around heat source, which is measured by the heating

appliance and ultimately affects the control of heaters, does fluctuate.

To reflect this phenomenon in simulation and ensure reasonable switching
of the control system, a sub model is essential to the hysteresis control
system. The sub model should estimate the measured temperature of the
domestic heating appliance, and thus guarantee the operation of the control
system. In Figure 6.2.6, the R-C room heating model with the proposed

sub model is shown.
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Figure 6.2.6: Room heating model with hysteresis control

In addition to the 3R3C room heating model, a new temperature point is
added, which is in the middle of the temperature of the heater and that
of the indoor air. As the medium layer, this point is marked as Tm. As
a physical definition, this temperature point indicates the air close to the
domestic electrical heater, which is measured by the sensor integrated in
the appliance for control. Owing to the new temperature point, several
thermal resistances and capacitances are also modified. The new thermal
capacitance C,, is for the air around electrical heater, with a value similar

to that of room air, considering the difference of mass. There is no Ry; in
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this new model, compared to the 3R3C model. As replacements, thermal
resistances Ry, and R,,; denote the resistance between heater, medium and

indoor air. Hence the equations for energy balance can be written as:

dT, = (gw_g;” + ZM_CT;” ngim) d (6.2.5)
dT; = (%w_cT + %m_g ngc) dt (6.2.6)
T, = <£m_§: + ?hm§:> dt (6.2.7)

T, = (Z’;; (;[;f + th‘;i”‘]) dt (6.2.8)

6.2.5 Parameter Estimation and Range

In this grey-box model, the physical thermal structure of the room is com-
bined with reasonable RC parameters for the room heating simulation. To
ensure that the RC values not only follows the physical principle, but also
are tuned to the simulation results, the RC values should be pre-estimated.
The pre-estimation of the range of parameter values, can save computation
time for the optimization. The data source for the estimated RC values can
be various, including the components’ physical properties, building surveys

and previous grey-box model investigations.

For instance, the U-value, which is also defined as the thermal transmit-
tance, is the rate of transfer of heat through a structure. The U-value is
widely used in building issues to describe the thermal properties of exter-
nal and internal walls. The thermal resistance of walls can be estimated as
Equation 6.2.9:

R=— (6.2.9)
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Where R,U are the thermal resistance and transmittance respectively, and
A is the corresponding area of the walls. The thermal capacitance (C)
can be calculated based on the heat capacity from diverse sources, such as
(254, 18]. Its unit is commonly Wh/K or J/K. The pre-estimation of the

thermal parameters of the room investigated is shown in Table 6.2.1.

Table 6.2.1: Pre-estimation of parameters

Parameter| C,, C; C,, Ch

Value 2000 250 5% C; 50

(Wh/m?K)

Parameter| R, R, R, Ry
Value 0.17 0.06 0.06 0.01
(K/W)

With the estimated RC values, the search range during optimization can
be regulated by a lower boundary and an upper boundary. In this project,

the range is set as 10% to 200% of initial estimation.

Due to the different physical properties of different components, the orders
of magnitude of the RC parameters have large differences. This difference
would lead to a poorly scaled problem in building thermal dynamics, and
the cost function has different sensitivity to different parameters. There-
fore, the order of magnitude matrix is introduced to balance the resolution

of various parameters, as shown in Equation 6.2.10.
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Table 6.2.2: List of order of magnitude matrix

OM1 OM2 OM3 OM4
103 102 10! 10!
OM5 OM6 OoM7 OMS8
107! 102 1072 103
[ Cuw | [ Cw ]
Oi Ci
C, Cm
OoM1 --- 0
Ch Ch
SR _ (6.2.10)
Rwo Two
0 <o OMS8
Rwi 88 Twi
Rmi T'mi
_Rhm_ _Thm_

The values in the order of magnitude matrix are listed in Table 6.2.2,

according to the pre-estimation of thermal parameters.

The thermal parameters would be pre rescaled before the operation, as
they would be in a similar order for the optimization function. During
the operation of the function, these parameters would be rescaled again to

their raw value.

6.2.6 Optimization Techniques for Model Identifica-

tion

After the pre-estimation of the RC parameters, the optimization of the
parameters in the grey-box model can be performed. Searching for the

optimal values of the undetermined parameters in a grey-box model is a
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nonlinear optimization process.

The optimization library of Matlab was used as the framework for the model
identification process. As the thermal parameters have a great influence on
simulation results, the GlobalSearch algorithm of Matlab is used to increase
the chances of finding a global minimum independently of the initial values.
During the real room experiment, datasets of both indoor air temperature

and electrical heater consumption were collected.

In this project, the optimization is classified as two steps. In the first step,
the optimization would be operated for the sub model, which focuses on the
combined control system. In this step, the simulation state for the heater
under hysteresis control and timing control is the key result. The medium
temperature, which is directly connected to the hysteresis control, would
be calculated based on the measured indoor room temperature. Thermal
model equations for the heater temperature and the medium temperature
are applied in this step for state changing. Hence, four parameters (Cy,

Cu, Ru, Rimi) are involved in this step of the optimization.

The optimization objective is the square of the error of heating state be-

tween measured and simulated results, which can be calculated as:

Time
J = Z (Statezmeasuement . Statefimulation)z (62 11)

i=1

With the optimization of this sub model, four parameters (Cy, Cu, Ry,
Rumi) can be obtained and fixed for a second step. In the second step,
the remaining parameters (Cj, Cy, Ryi, Rwo) would be searched for. In
this step, the key issue is the simulation of the indoor air temperature,
which plays one of the most important roles in the room heating system.

The whole thermal model would be applied in simulation during this step,
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and datasets of solar irradiance, outdoor temperature, occupant would be
used as inputs for this system. The optimization objective of this step is
the square of the error of indoor air temperature between measured and

simulated results, which can be calculated as:

Time
J= Z (jvimeasuement o T;‘Si'mulation)2 (6212)

i=1

To show the steps of the optimization process more clearly, the flow dia-
gram of the estimation and optimization of this thermal model is shown in

Figure 6.2.7.

Model establishment and
parameter estimatation

Measured T, as
computational dataset
- d Optimization of sub model
easured power as
optimization reference
dataset

Ch, Cm, Rh, Rmi

Measured T, as

optimization reference Optimization of main model
dataset

Ci, Cw, Rwi, Rwo

Grey-box model for

simulation

Figure 6.2.7: Flow chart for model construction, estimation, optimization
and simulation
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For the whole thermal model, the indoor air temperature is the simula-
tion variable, while thermal parameters are unknown thermal parameters
in the grey-box model. In the first step of the sub control model, not the
measured indoor temperature instead of the simulated one is utilized, to ob-
tain reasonable parameters for the sub model for heating state controlling.
In the second step of the whole thermal model, the measured indoor air
temperature is now utilized as the reference datasets for the optimization

objectives.

6.2.7 Adjustment of the Thermal Parameters with

Room Area

In building energy simulations, room thermal models often incorporate
parameters such as thermal resistance (R) and thermal capacitance (C) to
predict the thermal behaviour of the room. While these parameters are
typically derived from material properties and initial room dimensions, it's
imperative to adjust them when the room size deviates from a default or
reference size. This ensures that the model remains accurate across various

spatial scales.

The thermal capacitance of a wall is directly proportional to its area. As the
wall's surface area increases or decreases, its ability to store heat changes
in direct proportion. The adjusted wall thermal capacitance can be repre-

sented as:

Cl =0, x <&> (6.2.13)

w Default_area

Here, C’;U is the adjusted wall capacitance, C,, is the original capacitance,
and Area and Default_area are the new and reference room areas, respec-

tively.
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The thermal capacitance of the interior components (like air) is not just
dependent on the area but also the volume of the room. As the room size
increases, the volume scales up faster than the area, leading to a more

substantial increase in thermal capacitance. This relationship is captured

by:

1.5
Arca ) (6.2.14)

C; =C; —_—
‘ 8 (Defaultarea

Where C’; is the adjusted interior capacitance, and Cj is the original capac-

itance.

The thermal resistance of a structure is inversely proportional to its surface
area. As the wall's area scales, the path for heat transfer changes, leading
to adjustments in resistance values. For both wall-to-outside R,,, and wall-

to-interior R,,; resistances, the relationships are:

p Default_area
= Ry, _ 2.1
R,, = Ryo X < Avon ) (6.2.15)
, Default_area
= Ry I 2.1
R, = Ryi X < Avon ) (6.2.16)

Where R, and R, are the adjusted resistances for wall-to-outside and

wall-to-interior, respectively.

After introducing the area scaling methodology, it's essential to highlight
some assumptions and considerations. The scaling approach for parameters
based on area inherently assumes a cubic geometry for the rooms. This
cubic assumption implies that as the area of the room changes, the height,
width, and depth of the room adjust proportionally, following a cube-root
relationship. While this offers a simplified model for scaling, it might not

accurately represent all building shapes and configurations. Therefore, the
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cubic geometry hypothesis could introduce discrepancies when applied to

rooms or buildings that deviate significantly from this shape.

Moreover, while the methodology provides a framework for scaling parame-
ters with the area, it is imperative to treat it as an approximation. Ideally,
experimental or empirical data should be used to fit and validate models
for different room sizes and configurations. However, in the absence of such

data, this scaling method can serve as a useful starting point.

6.2.8 Performance of the Model

Based on the optimization of the sub model, four parameters, as Ch,Cm,Rhm,Rmi
are obtained. To evaluate the effectiveness of the thermal model, a defini-
tion of duty cycle is introduced. A duty cycle or power cycle is the fraction
of one period in which a signal or system is active. A period is the time
it takes for a signal to complete an on-and-off cycle. As a formula, a duty

cycle (%) may be expressed as:

D="—"" (6.2.17)

Where D is duty cycle, PW is pulse active time and T is the total period.

In Figure 6.2.8, a one-day simulation result of the sub model in the grey-box
system is presented, with an electric heater of 1.5 kW [255]. In the upper
subgraph, the blue curve indicates the measured indoor air temperature,
while the orange curve and yellow curve show the change of temperature
of the electric heater and the medium air separately. The medium tem-
perature is the value which leads to the switching on the electrical heater

based on its difference with set the reference temperature. In the lower
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one, the switch state of electrical heater is shown. State 1 means switching
the heater on, and state 0 means the heater is turned off. The blue curve
is based on the measurement of electricity consumption, while the orange

curve shows the state during simulation.
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Figure 6.2.8: One day simulation of optimization result of sub model

Ideally, the control algorithm of this thermal model can maintain the in-
door air temperature around reference temperature, offering a comfortable
environment for the inhabitants. The measured indoor air temperature is
kept around 30 degrees, which is slightly higher during the middle of the
day. Due to the changing of state, the temperature of electrical heater is
dramatically changed to around 50 degrees, while that of medium temper-
ature is around 35 degrees. When the medium temperature is 0.5 lower
than the reference temperature, the electrical heater would be turned on
for room heating. After a period of heating, if the medium temperature
is 0.5 degrees larger than the reference temperature, the heater would be
turned off. In the simulation results, the temperature difference is fluctu-
ating around 0 as assumed, but it achieves more than +2 degree or less
than -0.5 degree, which is out of bounds for the set difference (0.5). This
is due to the delay effect of heat transfer, as the medium and indoor air

temperature cannot directly change to the set value immediately. When

168



6.2. THERMAL ROOM HEATING MODEL

the heater is turned off, although the grid would not provide the thermal
system with extra energy, the temperature of the heater is still high, and
can still transfer heat to indoor components, leading to the continued in-
crease of indoor air temperature. The heating time of the simulation in this
single day is 782 minutes, which is close to that of the measurement (744
minutes). In the other words, the duty cycle is 51.6% for measurement,
and 54.3% for simulation. This difference, which is less than 5%, indicates

its accuracy is acceptable.

The other parameters can be obtained during the optimization of the main
model. In Figure 6.2.9, a one-day simulation result of the grey-box thermal
model is presented. In the upper subgraph, the curves of the heater, and
medium are shown based on the sub model, and also the recorded outdoor
temperature is plotted with the yellow curve while the measured indoor
temperature is indicated by blue dots. The indoor air curve in orange and
the temperature of wall in purple are based on the simulation of thermal
model. In the lower one, the switch state of electrical heater is shown. State
1 means switching the heater on, and state 0 means the heater is turned
off. The blue curve is based on the measurement of electricity consumption,
while the orange curve shows the state during simulation. The initial points
for the one day figure is based on the assumption of steady indoor state,

as the room has already been heated for some while.

In addition to the sub model, the temperature of the indoor air and wall
were also simulated. The temperature of the indoor air is about 30 degrees,
and changes slightly due to the influence of room heating and the wintry
weather outside. Along the curve of the simulated indoor temperature, the
measured indoor air temperature is closely distributed as marked dots. It
indicates the superior performance of grey-box simulation model with a

hysteresis control sub model. The heating time for the simulation in this
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Figure 6.2.9: One day simulation of optimization result of whole model

single day is 801 minutes, which is close to that of the measurement (744
minutes). In the other words, the duty cycle is 51.6% for measurement,
and 55.6% for simulation. This difference, which is less than 5%, indicates
its accuracy is acceptable. In this thermal model with a sub model for hys-
teresis control, both the indoor temperature and the power consumption
of the simulation results have a satisfactory performance, which represent
the working condition of the electric heater and its impact. For the tem-
perature of the wall, its peak is at about 5p.m., while that of the outdoor
atmosphere is at 2p.m. This delay is due to the thermal properties of walls,

as heat insulation is emphasized in buildings in the UK.

The simulation results for a single day in December are shown in Fig-
ure 6.2.10 and Figure 6.2.11. For comparison, the first graph is based on
the simulation of single heating duration, while the second graph is based

on double heating duration.

In the upper subgraph, the blue curve indicates the key value, indoor air
temperature, while other temperatures are also shown. In the lower one,

the blue curve shows the state of electrical heater.

In the simulation based on double heating duration, the indoor air tem-
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Figure 6.2.10: Simulation of one day in Dec with single duration
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Figure 6.2.11: Simulation of one day in Dec with double duration

perature is increased to 25 degrees during heating periods. After 10 a.m.,
the end of first heating duration, the indoor air temperature decreases dra-
matically due to the lack of heat source. This phenomenon takes place
in each beginning and end of heating duration. In summary, even if the
model can lead to a large decrease of heating hours and heat preservation,
it cannot make up for the lack of heat sources based on heating duration.
Considering human behaviour, the change of timing control can still reduce
heating hours and energy consumption, as well as providing a comfortable

thermal environment.
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6.2.9 Conclusion of Room Heating Model

The room-level model gives a detailed view of how energy is used in in-
dividual spaces. This is very important when looking at electric heaters,
which often work on a room-by-room basis. Using the 'duty cycle' helps
us better understand how these heating systems work. The close match
between the real-world heating data and the model's predictions (less than

5% difference) shows that the model is accurate.

The model also provides insights into different temperatures inside the
room, like the air, heater, and wall temperatures. An interesting observa-
tion is the delay in the highest wall temperature. This tells us about the

material of the walls and how they react to heat.

The model's ability to simulate different heating times, both once and twice
a day, is also very useful. These tests show that even if walls keep heat for
longer, they can't replace a continuous heat source. But if considering how
people use their heaters and when they turn them on or off, it can save

energy and still keep the room comfortable.

In summary, this room heating model is a great tool for understanding how
an electric heater works in a room. As aiming to save energy and live in a
greener way, such models will be important to help us design better homes

and use energy more wisely.
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6.3 Ground Source Heat Pump

6.3.1 Introduction

The usual methods for modelling a heat pump are summarized as four main
types [256], including balanced-state, steady-state, fitted, and dynamic-
state models, as shown in Table 6.3.1. Both balanced and fits models
are widely used to evaluate the seasonal or annual performance of a heat
pump, and have different confidence levels and computational demands.
The theoretical steady-state model, as well as a dynamic-state model, are

more commonly used in the sizing and control of heat pump systems.

Table 6.3.1: List of modelling method of GSHP

Method Basis Confidence Typical Computational
application need

Balanced  Theoretical/ Low Seasonal Negligible

energy Empirical energy use

and economics

Steady Theoretical ~Moderate Design and Low
state sizing

Fitted Empirical Conditionally Seasonal Low
models high energy use

and economics

Dynamic Theoretical — High System High
state integration
and control

By gathering the data for performance of the heat pump based on opera-
tional and experimental data, the regression-fitted model can be obtained.
Using evaporator and condenser temperatures as the inputs, the simple
regression model can be established, which outputs the COP value. In
terms of confidence, the regression model has a good fit, but requires lots

of measured data to obtain.
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In order to provide energy for space heating and cooling, a GSHP system
can be applied in a building as one heat source solution [257]. Compared
to traditional air conditioning (A/C) systems, GSHP technology can pro-
vide higher energy efficiency for air conditioning because the subterranean
environment provides higher heating and lower cooling temperatures which
are proportional to changes in ambient air temperature, rather than tem-

perature fluctuations.

As with most of the heat pump types, the GSHP unit consists of an evapo-
rator and a condenser, as well as other components including an expansion
valve, and a compressor. A diagram of the structure of a typical heat pump

unit is shown in Figure 6.3.1 [257].

Condenser

Expassion Valve -

Figure 6.3.1: Structure diagram of GSHP system

The underground side is commonly also named the primary side, which
uses refrigerant fluid for the loop. The other side is the secondary side,

which uses water for transferring heat from the GSHP unit to a room.

When considering the various modelling approaches for GSHP performance,

174



6.3. GROUND SOURCE HEAT PUMP

the Fitted Model stands out for several compelling reasons. Firstly, its
data-driven nature ensures it accurately captures real-world GSHP be-
haviours, making it highly reliable. Additionally, its adaptability allows it
to adjust to different operational conditions with ease, ensuring the model
remains up to date. From a computational standpoint, Fitted Models of-
fer efficiency, especially beneficial for real-time applications and long-term
simulations. Moreover, its intuitive design aids in clear communication of
GSHP metrics. Given these advantages, the Fitted Model was the logical

choice for the research.

6.3.2 Modelling the GSHP

In previous research [258, 259, 260, 261, 262], there are various empiri-
cal formulae which are proven to be effective for regression models, which
contains not only COP of GSHP, but also the outlet temperature of both

evaporator and condenser. These formulae are listed in Table 6.3.2.

Table 6.3.2: Formulae for COP calculation

Formulae for COP calculation

COP = (a + bTteo) < (¢ + dTyeo)

COP = A + BTt + CTyweo + DTieoTweo

COP = (a + bTpeo + cTh,) % (d + eTyeo + T2,

COP = A + BTR:() + CTWC() + DT[CUTWCO + ETI;CO + FT2

wco

+ GTFC()

2 2 2
+ HTI"COTWCU + [Tl'coT

wcCo

TZ

wcCo

In this research, the second formula is applied, as it does not require com-
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plex multiplicative relationships. It can be written as:

COP = A+ BTy, + CTyo + DT, Ty (6.3.1)

where T%, is the outlet temperature of the fluid side, while T,is that of
the water side. COP is the coefficient of performance. A series of data are
required for regression formulae, which are always obtained from experi-
mental data or a manufacturers’ catalogue. In this study, the catalogue
comes from the catalogue file of CIAT [263], a manufacturer in the UK.
Considering the thermal demand of a typical domestic environment, the
device type used and its associated data are shown in Table 6.3.3 [263].
The GSHP model selected aligns perfectly with household requirements in
terms of power capacity, ensuring it meets the energy demands of a typical
home without being overly robust or insufficient. Furthermore, the compre-
hensive data provided in the user manual by the manufacturer facilitates
a thorough understanding and analysis of its performance characteristics.
This combination of appropriate power specifications and abundant tech-
nical information makes this GSHP model an ideal choice for residential

applications.

Table 6.3.3: Manufacturer catalogue of GSHP 2500BX [259]

CONDENSER WATER OUTLET TEMPERATURE °C
LW
LWP wgﬁ‘;mﬁ;?:c PP Pa Pc Pi Pa Pc P Pa Pe Pf Pa Pc P Pa Pe P Pa Pc
WKW KW KW KW KW KW KW KW KW KW KW KW KW KW KW KW KW

320 112 432 303 121 424 278 134 412 255 145 400
350 113 463 330 123 453 304 135 4339 278 147 425
389 115 504 364 125 489 337 137 474 306 150 456 278 165 443 249 182 431
422 116 538 396 127 523 369 139 508 333 153 486 306 168 474 273 184 457
456 118 574 429 129 558 401 142 543 369 156 525 3II6 171 507 301 188 489
493 120 613 465 131 596 435 144 579 402 158 560 366 174 540 328 191 519

Glycol
water
necessary

2500BX

560 124 684 529 136 665 493 148 641 455 163 618 415 178 593 378 196 574
588 126 714 571 138 709 535 151 686 494 166 660 453 182 635 412 199 611
Purewaler 10 670 132 802 636 143 779 600 156 756 586 170 726 509 186 695 468 205 673
12 719 135 854 682 146 6828 645 159 804 601 173 774 544 189 733 506 208 714
15 795 141 936 758 152 910 716 164 880 673 178 851 622 195 817 568 214 782

~ e o b A S &

In this table, at the start of the lines and the rows, the outlet temperature
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of the condenser and evaporator are marked. Under different temperature
series, the required electrical power for the pump and the energy produced
are listed, which has been measured from long-term operation by the man-
ufacturer. Hence, the COP under various operating conditions can be

obtained.

Based on the successful modelling using regression fitting method, the nu-
merical relationship between the COP and the temperatures can be ob-
tained from the fitted parameters using the experimental formula. The key
value COP reflects the relationship between heat gained (Q) and electricity
consumption (W) of the pump, while their difference can also be presented

in the water loop side, according to the physical principles [264].

COP = Q/W (6.3.2)

mCy(Tyi — Tro) = Q — W (6.3.3)

where m is the mass of water fluid and Cp is the specific heat capacity.
T}, is the temperature of water after the heat exchange with indoor air. In
this study, the assumption of a full heat exchange has already been made.
In each time interval t, the unit of gained and consumed power is Watts,
hence the mass per unit time can be the multiplication of flow rate and
density of water. Moreover, in the proposed model of GSHP, as a reasonable
size of HP has been selected, the GSHP can produced heat to its working
limitation. The heat load at time interval t in a domestic environment
(under limitation) results from a low indoor temperature which can be

obtained from the 3R3C model that mentioned previously, as:

Q= - (6.3.4)
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Based on Equation 6.3.1 to Equation 6.3.4, the two unknown values of COP
and 7', can not be directly calculated. However, an iteration approach can
lead to the closest value based on the numerical relationships. Moreover,
the GSHP can be used as a heat source for the 3R3C model, i.e., using the
GSHP for room heating. In summary, the flow chart of GSHP simulation

is shown in Figure 6.3.2.

GSHP Simulation Algorithm

¢

| Selection of Empirical Formula }1 Choose a formula based on simplicityﬁ
'\ )

|I' Data Acquisition from CIAT catalog |
h -
|f Determination of COP }=::{ Derive relationship between COP and temperatureslﬁ
| Heat Gain and Consumption Relationship }{ Reflects relationship between heat gained and electricity consumed%
. /
|I' Heat Load Calculation from 3R3C model |
p -
| Iteration Approach }=::] lteratively determine optimal COP and T_fo Iﬁ
y,

| Apply GSHP in 3R3C Model for room heating |
)

®

Figure 6.3.2: Flow chart of GSHP simulation algorithm

This flowchart delineates the simulation process when utilizing a GSHP.
The process initiates with the import of household energy demand and
photovoltaic generation data, following which the GSHP model is initialized

based on parameters from the manufacturer's catalog.

The simulation first calculates the indoor temperature and, using the 3R3C
model, determines the heat load resulting from a low indoor temperature.
The GSHP serves as a heat source to warm the room. To accurately simu-
late the GSHP's performance, the process involves an iterative loop where
both the COP and outlet temperature are continuously computed until

stable values are achieved.
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The final step of the process involves updating the GSHP's performance
parameters based on the COP and temperature values of outlet flow, af-
ter which the model outputs the heating results and overall performance

metrics.

6.3.3 Performance of the GSHP Model

Based on the assumption of infinite energy from ground heat, as well as
one hundred percent efficiency heat supply from the GSHP unit, the cat-
alogue data can be applied for regression. The catalogue data utilized are
the evaporator outlet temperature (7%,), the condenser outlet temperature
(Two), and the COP. The results of the parameters based on the regression
are listed, while the regression results and catalogue data are compared in

Figure 6.3.3.

—Two=35°C
1 Two=40°C
= ~— Two=45°C
e ___—Two=50°C

P e ——Two=55°C
sl - ) Two=60°C

o
T
\
\

\

COP (coefficient of performance)
w £
T T
\

N
X

1 1 | 1

-10 -5 0 5 10 15
Tfo (evaporator outlet) / °C

Figure 6.3.3: Regression result with fixed parameters for GSHP modelling

In this graph, the X-axis is the evaporator outlet temperature and Y-axis
is the COP. The temperature of the condenser is indicated by different

colour of curves. The dots are collected data from the catalogue. The
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related simulation parameters in regression formula are 7.9339, 0.18640,
-0.08996, -0.00196 respectively. In this graph, most of the dots are close
to the corresponding curves. The simulation result of the regression model
fits the datasets from manufacturer’s catalogue, with RMSE of 1.41 degree,

proving the effectiveness of regression model.

Using the formula from the regression model, a one-day simulation of a

GSHP for room heating is shown in Figure 6.3.4.
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Figure 6.3.4: One day simulation result of GSHP heating

This simulation graph of Figure 6.3.4 consists of three sub graphs, showing
a 24-hour period (a single day) with a resolution of one minute. The first
subgraph shows the electricity consumption (w) and the gained heat of
the GSHP (Q). In the second sub graph, two variables obtained from the
iteration process are plotted, which are unknown in the formulae. In the
last sub graph, the temperature of the GSHP, and the indoor and outdoor

temperature are shown.

In this single day, the GSHP provided heat for maintaining the indoor tem-
perature at the reference one. There are four heating periods: the indoor
temperature does not require room heating for the rest of time. The power

and electricity decrease slightly, as the energy demand for maintaining the
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temperature of the room in the inhabited comfort zone is less than that

required for increasing temperature at the beginning of each heating period.

Moreover, the COP of the GSHP achieves a peak at 1 a.m. in the first
heating period, when the outlet temperature of the evaporator (fluid loop)
increases. This is due to the delay phenomenon of heat transfer, considering
the impact of the indoor temperature on the thermal system. The COP
value at the beginning of each heating period is the highest among of the
simulation. At that moment, the GSHP system has been switched off for
hours before being restarted and the temperature of the output, as well
as the working state of pump unit are at their boundary conditions. The
COP, however, keeps at around 4 for almost all the simulations, this value
follows the characteristic of GSHPs, as well as the design of this particular

type of pump for simulation.

For the full day, the power consumption is 3.92 kWh, and the heat gained is
17.37 kWh. If using an electrical heater instead of a GSHP, the energy pro-
duced by the heater for room heating is 16.05 kWh. The value of producing
heat from the GSHP and electrical heater are close to each other because
the heat load of the household is decided by the environment temperature
and the physical properties of the environment. The saving in the power
consumption of the GSHP is due to the principle of heat pumps, which is
an outstanding advantage of heat pumps among energy appliances. Addi-
tionally, the values of heat gained from both heating appliances are a little
less than the calculated heat load values for the full day (20.5 kWh for
the GSHP and 18.76 kWh for the heater). This is due to the limits of the
appliances themselves and the delay of heat transfer. Neither the GSHP
nor the electrical heater cannot supply energy for the peak demand of the

household immediately.

181



6.4. HOT WATER USAGE MODEL

6.4 Hot Water Usage Model

6.4.1 Introduction

There are various methods that can be applied to construct a domestic
hot water usage model, which can be summarised as: technical standards

models, stochastic models, time series models, and data-learning models.

In the models based on technical standards, typical profiles and water flow
rates are defined, depending on type and occupancy of buildings, to build
a domestic hot water usage pattern [265]. It is found that the accuracy
mainly depends on the calculated input design values, and a better simu-
lation performance is can be achieved using methods with regional specific

standards for the measurement [266].

Stochastic models are based on monitoring datasets and behaviour survey,
and can be applied to build hot water usage pattern in a domestic envi-
ronment. The distribution of probability of inhabitants’ behaviour, as well
as the related heat and energy consumption profiles can be derived from
the datasets, which is the basis of stochastic methods [267]. The stochastic
methods have a higher resolution than other methods, but the resulting

pattern profiles always have a similar trend [268].

The third type of method is the time series model, where history datasets
are monitored and analysed to predict future behaviour in forecasting. For
example the auto regressive integrated moving average (ARIMA) model is

a kind of typical time series method [269].

For forecasting of water usage in a domestic environment, data learning
methods such as artificial Neural Networks (ANN) models can be applied

for high accuracy, and are influenced by family income, number of inhabi-
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tants, occupation [270]. However, these data-mining methods cannot over-

come issues with uncertainty [271].

6.4.2 Modelling Method of Hot Water Usage

The proposed model is assumed to simulate hot water consumption and
related energy demand in real time. As a result, the hot water usage model
can be divided into two main parts: the hot water demand model and the

water tank model.

6.4.2.1 Hot Water Demand Model

In the hot water demand model, the volume consumption of hot water
consumption as a function of time is simulated. The Harmonised European
Time Use Surveys (HETUS) which conducted in European countries are
national surveys concerning the time and duration of different activities
[272]. Based on HETUS database, the probability of water usage activity
can be abstracted with the resolution of every 10 minutes, which indicates
the possibility of using hot water. For every 10 minutes, based on the
comparison between probability and a random number, a hot water usage
event is judged to be triggered (or not) in the simulation. Once the water
usage event is activated, its water flow rate and time duration are then
determined. The flow rate, time duration and events per day of hot water
consumption are collected in Table 6.4.1, sourced from a related household

survey [273, 274].

Based on the surveys about household hot water usage events, for hot water
simulation in this project, the flow rate of a shower/bath event is assumed

to be 8-16 L/min, while its duration is 5-15 min. Similarly, the values for
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Table 6.4.1: Flow rate summary for domestic hot water usage

Parameter European households US households
Shower | Bath | Sink | Shower | Bath | Sink
Flow rate (L/min) 8 14 1 8 16 2
Duration (min) 5 10 1 7.8 5.7 | 0.6
Events per day 2 0.14 | 28 1.7 0.3 | 32.9

a sink event are 1-3 L/min and 1 min respectively.

6.4.2.2 Water Tank Model

The real time flow rate for hot water usage can be obtained from the hot
water demand model, which is essential for the simulation of a water tank.
In the water tank model, the outlet hot water and inlet cold water are
considered, as the temperature of the water tank needs to be simulated,
leading to the calculation of energy consumption of the hot water system.
For this calculation in the water tank model, the formula of the specific
heat capacity is applied, which determines the quantitative relationship

between volume and energy, shown as:

CmAT = PAt (6.4.1)

where C is the specific heat capacity, (for water is 4200 J/KgK). m is the
mass of the water, (it can be converted to volume by m = pV). PAT
is the difference between the temperature before and after heating. PAt

means that heating power times heating time, which unit is J (W.5).

The temperature change in the water tank model includes three types.
Firstly, after some hot water is used, the supply cold inlet water would
enter water tank. Mixing cold inlet water and existing hot water in the

water tank, the temperature of new mixture would be changed, based on
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specific capacity formulae, as:

Thew = ViTy + VoT3) [ (Vi + Va) (6.4.3)

where the temperature of the new mixture is T,, calculating based on the

volume and temperature of cold inlet water and water in tank.

In this simulation the inlet flow rate of cold water is set to 10 L/min, while

the tank storage capacity is 100L.

Secondly, there is heat loss in the water tank system, due to the tempera-
ture difference and heat transfer with the external environment. The most
significant heat loss is from the storage tank, followed by short draw-offs
tube loss. The temperature change of the water tank can be calculated

from Equation 6.4.4, as:

(6.4.4)

where T; and T;_; indicate tank temperature in time interval i and i-1.

Meanwhile, the heat loss can be calculated as:

Qloss - A(T‘tank - Tamb) (645)

where T}, and T, indicate tank temperature and ambient temperature,

when A is the heat insulation coefficient (1 W/K) [275].

Thirdly, considering the electrical water heater in this system, the water in
the tank would be heated when the temperature of the water goes below a
set reference.

Pt

ATheat - C_m (646)
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Where the heating power, P, is assumed to be 4kw (for domestic electri-
cal water heater, 1-5kw) [276]. Finally, the tank temperature 7; can be

expressed as the sum of the temperature changes from all three stages:

7_;' = Tnew + AT‘loss + AT’heat (647)

6.4.2.3 Combined Hot Water Usage Model

Combining the two sub models, a comprehensive hot water usage model

can be simulated as Figure 6.4.1.

The flowchart represents the process of hot water demand modelling and
the subsequent water tank model. The process begins with importing data
from the Harmonised European Time Use Surveys (HETUS) and household
surveys. The hot water demand model determines whether a hot water
usage event is triggered within a 10-minute interval based on probability.
If an event is triggered, the flow rate and duration of water usage are

determined.

Following the hot water demand model, the water tank model is initiated.
The real-time flow rate of hot water usage is calculated. If outlet hot water
is used, cold inlet water is integrated, and the new mixture temperature is
calculated. The heat loss from the tank is then determined, and the tank's
temperature is updated based on this heat loss. If the water temperature
falls below a predetermined set value, the electric water heater is activated,

and the water in the tank is heated.
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Hot Water Demand and Tank Model Workflow
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Figure 6.4.1: Flow chart of hot water usage model

6.4.3 Model Performance

The simulation results for the how water usage model are shown in Fig-
ure 6.4.2. It shows a simulation of the hot water demand, as well as the
temperature and volume of water tank in a single day. In this typical house,
the number of inhabitants is set as two, with a 100 L water tank and ref-
erence temperature of 55 degrees. The maximum power of electrical water

heater is 4 kW.
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Figure 6.4.2: One day simulation result of hot water usage

In the first subgraph, the X-axis represents the time of day, while the Y-
axis indicates the hot water flow rate for domestic usage. The Y-axis in
the second subgraph shows the state of bath and sink water usage. A value
of '1" indicates that hot water usage is active at that time, while '0" means
hot water is not being used. The third subgraph displays the temperature
and volume of water in the tank. Lastly, the fourth subgraph relates to the

electrical power consumption associated with the water tank model.

Two shower/bath events occurred around 7 a.m. and 9 a.m., while sink
hot water usage happened 20 times throughout the day. Despite no hot
water usage in the early morning, the tank temperature still decreased.
This reduction can be attributed to heat loss arising from the temperature
difference between the tank and the ambient environment. Around 7 a.m.,
due to the hot water demand from the shower and the influx of cold inlet
water, there was a significant drop in the tank’s water temperature. Since
the temperature fell below the set value, the electric heater was activated
to heat the water in the tank. Upon the conclusion of the shower event,
the temperature rose swiftly due to the heater’s operation. This scenario
repeated during the second shower event around 9 a.m. In the absence of

shower events, the heat loss caused by temperature differences and sink
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usage was swiftly compensated for by the electrical heater.

In this simulation, the total hot water consumption reached approximately
150L, with sink usage is about 47 L. This amount is notably higher than
the typical household average (122L for total and 38L for sink) [277]. Such
high consumption may impact energy use and costs. The difference be-
tween this result and industry averages suggests that the model parameters
may need further refinement. For future simulations, incorporating more
detailed household hot water usage data or mechanisms to adjust water

consumption in real-time might be considered.

6.5 Electrical Cooking Model

6.5.1 Introduction

Electrical cooking, as an integral component of daily household activities,
significantly contributes to overall energy consumption. Understanding its
patterns and dynamics is crucial for a holistic approach towards energy ef-
ficiency and conservation. While several studies have explored the nuances
of electrical cooking, there is a need for detailed simulations that accurately

capture the intricacies of real-world consumption patterns.

This section investigates a simulation model for electrical cooking, focusing
on key parameters like appliance choice, cooking duration, and frequency.
The proposed model aims to closely mimic real-world cooking behaviour,
making it a valuable tool for future energy planning and management.
Drawing data from national surveys and integrating it with the model's
predictions, this chapter presents insights into the average cooking patterns

and their implications for energy consumption.
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Throughout the section, the focus remains on ensuring the model's practi-
cality, relevance, and accuracy, to understand how cooking appliances can

be effectively modelled for better energy management strategies.

6.5.2 Model for Electric Cooking

The parameters which should be considered when developing a cooking
model include : when the occupant turns on the appliance; how often the
appliance is used; the length of time the appliance is turned on, the choice
of power mode or cycle program; and the use of different types of devices
for cooking. The approach for modelling can be summarized as three key
issues: the probability of different cooking periods, the length of the time

durations and the type of cooking appliance used.

6.5.2.1 Cooking Event Probability

In the Household Electricity Survey 2014 [278], the UK Government car-
ried out a major survey of the use of household electrical appliances in
homes, which included the energy consumption profile of different types of
cooking appliances. Among those types of cooking appliances, the oven,
the induction hob and the microwave, have been selected as they are widely
used in domestic cooking. Considering these devices, in the survey, a series
of annual electricity consumption profiles for each hour of the day can be
obtained, which are classified by both appliance and day. The datasets are
classified as weekdays and holidays, which is assumed to include weekends.
Based on the annual consumption data for all households that surveyed,

as well as the typical power rate of ovens, hobs and microwaves, the prob-
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ability of appliances use by the hour can be obtained as Equation 6.5.1.

PTObdevice<t> - Edevice(t>/PdeviceAt (651)

where the Probgeyice(t) is the probability for the cooking device usage, and
FEjevice(t) is the energy data in the national survey at time interval t. Peyice

is the typical power rate of ovens, hobs and microwaves.

Moreover, the resolution of this simulation model is 1 minute, while that of
probability datasets is 1 hour. In order to have high resolution simulation,
the transmission between hourly probability and every minute event trigger
should be operated. The minute value can be calculated based on the

equation of no cooking behaviour in a single hour, i.e.:

1 — Probability,,,, = (1 — Probability, ;,..)"> (6.5.2)

6.5.2.2 Cooking Duration

In addition to the probability of event of cooking, the time duration of a
single cooking event should be also considered. The survey of average time

spent on cooking is shown in Figure 6.5.1 [279].

The cumulative distribution function is the accumulation of probability
distributions, as :

F(z) = P(X< = 2) (6.5.3)

To generate a continuous cumulative distribution function (CDF) from the
discrete data points and obtain a probability of cooking duration for ev-
ery minute, the method opted for cubic spline interpolation. Compared to

other interpolation methods, cubic spline interpolation provides a smooth
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Figure 6.5.1: Average time spend on cooking of UK citizen [275]

and continuous curve while avoiding unwanted oscillations beyond the data
points. This method estimates values between each pair of data points us-
ing a cubic polynomial, ensuring the entire curve is both continuous and
smooth across all data points. This offers a more refined and continu-
ous perspective, aiding in a more accurate simulation and prediction of
household cooking behaviour. Based on the data, the curve of cumulative

distribution function is shown in Figure 6.5.2.
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Figure 6.5.2: Cumulative distribution function curve for cooking duration

In this graph, the X-axis is time duration of a cooking event, while the
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Y-axis is the value of the cumulative distribution function. The blue curve
indicates the correspondence of the time duration and the probability of
the cooking time to take a value less than or equal to it. In the first 20
minutes and last 30 minutes (60-90), the function curve changed slightly,
as there is seldom cooking behaviour (for meals) that lasts for less than 20
minutes or more than 60 minutes [279]. As the time is closer to 30 minutes,
the curve changes more dramatically with a higher slope of the curve. This
phenomenon is due to the cooking duration and is generally because events
are centralized around 30 minutes. At the same time, the proportion of
cooking less than 30 minutes is 53.52%, being close to the medium value
of cooking duration of the survey. If a random value ranging from 0 to 1
is introduced for the Y-axis, the point on the curve can be fixed, and the
corresponding time duration value can be obtained from the X-axis. For
instance, if the random value r is 0.5, the related cooking time duration is

about 30 minutes.

6.5.2.3 Seasonality Effect on Cooking Consumption

Additionally, there are other factors that influence the cooking electricity
consumption profile, including the date changing and the number of inhab-
itants in a single house. The 2014 survey [278] summarized the influence
of season on electricity consumption profile, and the effect graph is shown

in Figure 6.5.3.

In this graph, the X-axis shows the week numbers of the year, while the
Y-axis is the seasonality factor of different weeks. The average value of
this factor is 1, as this difference would not change the result of annual
consumption. For the daily profile, however, the ratio of consumption

changes with seasons. The bottom of this effect factor curve is at around
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Figure 6.5.3: Seasonality effect on cooking energy consumption, by week

30 weeks, as 0.85, which is the hottest day of the year. In contrast, the
value of the effect factor is 1.2 in the first week of year, when there is more

electricity demand for food, such as demanding hot food on cold days.

6.5.2.4 The Effect of Number of Households

The number of inhabitants also impacts on the electricity consumption
of cooking in households. Figure 6.5.4 shows the average annual energy

consumption for cooking.

In this graph, the annual consumption is 460 kWh for a person living alone.
When the number of people increases to two, the average consumption is
235 kWh per person, a little larger than half of a single person. Along with
the increasing of number of people, the average consumption decreases.
Hence, the total annual cooking consumption for households of one, two or
three persons, is almost the same. However, when the number of people is

more than 4, the consumption is around 100 kWh per person, i.e., the total
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Figure 6.5.4: Annual consumption per person per family size

consumption increases. The ratio of different numbers of people to the av-
erage annual consumption, can indicate the effect of number of inhabitants

to the cooking electricity consumption for households.

6.5.2.5 Integration of Cooking Model

To capture the intricacies of cooking behaviour in households, a multi-
layered approach was adopted. At its core lies the cooking event probability,
determining the likelihood of a cooking event occurring at any given time.
Once an event is deemed to occur based on this probability, the cooking
duration model is then invoked, defining the length of the event based on a
probabilistic assessment in conjunction with a randomly generated number.
This base model is further refined using the seasonality effects and the effect
of the number of household members. These act as correction factors,
adjusting the base probability from the cooking event model, ensuring the

simulations are reflective of real-world scenarios and adaptable to diverse
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household configurations. The fixed probability can be given by:

Pr Obtotal (t) = PTObdevice(t) X Fseason (t) X Fmember (TL) (6'5'4)

Probyyq(t) represents the likelihood of utilizing a specific cooking appliance
(such as an oven, hob, or microwave) at time t, derived from annualized
data. Fieason(t) is a seasonality correction factor, reflecting the propensity
to cook at different periods or seasons throughout the year. It varies with
the number of weeks. Femper(n) stands for a household members’ correc-
tion factor, contemplating the influence of the number of individuals in a

household on cooking patterns.

6.5.3 Performance of Model

According to the proposed method in the last subsection, the average base
probability for cooking events can be calculated. As the utilized cooking
energy dataset from survey [278] is based on national investigation, the
corresponding cooking appliance power should also be the average values
for matching. The power rate values of using oven, hob and microwave are
2.5, 1.5 and 0.8 kW respectively. And their average cooking duration is
40, 30, 5 minutes[280]. The calculation result is shown in Figure 6.5.5 and
Figure 6.5.6.

In Figure 6.5.5 and Figure 6.5.6, the bar chart of probability series for
weeks and holidays are shown separately, and contain the values for oven,
hob, and microwave. The X-axis is for 24 hours of the day, while the Y-axis

is the probability of an event taking place.

During the weekdays, the probability graph has three peaks, corresponding

to breakfast, lunch, and dinner. Some of the inhabitants would not take
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Figure 6.5.5: Probability of event trigger in workdays
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Figure 6.5.6: Probability of event trigger in holidays

breakfast or dinner at home due to weekday works. The peak of dinner is
much higher than the other two meals. At the same time, there are two
peaks in the graph for holidays, while brunch is nowadays popular due to
fast modern life. The probability of using microwaves is the most, followed
by hobs. Considering the ratio of workdays and holidays is approximately
5:2, the average mathematical expectation of using ovens probability is
0.543 per day. The average value is 1.01 for hobs and 0.93 for microwaves.
These mathematical expectation values, according to the UK energy follow-
up survey 2011 [281], are 5.0, 7.9 and 6.3 times for using the cooking

appliances per week. In other words, the values are 0.71, 1.12, 0.9 for
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ovens, hobs, and microwaves. Considering the time factor of the survey
data, this difference is acceptable. In addition, although the mathematical
expected values of ovens and microwaves vary slightly between working
days and holidays, the two values for hobs are 0.88 and 1.13, with a larger

difference. This reflects the differences in user behaviour on different days.

A simulation for single day based on the proposed cooking model is shown

in Figure 6.5.7.
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Figure 6.5.7: One day simulation result of cooking model

In the Figure 6.5.7, the time span of a day is represented on the X-axis, with
the power rate captured at minute intervals on the Y-axis. Throughout the
day, three prominent cooking events are observed. The first event, peak-
ing at 0.8 kW, is consistent with the typical power usage of a microwave,
suggesting a brief cooking or reheating task that spans only a few min-
utes. In contrast, the latter two events, registering at around 1 kW, align
with the power signature of an induction hob. Each of these hob events
endures for an extended period, exceeding half an hour, indicative of more
comprehensive cooking sessions. Notably, these events are timed around
traditional meal hours, implying breakfast, lunch, and dinner preparations.
The absence of a 3.4 kW peak suggests that the oven was not utilized on

this day. The data underscores the prevalence of the induction hob for

198



6.5. ELECTRICAL COOKING MODEL

prolonged cooking and the microwave for quick tasks, providing insights

into daily cooking energy consumption patterns.

Additionally, repeated year-round simulation is operated, to gain an aver-

age annual daily electric cooking profile as Figure 6.5.8.
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Figure 6.5.8: Annual average daily electricity consumption profile for elec-
trical cooking

In the Figure 6.5.8, the average power utilization for cooking activities is
depicted over an annual timeframe. The X-axis delineates the 24-hour daily
cycle, whereas the Y-axis quantifies both the power rates in watts and the
associated probabilities of event occurrences, sampled at minute intervals.
The data visualization clearly manifests three salient peaks, congruent with
the typical meal preparation times: breakfast, lunch, and dinner. The
most pronounced surge in power consumption occurs at 18:00, registering
a value of 110W, indicating that dinner preparation is typically the most
energy-intensive culinary activity of the day, a conclusion corroborated by

real-world observational data.

The data shows that even between primary meal times, there is a high

use of power, indicating that residents cook at different times and in dif-
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ferent ways. The simulation predicts yearly electrical cooking use to be
360 kWh. However, the actual survey data shows it is 497 kWh. This
difference could be due to the survey covering many households that use
different cooking appliances. The simulation only considers three types of
appliances. Furthermore, the simulation assumes only one appliance works
at a time and does not account for back-to-back cooking. This might be

why the simulated energy use is lower than the actual use.

Furthermore, when comparing the simulation's predictions, the actual data,
and hourly energy use, they all show similar trends. This means the simu-

lation method is reliable and accurate.

6.5.4 Conclusion of the Cooking Model

This study provides a detailed simulation of electrical cooking consumption
in homes. The model captures typical cooking times and matches them

with common meal periods, making it relevant to real-life scenarios.

Clear patterns emerge, highlighting when and how different cooking ap-
pliances are used. While there are some differences between the model's
predictions and actual survey data, the overall trends are closely aligned.
These discrepancies can be attributed to the model's assumptions and the

varied nature of the data sources.

In short, the model offers a practical way to understand and predict daily
cooking energy use. This can be valuable for energy planning and promot-

ing more efficient home energy use.

200



6.6. COMBINATION OF OCCUPANCY AND HEAT DEMAND

6.6 Combination of Occupancy and Heat De-

mand

In this section, the proposed occupancy model, is operated together with
the proposed thermal model. The occupancy state is another extra input
signal for thermal models, including the heating model and the cooking
model. For instance, in order to achieve improved control of a room heating
system, the combination of occupancy model and room heating model is

presented. It also shows the potential of energy saving.

The energy required for heating or cooling a home is closely tied to occu-
pancy. A non-occupied home might not require as much energy, leading to
potential savings. Using occupancy data in tandem with heating controls

can result in more efficient energy use.

Traditionally, the control system of room heating is based on hysteresis
control, a combination of control using time and using temperature feed-
back. In the heating model, two heating periods were assumed as the timer
allows the heater to be turned on during 6.00 a.m. to 10.00 a.m., as well as
18.00 p.m. to 22.00 p.m. The temperature difference hysteresis for turning
on and off is set as 1 degree, while the reference temperature is 25 degrees.
When it is combined with the proposed occupancy model, the state of oc-
cupancy would influence the result of heating usage, where two aspects
dominate. One is the ‘not at home’ state would not allow the heater to be
turned on. The other aspect is that the heat radiation from an inhabitants’
body, which is different from no one at home and value cannot be ignored.
Figure 6.6.1 shows a typical set of states for the temperature model in a

typical day.
The X-axis is the time of the day, while the Y-axis is for the states. In the
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Figure 6.6.1: State graph for occupancy and room heating

upper graph, the blue curve is for the occupancy, while the orange curve
is for limited heating time. 1 means allowing the heating is on. These two
states are impacted by local conditions and inhabitants’ behaviour. In the
lower graph, the state of the temperature and the on/off state of the heater
are shown. The state of the temperature means that, based on the indoor
air temperature, the room requires heating or not. The state of the heater
is the real condition of the electrical heater, as well as the final decision of
the control system. For this single day, the inhabitant is not at home at
about 9.00 a.m. Hence, even if it is the heating period, the heater would
be turned off as the host is not at home. For the rest of the heating period,
the heater is intermittently switched on for about 20 minutes and off for
about 10 minutes and the pattern repeats, which is reasonable according
to the real situation. Apart from heating periods, the heater would not be
turned on for the rest of the day, regardless of the temperature or whether

the occupant is at home or not.
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6.7 Analysis and Comparison of Different

Domestic Heating Systems

6.7.1 Introduction

Accounting for more than 40% of total energy consumption, buildings are
also one of the largest carbon dioxide emitters in the world [282]. This
energy consumption and carbon emission have already led to a real threat
of climate change. The utilization of fossil fuels to generate power for
homes and businesses exacerbates this risk [283]. Hence, most countries
have policies to promote the increased concentration of renewable energy
resources. Establishment of these policies not only have focused on the
method of power generation, but also have paid attention to the way of
energy consumption. A significant portion of energy is used for space heat-
ing and cooling in both developed and developing countries. As a result,
researchers are focusing on developing new technologies to reduce energy

consumption to meet heating and cooling needs [284].

In terms of analysis of energy consumption, construction factors, household
size, occupation and age are the main factors that affect the energy con-
sumption [285]. The major dominant factors that impact on consumers'
choice of energy resources of are analysed in [286]. Various literatures have
conducted in-depth studies on the characteristics of electrical and thermal

loads and their impact on power systems.

In terms of comprehensive analysis and research, the economic profit, and
environmental benefits of several types of electric heating were analysed
in previous literatures. The energy saved by new energy electrical heating

can lead to about 10 million dollar fuel costs, and 1 million environmental
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protection costs each year in one province by [1]. With an energy storage
system, the electricity consumption of electrical heating can save more
energy than a traditional gas boiler [287]. In view of the life cycle of electric
appliances, energy efficiency and pollution emissions of various types of
heating system are compared in [288] based on full life cycle theory. Among
all the systems, a much cleaner system is gas boiler heating considering all
primary energy sources. At the same time, the heat pump and combined

heating and power generation have the highest energy efficiency.

6.7.2 Methodology

In this chapter, based on the operation of thermal model for the domestic
environment, the energy consumption based on gas boiler, electrical heater
and GSHP would be simulated individually. Moreover, based on the en-
ergy consumption, the economic cost as well as GHG emissions would be

compared.

The energy balance of domestic heating was proposed in previous sections.
At the same time, there is a comprehensive simulation model for electric
heater with hysteresis control, while the model of GSHP was also proposed.
Based on these methods, the models can simulate for operation condition
for the entire year, obtaining the corresponding energy consumption of
different appliance. Moreover, the energy consumption of gas for room
heating can be also estimated, based on heat demand (Qgemanag) of domestic

environment and efficiency of gas heating.

ans = Qdemand/ngas (671)
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Where 74,5 is the efficiency of gas heating in the domestic environment,
which is about 89% [289]. The result is the energy consumption when the

room is heating based on central gas heating.

Additionally, the investment and operation cost of heating system could be

calculated as:

years

Total cost = Costippestment + Z Costoperation X (1 + r%)i (6.7.2)

=1

The parameter r represents the inflation rate. The NPV, is the value of
cash flow over different periods, which depends on the time interval and
discount rate — the assumed equivalent value of interest obtained if an

equivalent financial investment had been made.

yr Cash
NPV = ' Cash 6.7.3
erl ) ashg (6.7.3)

Where Cash; is the net cash inflow during the period Yr. The cash flow
can be calculated as the savings due to applying other appliances compared
to gas boiler. Yr is the number of time periods which unit is year. Cashg
is the initial cost. In this section, it is the combination of investment of

heating appliances and related auxiliary equipment.

Understanding the costs associated with various heating methods, as well as
their environmental impacts, is crucial for making informed decisions. The
following table outlines the investment costs of different heating systems,
the prices of electricity and gas, and the Global Warming Potential (GWP)
of these energy sources. In order to analysis the economic benefit and

environmental impact of various heating systems, the corresponding cost
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are summarized in Table 6.7.1.

Table 6.7.1: Costs and GWP of different domestic heating methods

Parameter Value Source
Investment of electrical heater (£) 2100 [290]
Investment of GSHP (£) 24000 [291]
Investment of gas boiler (£) 4000 [292]
Electricity price (£/kWh) 0.135 [293]
Gas price (£/kWh) 0.0737 [293], [294]
GWP of electricity (kgCO2e/kWh) 0.233  [295], [296]
GWP of gas (kgCO2e/kWh) 0.184 [296]

For instance, as can be seen in the table, the initial investment for a GSHP
is significantly higher than other methods, however, its long-term efficien-
cies and benefits might offset this initial cost. Similarly, while the price
of electricity per kWh is higher than gas, its GWP is also slightly higher,
indicating its greater environmental impact. Global Warming Potential
(GWP) is the amount of heat absorbed by any greenhouse gas in the at-
mosphere and is a multiple of the amount of heat absorbed by the same

mass of carbon dioxide (CO;3). CO4 has a GWP of 1.

6.7.3 Results of Heating System Comparison

In order to compare energy consumption, and investigate on further eco-
nomic analysis and emission reduction, several key values are exported from
simulation. Basing on a one-year simulation, the heat demand, heat supply
and energy consumption of electrical heater and GSHP in heating season

are shown in Table 6.7.2.

In this table, based on the difference between indoor air and external com-
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Table 6.7.2: Annual heat demand and energy consumption of different
heating appliances (unit: kWh)

Heat demand Heat supply Energy consumption

Electrical heater 2180.4 1763.3 1763.3
GSHP 2276.0 1675.4 391.9

ponents, the heat demand is not only supplied by heating appliances, but
also by human activities, solar radiation, and other factors. As the heating
appliances are freely used in heating season to maintain the indoor temper-
ature, the value of demand for the heater and GSHP is close to each other.
This numerical approximation also takes place on value of heat supply,
while the distinguish heating mechanism of two appliances leads to slight
difference. The heating mechanism, however, result in the dramatic differ-
ence in energy consumption of power in the electricity system. The electric
heater consumes 1763 kWh of power. In contrast, the GSHP would only
use 391.9 kWh of power to produce a similar amount of heat as a heater.
When it comes to gas heating, 2519.1 kWh of gas would be consumed for

heat, calculated based on efficiency equation.

Based on the annual energy consumption on different appliances, as well
as the average unit energy cost from official statistics, the annual cost and

global warming potential could be summarized as Figure 6.7.1.

Three primary heating methods are compared: electrical heaters, GSHP
(Ground Source Heat Pumps), and gas boilers. For each heating method,
there are two bars. The blue bar represents the cost associated with that
particular heating method, while the orange bar depicts the GHG (Green-
house Gas) emissions. This visual comparison offers a clear overview of
the economic and environmental impacts of each heating system, allowing
for a direct comparison of costs and emissions side by side. The type of

energy required for the operation of a GSHP is the same as an electrical
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Figure 6.7.1: Annual cost and GWP for different heating method

heater, using the electricity from the national grid with same unit cost and
emission. The annual electricity tariff of the electric heater is £238, while
its GHG emission is 410kgCO2e. The total annual energy consumption,
however, has a significant difference. As a result, the electricity tariff and
GHG emission of GSHP are only about one-sixth of that of electrical heater
for room heating. At the same time, the unit cost and GHG emission are
both less than that of electricity. Owing to this, although the energy con-
sumption by gas is lower than that of electricity, the annual cost and GHG
emission is only £146 and 364kgCO2e. Comparing to the consumption by
an electric heater, the tariff cost of gas is less, while its carbon emission
is already closed to that of electric heater. In the future, along with the
technique improvement of renewable generation, electrification of domes-
tic heating has more potential to gain advantages in both economic and

environmental impacts.

In conclusion, the analysis of various domestic heating systems offers valu-
able insights into both economic and environmental implications. While

electrical heaters present a cost-effective option, GSHPs, despite their higher
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initial investment, showcase potential for long-term benefits, especially
when considering their low GHG emissions. Gas boilers, on the other hand,
while economically competitive, have notable environmental concerns. The
provided bar chart further underscores these findings, emphasizing the im-
portance of considering both cost and GHG emissions when evaluating
domestic heating options. As global efforts shift towards sustainability and
carbon neutrality, such comparative analyses become crucial in guiding

residential heating choices for a greener future.

It should also be noted that a low and fixed price for gas has been assumed
for this analysis. Gas prices are certain to increase significantly in future

years, encouraging the case for GSHPs for domestic heating.

6.8 Conclusion

In this chapter, a comprehensive exploration of thermal demands in do-

mestic electricity systems was undertaken:

e Thermal Room Heating Model: A detailed thermal room heating
model was presented, illustrating the dynamics of heating in a do-
mestic setting. Factors like hysteresis control, parameter estimation,

and model performance were thoroughly discussed.

e Ground Source Heat Pump (GSHP): An introduction and compre-
hensive modeling of the GSHP were provided. The GSHP model
performance was evaluated, showing its efficiency and effectiveness in

supplying thermal needs.

e Hot Water Usage Model: A deep dive into hot water usage patterns

was conducted. The combination of hot water demand, the water
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tank model, and their collective performance was meticulously eval-

uated.

Electrical Cooking Model: A simulation of electrical cooking con-
sumption in homes was established. This model captures typical
cooking times, aligning them with common meal periods, thereby

making it highly relevant for real-world scenarios.

Analysis of Domestic Heating Systems: A critical comparison of elec-
trical heaters, GSHPs, and gas boilers was presented. Economic im-
plications, greenhouse gas emissions, and future potential of each sys-
tem were analyzed. It was highlighted that while electrical heaters
offer cost-effectiveness, GSHPs present significant long-term benefits,

especially in terms of reduced greenhouse gas emissions.
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Chapter 7

Results and Discussion:

Integrated Models, LCC and
LCA of Electrification, and

Community Level Application

7.1 Model Integration and Comparison

7.1.1 Introduction to Models, Integration, and Com-

parisons

The growing global concern over climate change and the continuous ad-
vancement of new energy technologies have catalysed a profound trans-
formation in modern residential energy systems [297]. Unlike the tradi-
tional models reliant on centralized power supplies such as non-renewable

resources like coal and natural gas, these models are no longer tenable in
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the face of future energy and environmental requirements. This thematic
exploration, ”Home Energy Models: Integrating Future Energy Technolo-

" seeks to delve into the strategies for achieving a more efficient, eco-

gies,’
logically sound, and intelligent residential energy framework through the

avenues of technological innovation and management strategies.

The intensifying global issues of climate change and environmental pollu-
tion have propelled the urgency to discover green, renewable energy so-
lutions. As the basic unit of society, households' energy usage patterns
wield considerable influence over overall energy consumption and carbon
emissions. Concurrent with technological advancements, numerous emerg-
ing energy technologies, such as solar power, wind energy, and battery
storage, are penetrating daily life, thus offering innovative opportunities
for enhancing household energy systems [4]. This is further compounded
by the gradually diminishing costs of new energy technologies, enabling
households to access electricity more economically, fostering a heightened

demand for household energy management and optimization.

The conventional household energy systems, characterized by isolation and
static attributes, are ill-equipped to cope with the rapidly shifting energy
markets and environmental dynamics [298]. In stark contrast, contempo-
rary models emphasize the pivotal role of integrating multiple technologies
and adopting dynamic management. This implies that the consideration
should encompass not only the implementation of diverse new energy tech-
nologies within households, but also the art of seamlessly intertwining them

into a cohesive and collaborative system.

This perspective underscores the necessity for a holistic and interconnected
network for future residential energy systems, whereby each component

mutually supports and synergize with others. This intricate network en-
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compasses not only energy production and consumption but also extends to
encompass energy storage, distribution, and comprehensive management.
Moreover, the design and management of household energy systems should
pivot around the unique demands and habits of the users [299]. This in-
cludes provisioning personalized energy services to guarantee an unwaver-

ing, economically viable power supply under any circumstances.

The ultimate aspiration of the home energy model lies in provisioning
households with energy solutions that are not only environmentally re-
sponsible but also financially judicious. Such an arrangement is not merely
confined to the domain of reducing electricity bills; it encompasses a larger
purpose of contributing to the mitigation of carbon emissions, thus playing

a pivotal role in the global effort to counteract climate change.

Simultaneously, as these novel models gain traction, they hold the potential
to incite broader societal transformations towards a low-carbon, sustain-
able future. Households cease to be passive energy consumers, transition-
ing into active participants, intricately engaged in energy production and
management. This transformation is expected to culminate in a decentral-
ized, pliable, and resilient energy system, adeptly poised to navigate the

challenges that lie ahead.

To achieve these environmentally and financially sensible solutions, the
proposed model integrates several important sub-models, each of which
addresses a different aspect of home energy management, as shown in Fig-
ure 7.1.1. The model carefully blends local household load data, photo-
voltaic (PV) forecasts, occupational models, electric vehicle (EV) usage,
thermal simulation, and battery and home energy management system
(HEMS) strategies to provide a comprehensive and realistic depiction of

household energy dynamics. The model runs on a minute-by-minute basis,
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facilitating seamless information exchange and decision-making between all
sub-models, each of which is detailed in the corresponding subsequent sec-
tion. This integration not only ensures synchronization and cohesion in
managing different energy aspects, but also fine-tunes the predictive and

adaptive capabilities of the entire model.
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Figure 7.1.1: Structure diagram of modelling

Furthermore, the model is not just a static representation, but dynami-
cally adapts to various internal and external factors, ensuring that pro-
posed strategies and predictions are consistent with real-world scenarios.
By ensuring coherent interaction between sub-models, the model not only
ensures optimal energy management for individual households, but also

contributes to the establishment of sustainable and efficient energy net-
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works at the macro level.

Developed in 2010 at the Centre for Renewable Energy Systems Tech-
nology (CREST) in Loughborough University, the CREST model offers a
probabilistic framework to estimate the electricity consumption of individ-
ual households [271]. This is predicated on key parameters: the number of

residents, their occupancy patterns, and the household's appliance content.

The CREST model has the capability to generate electricity load profiles
for individual households, extrapolated from the simulated use of distinct
appliances. By amalgamating the approach of implementing Markov chain
models based on time-use data with the strategy of generating electric
appliance switch-on events, the CREST model has garnered widespread

recognition and application in numerous scholarly publications.

7.1.2 Simulation Results and Comparison

A careful understanding of the model setup and methodology is critical to
dissecting simulation results and making relevant comparisons. The follow-
ing analysis is based on the simulation operation of the model proposed in

the study and setup details of the CREST model.

For the CREST model, simulations were performed for 20 households lo-
cated in Nottingham, specified at a latitude of 52.8° and a longitude of -1.2°.
The model was used to simulate the energy profile of 20 different house-
holds. The CREST model inherently supports single-day simulations, so
individual daily results need to be combined to build an aggregate repre-
sentation. Due to the one-day simulation limit of the CREST model (which
is an xlIsx file), a Python program is used to systematically call the model

every day and change the date and store the results. After daily simu-
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lations, the results are combined to calculate average results to present a

comprehensive view of the model's performance.

Unlike the CREST model, the proposed model possesses the capability to
directly simulate the energy dynamics of a single household across an entire

year, yielding a detailed and continuous dataset.

Key factors, namely house size and number of residents, are pivotal in the
model. Data from the English Housing Survey (Floor Space in English
Homes) [300], the average UK house size resides at 96 m?, with a common
range between 56 and 151.7 m2. Consequently, house sizes are randomly
selected between 56 and 152 m? during simulations to maintain a realistic

representation.

Regarding the number of residents per household, information derived from
”Families and households in the UK: 20227 [301] reveals an average of 2.36
residents per household. For the sake of simplicity in the model, households
with more than four residents are categorized as four-resident households.
Thus, the distribution of residents per household in the simulations is con-
figured as follows: 45.2% with one resident, 29.6% with two residents, 11.8%

with three residents, and 13.4% with four residents.

Through these settings, the model, characterized by dynamic adaptation
and integration of various sub-models, aims to simulate the energy con-

sumption for 20 households, and compare its average performance to the

CREST model.

Based on the simulation of 20 households for one year, the Table 7.1.1
presents the simulated results of the CREST model and the models in
the thesis across various energy-related aspects. These aspects include

photovoltaic (PV) electricity generation, the total electricity consumption
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of a household over a year (residential electricity demand), the portion
of electricity used by the household, not returned to the grid (total self-
consumption), the total electricity demand from the grid by the household
(net electricity demand, calculated as total demand minus PV generation),
thermal energy used for residential space heating (electrical heating en-
ergy), thermal energy used for water heating (e.g., showers, dishwashing)
(water heating energy), thermal energy used for cooking (cooking energy),
the capacity of household batteries used for energy storage (home battery),

and the capacity of electric vehicle (EV) batteries (EV battery).

Table 7.1.1: Annual simulation results in CREST model and proposed
model

Energy Section CREST Model Proposed Model
PV 916.4 742.5
Dwelling Elec. Demand 4032.9 2088.7
Total Self-Consumption 419.2 368.2
Net Demand 3116.5 4934.0
Room Heating 5553.9 2647.6
Water Heating 1870.0 606.9
Thermal Energy (cooking) No (separated) calculation 497.5
Home Battery No calculation 640.0
EV Battery No calculation 514.1
EV Drivers No calculation 1862.4

In terms of model characteristics, the CREST model simulates data for a
day, with parameters like PV and whose attributes being randomly chosen
from an index. This introduces a level of randomness in simulation results,
especially in PV output. On the other hand, the proposed model's PV out-
put is more data-driven and closely linked to historical data and technical

parameters, potentially reflecting real-world conditions more accurately.

Regarding PV output, the CREST model predicts 916.4 kWh, while the
proposed model estimates 742.5 kWh. Both values are within a reasonable

range considering the corresponding peak power of PVs, as average 3200
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kWh electricity with 4.3 kWp peak power is for the UK home [302], but
the CREST model's prediction is slightly higher. This could be attributed
to the PV systems chosen from the index having higher efficiency or larger
capacity. Conversely, the proposed model might rely on average or typical

solar radiation conditions, leading to outputs closer to long-term averages.

In terms of energy consumption, the CREST model employs a bottom-
up approach by simulating individual household appliances' electricity use
and summing them to estimate total household consumption (4032.9 kWh),
matching UK average consumption (around 3600 kWh) [303]. In contrast,
the proposed model's estimate is much lower at 2088.7 kWh. This difference
might stem from the proposed model relying on localized data, influenced

by specific region or dataset characteristics.

For self-consumption, the CREST model estimates self-consumption at
419.2 kWh, accounting for 45% of its total PV generation. This implies
that 45% of the PV output is used by the household, while the remain-
ing 55% is sent back to the grid. The proposed model's self-consumption is
368.2 kWh, constituting 49% of its total PV generation. This suggests that
the proposed model's household better utilizes its PV generation, reducing

grid dependency.

In terms of net demand, the CREST model's net electricity demand is
3116.5 kWh, indicating the electricity purchased from the grid minus the
electricity sold back. Notably, the CREST model treats electrical and ther-
mal energy distinctly. The proposed model's net demand is 4934.0 kWh,
much higher than CREST due to considering thermal energy requirements,
as well as that of EV charging. Hence, these two values cannot be directly
compared. The one of the proposed model provides a more comprehen-

sive view of energy demand, encompassing heating, water heating, cooking
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electricity demand, and EV charging.

In the context of thermal energy consumption, specifically related to space
heating, the two models, namely the CREST model and the proposed
model, exhibit notable differences in their predictions. The CREST model
anticipates a space heating demand of 5553.9 kWh, employing a gas supply-
based simulation. Conversely, the proposed model projects a substantially
lower space heating demand of 2647.6 kWh. Comparing these predictions to
established reference values provides further insight. The reference values
indicate that gas heating corresponds to 5249 kWh, while electric heating
entails 2135 kWh [278]. Evidently, the CREST model's prediction aligns
more closely with the reference value for gas heating, while the proposed
model's prediction exceeds the reference value for electric heating. This
discrepancy in the proposed model's prediction could potentially be at-
tributed to the integration of time and occupancy-based control systems
within the modelling framework, as well as the reference room area in the
simulation. The difference between electric heating and gas heating for
both models value and reference value, is due to the energy efficiency for

different heating methods.

Moving into the domain of thermal energy allocation for water heating,
distinct variations in the predictions of the CREST model and the pro-
posed model emerge. The CREST model foresees a water heating demand
of 1870.0 kWh, whereas the proposed model's projection is considerably
lower at 606.9 kWh [278]. Consideration of established reference values
supplements this analysis. The reference value for water heating stands at
945 kWh. This hot water demand is seriously affected by user behaviour
and number of residents. The user parameters of the proposed model are
closer to the average, but due to the limitation of the number of daily water

uses in the hot water usage sub-model, this potentially reduces the energy
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demand of the simulation results.

Shifting focus to the realm of thermal energy consumption associated with
cooking activities, a comparison between the CREST model and the pro-
posed model elucidates distinct methodologies. The CREST model does
not incorporate calculations for thermal energy demand linked to cooking
tasks. In contrast, the proposed model derives an estimate of 497.5 kWh
for cooking energy demand. For contextualization, the reference value for
cooking energy demand is 414 kWh [278]. The proposed model's predic-
tion slightly exceeds this reference value. This variance could potentially
be attributed to the nuances of the proposed model's underlying data and

assumptions pertaining to cooking activities.

This section mainly analyses and verifies the performance of the model
based on the comparison of the two models. Since the CREST model does
not involve technical applications such as batteries and electric vehicles and
energy control, no comparative analysis is performed here. In the following
sections, more simulation analysis and considerations are carried out for

the proposed model.

7.1.3 Conclusion of the Proposed Integrated Home

Model

The proposed model exhibits unique characteristics in the field of energy
modelling, with the integration of thermal energy, comprehensive heating
control, and the consolidation of household energy systems being its key
facets. These aspects not only set the model apart but also bring forth

significant potential for future development.

Primarily, the model expands the horizon of household energy systems into
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the realm of thermal energy through a more comprehensive integration.
Unlike traditional electricity demand modelling, the proposed model in-
corporates heating, hot water, and cooking-related thermal energy require-
ments, offering a more holistic and accurate energy management approach.
This integration not only reflects real-world household energy consumption

but also presents opportunities for enhanced energy utilization.

Secondly, the model integrates comprehensive heating control strategies
that optimize heating demand through time-based and occupant activity-
based controls. This approach enables intelligent heating management,
mitigates energy wastage, and enhances energy utilization efficiency. By
dynamically adjusting heating requirements, the model enables households

to reduce energy consumption while maintaining comfort levels.

Furthermore, the model holds the potential to consolidate household en-
ergy systems. It transcends discrete modelling of individual energy compo-
nents and undertakes a comprehensive analysis of solar photovoltaic out-
put, household consumption, self-consumption, and more. This systemic
modelling approach streamlines household energy management, facilitating
the formulation of integrated energy strategies to enhance overall energy

efficiency.

In addition to aforementioned attributes and potential, the proposed model
also addresses the future trend of household electrification and energy de-
mand. As technology advances and society evolves, household energy de-
mand is transitioning towards intelligent, efficient, and sustainable direc-
tions. In this context, the model emerges as a valuable tool to tackle

forthcoming challenges in household energy management.
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7.2 Models in the Traditional and the “all

electric” Schemes

The structure diagram which integrated utilized models into the simulation
of a traditional scheme and an electrified domestic environment is shown
in Figure 7.2.1.

Raw domestic datasets

. ( PV \

Load profile — Load profile | Load profile
—[ Battery control model ]—% Battery

~\
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7\ 3R3C/4R4Cmodel  ———{ Electricalroom heater
[CERVEICICEICI - | Water usage model | > Electrical water heater Heat demand
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< State & distance model '—) Domestic vehicle

Traditional scheme “All electric” scheme

Figure 7.2.1: Structure diagram of integration of the load, PV, battery,
heat and EV models in both schemes

Figure 7.2.1 shows the schemes aimed at utilizing various energy sources
in a home energy system, as well as the related models for calculating
energy consumption. In this section, two schemes are presented based on
the power profiles and models. The first one is a traditional arrangement,
based on common load profiles. Battery management and PV generation
are integrated into the scheme. The second scheme is defined as the “all
electric” scheme, which is aimed at simulation of the energy demand in

future homes which are eco-friendly and “green”.

In the previous chapters, energy databases which contain load and PV
power profiles have been described and these can be used as datasets for
the schemes to improve the efficiency of home energy utilization. These

datasets can be utilized as the common load and for PV generation in typ-
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ical homes. Additionally, a battery control algorithm is required by the
research as both schemes require a home battery system to move energy
consumption for further energy savings. There are also some other models
that were put forward in previous chapters and are used in this section.
The thermal capacitance/resistance grey box model can be used with ei-
ther environments, which use gas or electricity for room heating described
in section 6.2, (they are slightly different in their each of the models). The
water usage model described in section 6.4, which also considers the tem-
perature of used water, can simulate the hot water supply and its energy
consumption. Based on the same heating requirements, the energy require-
ment from the two different energy sources may be different. A model of the
cooking actions of UK inhabitants in a domestic dwelling, i.e., the real-time
energy consumption used for cooking is also taken into account in the com-
parison of schemes. Furthermore, domestic vehicle usage is incorporated
into the daily activities. Status and trip distance being simulated in the
model. The traditional fuel cars consume fossil fuels, whereas EVs could

have a strong influence on home energy use due to the V2G technique.

7.2.1 Power Profiles in Future Schemes

The load profiles come from the database and are used to indicate the real
time power consumption of a typical house. The load consumption includes
the commonly used electrical appliances in modern households, covering
basic household needs which do not require gas. It is therefore used as the

foundation of the energy consumption patterns for both schemes.

The PV generated power data sourced from PV profiles that were collected
in the datasets, is modified slightly based on the specific location, solar

radiation and the size of the area of the solar panels. As both schemes are
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analysed for the same typical house, the PV generation profiles would have

the same impact on the simulation for both of the houses.

7.2.2 Battery Control Algorithms in Future Schemes

The battery control algorithms are proposed to manage the energy stor-
age in the battery, as well as control the input/output power rate of the
battery in this system. Based on this control algorithm, the whole system
would reduce energy consumption during high tariff periods and attempt
to replace the imported power from grid by that from battery storage. In
the traditional house, the whole home system only contains the fixed home

battery.

For the “all electric” scheme, in addition to the home battery, the electric
vehicle also has a battery which provides energy for the trip. Nowadays,
the V2G technique is widely discussed, and it is applied in the algorithms.
Hence, in the “all electric” scheme, two batteries are operated in the simu-
lation at the same time. For the battery of the electric vehicle, it is mainly
used to provide energy for driving, but can be also used to partly store
excess energy in the system and supply energy to the home when needed.
It is not connected to the home system for the whole day. It is connected
only when the vehicle state is ‘parking at home’. Otherwise, the electric
vehicle would be ‘offline’ for the house if the vehicle is driven on the road
or parked at other places. The control algorithms would properly arrange

priorities to ensure that the battery is used effectively.
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7.2.3 Heat Demand in Future Schemes

The heat demand in home system has three main sources, which are all
simulated in the separated sub models in the project. The heat demand
for room heating is the dominant energy consumption, followed by water

heating and cooking.

For room heating, the proposed 3R3C model and 4R4C model are a good
fit for the different types of energy consumption. For traditional heating
in households, the gas would be burnt in gas boiler, and then the heated
fluid would enter the radiators in each room through tubes. The heating
of the room relies on the heat exchange between the room air and the
heat exchangers. The 3R3C model matches the transfer of heat exchange.
In the future “all electric” home, the room heating is more decentralized.
Comparing the gas or heated fluid, electricity is an energy source which is
easier to be migrated. Hence, the phenomenon of transferring electricity
into heat energy can take place in different rooms individually, which is

reflected by the 4R4C model.

The water usage model does not only simulate the water consumption based
on the water use events of the inhabitants, but also simulates the changing
state of the water tank to obtain the heat energy demand from using water.
For hot water usage, people’s behaviour plays an important role, deciding
the trigger when using a sink or shower and their duration. For the water
supply, low-temperature water is input from the water pipe, and the heating
devices will be used to maintain the temperature of the water tank. The
difference in the two schemes is that the electric water heater requires pre-
heating of hot water as it has poor instant heating capability, whereas the

gas water heater provides a large amount of hot water in a short time.
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Cooking behaviours do not change with the energy type of the appliance.
The gas cooker in the traditional scheme, and the induction hob in the “all
electric” scheme, would not affect cooking needs and behaviours, as they
are only a cooking utensil from the view of users. Their efficiency, however,

would be influenced by the efficiency of the energy sources.

7.2.4 Vehicles in Future Schemes

In domestic environments, vehicles are commonly used for daily demand,
including going to work, school, daily purchases, outings, etc. In the tra-
ditional scheme, a fossil fuel vehicle is taken into consideration, which is
most widely used nowadays. The fossil fuel car is assumed to use petrol
or diesel for driving, and it would not have a connection to other com-
ponents in the home energy system. The only factor to judge the energy
consumption is the driving distance, which can be obtained from the ve-
hicle driving model. In addition to the driving distance, the model also
gives the real time state of the vehicle. In the “all electric” scheme, three
states of the electric vehicle are used to assist the home energy system.
The battery of the EV is connected to the home energy system and can be
utilized by the system. In addition to charging from low tariff electricity
and the excess PV energy, the battery can also discharge to supply the
home load when required. This change will not only bring more challenges
to the power consumption side, but also provide more opportunities for

intelligent management of household energy.
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7.2.5 Traditional Scheme and the “all electric” Scheme

In summary, based on the power profiles and the proposed models, two
household energy schemes can be presented, simulated and compared in
the following sections. The traditional scheme, based on the basis of exist-
ing household equipment, shows the common reconstructions of integrating
PVs and batteries. The traditional scheme contains a normal house elec-
trical load, and the heat demand is satisfied by a gas boiler, gas cooker.
Petrol vehicles are used for driving in this scheme. This scheme matches
many existing housing schemes. In addition to the integration of PVs and
batteries, the “all electric” scheme reflects a future which is highly elec-
trified, and high energy consuming devices are electrified. The room heat
demand is satisfied by an electric room heater, while hot water demand
is satisfied by an electric water heater. Moreover, a GSHP could be also
considered for room heating as a replacement. An induction hob is used

for cooking, and electric cars are incorporated into a home energy system.

7.3 Energy Analysis of the Traditional and

the “all electric” Schemes

7.3.1 Performance of Battery Management Schemes

Compared to the households where the raw datasets come from, the tra-
ditional scheme has a battery for home energy management, and these
datasets have been supplemented with additional heating demand and
petrol vehicle models. Of course, these types of energy demand are not
reflected in the consumption of electricity. The traditional scheme also

has a PV generation system. Hence, in the view of electricity, the main
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difference from obtaining datasets of households and the traditional home
scheme, is the existence of a battery system. The first thing to do is to
identify the performance and role of the battery in the system. In the case
study of this section, the applied home battery is Tesla Powerwall 2, which
has a 13.5 kWh capacity and 5 kW power rating [304]. A comparison graph
of the energy consumption for the traditional scheme and the original en-

ergy profiles for different tariff periods is shown in Figure 7.3.1 for a period

of 1 year.
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Figure 7.3.1: Bar graph of traditional scheme and original consumption
profiles for different tariff periods

In Figure 7.3.1, based on the simulation with and without battery storage,
the energy consumption for different tariff periods and export is calculated
and shown. Four series of bars are shown in this graph, indicating the
amount of electricity consumed during the different tariff periods using
a TOU (time-of-use) tariff pricing strategy. There are low tariff periods,
medium tariff periods and high tariff periods during the day. The low tariff
period is from 0 to 7, the medium tariff period is from 7 to 16 and from 20 to
24, and the high tariff period is from 16 to 20. These three periods define the

cost of the importing electricity from the grid. The last one is the exported
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electricity from the home system to the grid, which is usually associated
with a feed-in tariff. The two colours show the differences the schemes. The
orange ones use the obtained datasets in a household without battery, while
the blue bars are based on the simulation of the traditional scheme where
the battery would make sense in the electricity system. When there is no
home battery system, the electricity consumption in the low tariff period
in this case is 156 kWh for one year. The highest electricity consumption
takes place in the medium tariff period, (831 kWh). There is also some
electricity demand in the high tariff period, as 196 kWh of electricity is
consumed during this period. The medium tariff periods occupy about
half of the day, leading to higher consumption and energy cost during
this period. Although the high tariff period does not last for long, it is
the most intense period for electricity consumption. Moreover, most PV
energy generation occurs in the daytime, mainly the medium period, which
can exceed the demand. The excess electricity consumption is exported to
the grid (689 kWh). Considering the total PV generation over the year is
1100 kWh, the self-consumption rate is about 37%, i.e., close to the average
value in the UK households which do not use ‘enabling technologies’ such

as batteries or electric vehicles [91].

After the transformation of the traditional scheme with the battery, the
electricity demand distribution of tariff periods has been greatly changed.
For the low tariff periods, the electricity consumption climbs to 518 kWh,
i.e., it is the highest in the traditional scheme. Because of the battery
system, electricity can be imported from the grid during low tariff periods
and consumed when required during the high tariff period. The electricity
is imported and then stored in battery storage during the low tariff period.
In the medium tariff period, the electricity consumption is still at a high

level (375 kWh). Although the instantaneous demand is low, and it is
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supplemented by solar energy generation. The most energy savings take
place during the high tariff period. The imported energy is only 2 kWh,
saving a great amount of money. In addition to self-consumption, the excess
electricity from PV generation is also stored in the battery system, hence

the exported energy is only 152 kWh in the traditional scheme.

Comparing the traditional scheme simulation results to the original datasets,
it avoids direct electricity import during high tariff periods, and decreases
the exported electricity by 78% for the whole year. This is due to the
existence of the battery system, which could shift the demand, save the
cost and increase local use of energy. The energy demand is ‘shifted’ to
lower tariff periods, a period of less electricity demand and lower electricity
prices within the grid. In addition to the battery system, the simulation of
the traditional scheme also contains the heat demand of room heating, hot
water and cooking, as well as the energy pattern for car driving, which is
not in the original database. These parts of the energy consumption will

be discussed in the following subsections.

7.3.2 Energy Demand in Traditional and the “all elec-

tric” Schemes

Two models are considered in this section. The first is the traditional
one, i.e., electricity for typical home appliances, with the gas used for all
heat demand, including room heating, water heating, as well as cooking.
The vehicle for user driving is assumed to be. The second is the “all
electric” home where all thermal demand is satisfied by electrical heating
appliances, such as an electrical heater or hob. The petrol car is replaced
by an electrical vehicle In this section, the capacity is 60 kWh and charge
power rating is 7 kW for the simulated EV [305]. Both schemes have PV
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generation and a home battery, which has 13.5 kWh of capacity and 5 kW

of power rating as the previous section [304].

In Figure 7.3.2, based on a one-year simulation for one house, the energy
consumption patterns are classified by different tariff periods. The electric-
ity import and export in the view of the whole system are shown in (a).
The energy consumption of traditional heating and vehicles patterns is also
compared with the electric appliances in (b). Time of use tariff pricing is
applied in the simulation. During this simulation, the total PV generation
for one year is 1100 kWh, while the total home load from raw database, is
only 894 kWh in this case. The control algorithm for both houses follows

the rule-based algorithm that proposed in HEMS chapter.

In the Figure 7.3.2a), the blue bars show the electricity consumption from
the grid after electrification, while the orange bars indicate the consumption
before electrification in different tariff periods. Due to the charging and
discharging strategy, 5314 kWh of electricity is imported from the grid to
the home during the low tariff period, to obtain energy at the cheapest
price. For the medium tariff periods, 873 kWh of electricity is utilized,
which is mainly to supply energy for direct use during the day. Only 56
kWh electricity is used during the high tariff period. For all of the year,
the exported energy to the grid is 140 kWh. For the traditional scheme,
when the heat demand and vehicle are not supplied by electricity but by
fossil fuels, there is a huge decrease in electricity consumption. During the
low tariff periods, 676 kWh of electricity is consumed. When the solar
radiation achieves the highest and producing much energy to the system,
only 465 kWh of electricity is imported for energy balance, while 289 kWh
of electricity exports for all of the year. The electricity consumption is 1.4

kWh for high tariff periods.
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Figure 7.3.2: Energy bar of two schemes with different periods and usage

Due to the home battery, some energy is imported from grid in both
schemes. For the exported energy, which basically excess solar genera-
tion 149 kWh more electricity is exported for the traditional scheme, com-
pared to the “all electric” scheme. This difference is due to the existence
of the new heating demand and EV charging during the PV generation.
During this PV generation time, the inhabitants are not always at home.
When they have left home, room heating is not required and the EV is
not connected to the home system, hence there is only a little increase in
the utilization of PV generation energy. Compared to the high tariff and

export, energy figures which are close to each other. There is a huge dif-
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ference in the electricity consumption during the low and medium periods,
but the consumption of the “all electric” scheme is about 8 times the tra-
ditional scheme. This is led by the extra energy demand of the thermal
heating and vehicles. As shown in Figure 7.3.2b, a total of 3088 kWh of
energy would be consumed when using gas boilers and traditional stoves
to provide heat energy in this case. When electrical heater and induction
hobs are used, only 2239 kWh of electricity is required in replacement of
gas, saving about half of the value of the energy. In the view of the vehi-
cles, when the petrol car is used for driving demand, 5262 kWh of petrol
is used considering the engine efficiency. When the electric vehicle is used,
the energy consumption decreased to 2270 kWh. The energy consumption
for heat and trip demand after electrification is only 74% and 43% of those
using traditional energy. The change of fuel energy to electricity energy led
to the increasing demand in system load, and thus dramatically increases
the imported electricity from the grid. It is worth emphasizing, that the
annual energy total for the EV is the energy for driving, being a part of the
energy that flows through EV battery, as the rest energy is charged and
discharged due to V2H.

Based on the detailed energy profiles for the one-year simulation, the energy
consumption of the whole system can be classified by different types of
energy. The stacked consumption charts of different home schemes are

shown in Figure 7.3.3.

The first stacked bars of Figure 7.3.3 indicate the energy consumption in
the system which using traditional energy. The green, blue and dark green
bars represent the electricity consumption in low, medium and high tariff
periods separately, nothing that the black bar is the exported energy dur-
ing all the days. For heating demand, three types of heating demand are

supplied by gas. The red one is for cooking, and the orange bar shows the

233



7.3. ENERGY ANALYSIS OF THE TRADITIONAL AND THE “ALL
ELECTRIC” SCHEMES

System energy consumption (unit:kWh)

10000
8000
6000 I
4000
2000
0
Consumption with traditional energy Consumption with electrification
-2000
W Cooking(gas) mHWU(gas) Room(gas) Low_tar
B Mid_tar B High_tar B Export H Vehicle (petrol)

Figure 7.3.3: Detailed energy diagram of the composition of system energy

gas consumption for providing hot water, while room heating consumption
is the yellow bar. Additionally, the brown bar shows the energy consump-
tion when using petrol for inhabitants’ driving. In the other stacked bar,
traditional fossil fuels are abandoned, and electrical appliances are used to
replace heating and trip demand. Hence, only electricity consumption in

different periods is shown in this bar.

When using fuel energy in traditional scheme, 9144 kWh of energy con-
sumed to satisfy the need of household appliances, heat as well as vehicle
driving. It is a huge amount while the heat demand is above half of it.
Compared with small household appliances, heating in winter requires a
lot of heat energy. The consumption of a petrol vehicle is about 57%,
which plays another important role. These two sections are not only the
significant uses of energy, but also occupy a huge proportion of the home
bills. After the electrification of the appliances, the total energy consump-
tion for one-year decreases to 6103 kWh, dropping by 33%. The electricity

consumed on heating is 33% of the total electricity consumption, while
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that of EV is 37% of the total. Compared to the traditional scheme, the

proportion decreases a lot, as the use of electrical energy is more effective.

7.3.3 Analysis of the Battery Charging and Discharg-

ing

In this system, in addition to provide energy for driving, the battery of
the vehicle also discharges to supply the demand in peak hours. Based
on the simulation results, the total energy demand and consumption can
be calculated from the power matrix, such as charging, discharging and
home load. The key values, which were not shown in the previous results,
are shown in Table 7.3.1, to indicate the quantitative relationship between

different parts of the direct energy supply to this house of case study.

Table 7.3.1: Calculated energy results of two schemes

Scheme/ Unit EV battery Home battery PV  Load Grid
All electric (kWh) 689 (17.5%) 624 (15.8%) 1100 3958 6243
Traditional (kWh) 619 (39.1%) 1100 1584 1142

Based on calculated results in Table 7.3.1, the battery discharge energy
of the EV for the “all electric” scheme is 2989 kWh, which includes the
energy for driving and for aiding the system load. Considering the energy
for driving is 2270 kWh, as a result, the energy that is discharged by the EV
battery for the home load is 691 kWh. The discharged value of the home
battery is 624 kWh. The total electrical load, integrating electrical, heating
and EV is 3958 kWh. Hence, the energy supplied by the EV and the home
battery is 17.5% and 15.8% of the total load demand. For reference, the
PV generation for the year is 1100 kWh and energy imported from the
grid is 6243 kWh. These two values cannot directly take into calculations,

as the excess PV generation does not supply load but is exported to the

235



7.3. ENERGY ANALYSIS OF THE TRADITIONAL AND THE “ALL
ELECTRIC” SCHEMES

grid. The value of the grid is influenced by different components of the
system of energy balance in real time. When it comes to the traditional
scheme, the vehicles and heat demand are not included in the electrical
load, hence the load is only 1546 kWh for the year. In this scheme, the
energy discharged from the home battery is 619 kWh, 39.1% of total load.
The energy imported from the grid is only 894 kWh, as much of the demand
is supplied by PV generation. In both schemes, the home battery provides
about 620 kWh of energy. The battery, which is a common household
battery on the market designed for modern demand, has been fully used
even in the traditional scheme. Therefore, in the “all electric” scheme, the
discharged energy of the home battery did not increase too much. Even if
the capacity of the EV battery is much larger than the one for the home,
but the energy provided by the EV battery is at the same level as the
home battery. For the whole year, 2270 kWh of energy discharged by
the EV battery is for driving, which is in the first priority. As the PV
generation does not change after electrification, the increasing load demand
is mainly satisfied by the grid, leading the energy value imported from the

grid increasing dramatically.

7.3.4 Conclusion of the Energy Analysis

In summary, this section investigates the energy difference between tradi-
tional and "all electric” schemes, especially when integrating battery sys-
tems and navigating through different tariff periods. The key results are

listed below:

e The introduction of a battery system (specifically, Tesla Powerwall

2) altered energy consumption across various tariff periods.
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e The battery system facilitated the strategic import and storage of
electricity during low tariff periods, for use during high tariff intervals,

enhancing cost-efficiency and local energy consumption.

e The adoption of the “all electric” scheme significantly escalated elec-

tricity consumption across low and medium tariff periods, specifically.

e Conversion of electrical heating and EV use resulted in efficient energy
use, evidenced by a dramatically reduction in energy consumption
for heating and transportation respectively, relative to the scheme

simulates on traditional energy sources.

e The EV battery discharged a cumulative 2707 kWh, with 2016 kWh

allocated for driving and 691 kWh supporting a home energy load.

e The home battery discharged approximately 620 kWh, providing
39.1% and 15.8% of the total load in the traditional and “all elec-

tric” schemes, respectively.

e The electrification process notably heightened grid demand, with the

additional load primarily satisfied through grid imports.

Overall, according to the analysis in this section, some detailed exploration

of results can be summarized as follow:

e The integration and strategic management of battery systems are
pivotal in modulating electricity demand across varying tariff periods,

thus enhancing economic and energy efficiency.

e Electrification, despite increasing electricity demand in “all electric”
schemes, substantively enhances energy efficiency by reducing overall

energy usage when efficiently applied.
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e The functionality of battery discharge, from both home batteries and
EVs, provides a substantial contribution to meeting total load de-
mand, while also influencing grid interaction and real-time energy

balance.

7.4 Comparative Economic Analysis of the

Traditional and the “all electric” Schemes

7.4.1 Analysis of Economic Benefits

In the simulation of combined model for one year, the energy consumption
in different types is listed and calculated. For electricity, the influence
of tariff periods is considered, and the real time results in different tariff
periods are calculated in previous sections. The 24 hours in each day are
classified into four parts, as three types of tariff periods. The tariff periods
are shown in Table 7.4.1 [197].

Table 7.4.1: Electricity tariff of Time-of-Use (TOU)

Electricity rates (prices per kWh inc. VAT) Time Period Rate

Low tide Midnight - 7am 7.5p

Tide Tam - 4pm 17.54p
High tide 4pm - 8pm 32.55p
Tide 8pm - midnight 17.54p

In time of use tariff, consumers are encouraged to use electricity in low tarift
periods, to get better economic benefit. For most people, most electricity
consumption takes place in the high tariff period, when people are at home.
This difference is where battery storage can supply energy during demand

peak and home energy management system makes sense.
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The lowest tariff period is from 0 to 7 am, when 1 kWh of electricity from
the grid costs 7.5 p. From 7 am to 4 pm, as well as 8 pm to midnight, are the
periods for medium tariff, which price is 17.54p. The rest time, from 4pm
to 8pm, cost 32.55 p per one kWh of electricity consumption. Additionally,
considering the PV generation, the home system would export energy to
the grid, and feed-in tariff is 7.5p. In spite of electricity consumption,
the home system would also consume gas for heating, including providing
heat for the room, maintaining hot water supply and cooking food. Due
to various market reasons which causing volatility in fossil fuel prices, the
price of gas has achieved 7.37 p. The average price of petrol for driving

household vehicles is 1.482 pounds per litre.

In addition to the price of electricity and fuels used in a domestic environ-
ment, the electrification of households also leads to the change of equip-
ment, as well as the price of these appliances. Before electrification, the
boiler to supply hot water, the cooker, and the traditional heater all used
gas to supply energy, which is burnt to provide heat for a home system.
At the same time, the traditional vehicles which used by the inhabitants
are commonly diesel cars or petrol cars. On the other hand, after electri-
fication, the gas boiler is replaced by the electric water heater, while the
induction hob is instead of the gas cooker. The room heating is also used
electricity instead of community gas supply in the modern households. For
vehicles, the penetration rate of electric vehicles in the domestic environ-

ment is increasing owing to technique improvement and incentive policy.

The investment on household equipment and related accessories are var-
ious. For the gas boiler, the investment fee is about 2500 pounds, while
5250 pounds should be paid for the gas room heater [306]. And the cost
of the cooker is about 200 pounds [307]. In additional to consume gas,

the cost of petrol car can be estimated as 26800 pounds [308]. After elec-
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trification of households, all the mentioned equipment would be replaced
by those consuming electricity. The electric water heater requires 4300
pounds [276], while electric room heater costs 4090 pounds [1]. The invest-
ment of replacing cooker costs 400 pounds [309]. Nowadays, the investment
of electric car, which has similar performance to the mentioned petrol one,
costs 29700 pounds [308]. Since both schemes utilize the same solar power
system, the solar system does not impact the economic comparison. Addi-
tionally, it is assumed that there are no maintenance costs. Additionally,
the investment and operation cost of the whole system could be calculated

as Equation 7.4.1:

years

Total cost = Costinyestment + Z Cost gperation X (1 +71%)" (7.4.1)
i=1
The parameter r represents the inflation rate. The NPV, is the value of
cash flow over different periods, which depends on the time interval and
discount rate — the assumed equivalent value of interest obtained if an
equivalent financial investment had been made. It can be calculated as
Equation 7.4.2.

Yr

Cashy,
NPV = Z 1+ZYY7" Cashy (7.4.2)

Where C'ashy, Is the net cash inflow during the period Yr. The cash flow
can be calculated as the savings due to applying other appliances compared
to gas boiler. Yr is the number of time periods which unit is year. C'ashg
Is the initial cost. In this section, it is the combination of investment of

electric appliances and related auxiliary equipment.

Considering the difference between investment and annual tariffs, the NPV

graph is shown in Figure 7.4.1.

240



7.4. COMPARATIVE ECONOMIC ANALYSIS OF THE
TRADITIONAL AND THE “ALL ELECTRIC” SCHEMES

NPV with only tariff
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Figure 7.4.1: NPV graph with only electricity tariff (unit: £)

In Figure 7.4.1, the cost savings in the first year are about 240.23 pounds,
with a flow rate of 2% and depreciation rate of 1%. In the view of in-
vestment, the investment on the “all electric” system costs 3740 pounds
more than the one using a gas supply. If depreciation rate and inflation
are not considered, the investment requires 15.6 years to get the benefit
back. According to the NPV graph, this investment could not be got back
for several years, until the 19*" year, when NPV equals to 101.9 pounds.
For the whole system, the payback period is 19 years, and the total savings
in 20 years is 266.8 pounds. Moreover, for both systems, the update and

replacement of appliances are assumed close in frequency.

To investigation of the potential of the home electrical system should not
only focus on direct economic benefit, should also pay attention to the hid-
den value that can be transformed into benefits. For instance, the environ-
mental effect of various energy resources is different, as many governments
and scholars are focusing on carbon emissions and related market policies.
Some places impose additional taxes on heavy pollution or adjust prices to

affect the proportion of energy use. According to the UK official statistics,
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the equivalent carbon dioxide emissions of the mentioned sources in this

chapter are listed in Table 7.4.2.

Table 7.4.2: Global warming potential of different energy sources

Type Gas (kg/kWh) Petrol (kg/L) Electricity (kg/kWh)
CO2e 0.183 2.31 0.193

In Table 7.4.2, the values of COZ2e are for the energy consumption for resi-
dent use, where gas is 0.183 kg CO2e/kWh and that of electricity is 0.193
kg CO2e/kWh. This difference is due to that gas has a good performance
among traditional fossil fuels when it is fully burnt. Additionally, the elec-
tricity in grid comes from various sources, including fossil fuels, renewable
energy or nuclear. Complex sources and processes lead to this higher CO2e
value. However, in a home system, to achieve the same effect, the amount
of gas consumption would be much bigger than using electricity. Hence,
considering both the unit emission and energy consumption value, the way
of consuming electricity would save many emissions than using gas and
petrol. The annual emission before electrification is 2282.1 kg CO2e, and
the one after electrification is 1641.4 kWh. The annual emission saving is
640.7 kg CO2e. In 2023 the carbon trade price in the UK market is 78
pounds/T.

Taking carbon emissions and the cost of carbon trading into account, the
net present value of home energy systems in 20 years is shown in Fig-

ure 7.4.2.

In Figure 7.4.2, the initial cost savings are about 290.22 pounds in the
first, which contains the cost of 49.98 pounds for carbon emissions. In the
view of investment, the investment on the “all electric” system also costs
3740 pounds more than the one using gas supply. The investment requires

11.8 years to get benefit back, when the discount rate is not considered.
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Figure 7.4.2: NPV graph with carbon savings benefit

According to the NPV graph, this investment could get back in 15 years,
when NPV equals to 63.62 pounds. For the whole system, the payback
period is 15 years, and the total savings in 20 years is 1100.34 pounds.
Owing to the consideration of carbon emissions, the investment could get

back a in a shorter period, comparing to only calculating economic benefits.

7.4.2 Sensitivity Analysis

A sensitivity analysis of a home energy system can be conducted by analysing
the impact of changes in different economic parameters on the system's
performance. Specifically, the considered factors include energy storage

system, energy price and equipment costs.

The energy storage system is an essential component of a home energy
system that allows excess energy generated by solar panels to be stored and
used later when the sun is not shining [310]. The performance of the energy
storage system can be evaluated based on its capacity, efficiency, and other

characteristics. A larger capacity storage system will allow for more energy
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to be stored, while a more efficient system will result in less energy loss
during the charging and discharging process. A sensitivity analysis of the
energy storage system can help identify the optimal size and specifications

that can maximize the system's performance and economic benefits.

Energy prices, including electricity and fuel prices, can have a significant
impact on the economic benefits of a home energy system [311]. For ex-
ample, when electricity prices are high, the economic benefits of a home
energy system that generates and stores its own electricity become more
significant. Similarly, when fuel prices are high, a home energy system that
uses renewable energy sources can offer cost savings compared to traditional
fossil fuel-based energy sources. Sensitivity analysis of energy prices can
help determine the level of price changes required for a home energy system

to become economically viable and identify opportunities for cost savings.

The cost of equipment, including solar panels, energy storage systems, and
other components, is a major factor that affects the economic feasibility
of a home energy system [312]. The initial investment cost for a home
energy system can be substantial, but over time, the system can generate
significant cost savings. Sensitivity analysis of the equipment costs can help
identify the optimal balance between initial investment cost and long-term
cost savings to maximize the system's economic benefits. This analysis can
help determine the most cost-effective equipment specifications and identify
opportunities for cost reduction through technological advancements and

economies of scale.

A sensitivity analysis of a home energy system can be conducted using vari-
ous methods, such as single-factor analysis or multi-factor analysis. Single-
factor analysis involves varying one parameter at a time while keeping the

others constant, while multi-factor analysis involves varying multiple pa-
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rameters simultaneously. By analysing the impact of different parameters,
it is possible to optimize the design and operation of a home energy system

and maximize its economic benefits.

Internal rate of return (IRR) is an indicator that measures the potential
rate of return of an investment project and is commonly used to evaluate
the economic benefits of an investment project [313]. IRR reflects the
relationship between cash flow generated by the investment project and
the investment cost and is also considered as the discount rate that makes

the net present value zero.

In a sensitivity analysis, different investment schemes can be compared
with their IRR values to evaluate their sensitivity to changes in input pa-
rameters. Typically, the higher the IRR value, the quicker the investment
returns and the better the economic benefits of the investment project.
Therefore, by conducting sensitivity analysis on IRR values, it is possible
to determine which factors most affect the economic benefits of the invest-

ment project, and which factors have the greatest impact on IRR values.

It is important to note that IRR is a relative indicator and is only mean-
ingful when comparing IRR values of similar projects. When conducting
a sensitivity analysis, the investment schemes being compared should be
kept consistent to ensure comparability of IRR values. In addition, the
IRR has some limitations, such as ignoring the scale effect and time value
of money on a project, so other economic indicators such as NPV and pay-
back period should also be considered in order to comprehensively evaluate

the economic benefits of the investment project.
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7.4.2.1 Energy Storage

Energy storage devices, including batteries, play a crucial role in a home
energy system. They enable excess energy generated by solar panels or
other renewable sources to be stored and used later when energy demand
exceeds supply. When selecting a battery for a home energy system, two
important factors that need to be considered are its capacity and power

rating.

Capacity refers to the amount of energy that can be stored in the battery.
The battery's capacity determines how long it can provide power to the
home during a power outage or when the primary energy source is un-
available. A higher-capacity battery can store more energy, and therefore,
provide longer backup power. Capacity is usually measured in kilowatt-
hours (kWh), and the ideal capacity depends on the energy needs of the
household.

Power rating, on the other hand, refers to the maximum rate at which
energy can be charged or discharged from the battery. This is usually mea-
sured in kilowatts (kW) and is an important consideration when selecting
a battery for a home energy system. The power rating of the battery
determines the maximum amount of power that can be delivered at any
given time. A higher power rating means that the battery can deliver more
power at a faster rate, which is essential when the energy demand suddenly

increases.

In summary, both capacity and power rating are crucial considerations
when selecting a battery for a home energy system. A battery with a high
capacity can store more energy and provide longer backup power, while a

battery with a high-power rating can deliver more power at a faster rate,
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which is essential for meeting sudden increases in energy demand.

Based on the unit of energy storage, an IRR mesh can be obtained based on
simulation, where battery capacity and power rating limitation are changed

in a reasonable range.
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Figure 7.4.3: IRR results based on battery capacity and power rating lim-
itation

In Figure 7.4.3, the X-axis is battery capacity, which unit is kWh, reflecting
the size of home battery storage for energy management. The Y-axis is
power limitation, which unit is kW, means the limitation of power rating
of electricity transfer appliances of energy storage. The remaining axis is Z-
axis of IRR, which indicates the general economic performance of the chosen
system size. The colour of mesh can reflect the IRR value. Generally, when
the battery capacity and power rating is extremely small, the system has
an IRR around 30%, showing with orange. When both battery capacity
and power rating increase, the global peak of the mesh takes place at the
battery capacity of 5 kWh and power rating of 1.1 kW, being 33.48%. In
this mesh graph, the points in yellow are those results closed to the peak

point. After the peak point, when the battery capacity or power rating
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keeps increasing, the corresponding result would decrease instead. The
points in green have a less IRR than the orange ones, followed by blue
ones. In this mesh graph, when the battery capacity and power rating
is extremely high, the IRR drops to 11.72% instead. When the battery
capacity is fixed as 5kWh, the minimum IRR result is 23.04% when the
power rating limitation achieves its upper boundary in the simulation. On
the other hand, if the power rating is fixed as 1.1 kW, the IRR result is only
14% as the power capacity achieves 25 kWh. The IRR results drop with
increasing battery capacity are being more dramatic than the drop with
power rating. In fact, when the battery capacity increased, the savings on
tariff also grow. Due to the marginal effect, however, the growths in savings

can not afford the increase of investment, lead to the low IRR results.

7.4.2.2 Investment Cost & Tariff

Conducting sensitivity analysis on both investment costs and energy prices
simultaneously is important because both factors can have a significant

impact on the economic benefits of a home energy system.

Investment costs represent the initial upfront costs of installing a home
energy system, such as purchasing equipment and installation fees. These
costs are typically substantial and can significantly impact the overall cost-
effectiveness of the system. By analysing the sensitivity of the system's
economic performance to investment costs, homeowners can identify ways
to optimize the cost-benefit trade-off and determine the most cost-effective

financing options, such as leasing or purchasing the equipment.

Energy prices, on the other hand, represent the ongoing costs of operat-
ing a home energy system, such as the cost of electricity, natural gas, or

other fuels used to power the system. These costs can vary significantly
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over time, and sensitivity analysis can help homeowners understand the
potential impact of different energy price scenarios on the performance and
economic benefits of the system. For example, a sudden increase in en-
ergy prices could significantly impact the payback period of the system,

reducing its overall cost-effectiveness.

By considering investment costs and energy prices simultaneously in sensi-
tivity analysis, homeowners can evaluate the overall financial feasibility of
a home energy system and identify strategies for optimizing the system's
performance and economic benefits. This can help ensure that the sys-
tem provides a satisfactory return on investment and helps reduce overall

energy costs over the long term.

To analyse the influence of investment and tariff cost in the system, a
sensitivity analysis based on change of investment and annual cost would

be calculated. The corresponding results are shown in Figure 7.4.4.
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Figure 7.4.4: IRR results based on a ratio of annual cost and investment

In Figure 7.4.4, the X-axis is the ratio between initial investment and the

changed investment for simulation, while the Y-axis is the difference be-
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tween changed and initial annual savings, The initial annual savings are
based on the difference between tariff cost before and after the “all elec-
tric” scheme. Along with the increase of ratio of investment, the IRR would
be decreased due to high cost. The savings on annual cost, however, can
save money and lead to higher IRR result if the ratio of savings is increased.
The highest IRR takes place when the ratio of investment is 50% and the
ratio of annual cost is 200% in this simulation. The corresponding IRR is
78%, comply with the principle of calculation and the macro trend in the

graph.

According to the energy calculation results in previous chapters, before
electrification, the traditional scheme contains large gas consumption and
small electricity demand, the annual cost is mainly dominant by fossil fuel
consumption. After electrification, all the energy demand is satisfied by
electricity from energy storage, PV generation and the national grid. The
annual cost, hence, is decided by change of electricity tariff. And the
change of fossil fuel price is not always the same as electricity tariff price.

Therefore, their impact ought to be considered separately.
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Figure 7.4.5: IRR results based on ratio of electricity tariff price and in-
vestment
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In Figure 7.4.5, The X-axis is the ratio between initial investment and
the changed investment for simulation, while the Y-axis is the difference
between changed and initial electricity tariff. The initial electricity tariff is
based on the difference between tariff cost before and after the “all electric”
scheme. Along with the increase of ratio of investment, the IRR would
be decreased due to high cost. The change of ratio of electricity tariff,
however, has the similar trend. When the electricity tariff increases, the
IRR decreases instead. The highest IRR takes place when the ratio of
investment is 50% and the ratio of annual cost is 50% in this simulation.
The corresponding IRR is 53%. The highest point in this graph is different
from the previous one, this is due to the electricity tariff is one part of the
annual cost. The electricity demand after electrification is higher than that
before electrification, hence the increase of electricity money would reduce

the annual savings.

In the first mesh graph which reflects the impact of annual cost and invest-
ment, the ratio of annual cost has more influence that led to IRR change.
On the contrary, in the second mesh graph which reflects the impact of
electricity tariff and investment, the ratio of investment has more influence
that led to IRR change. This is due to the complex composition of annual
savings, which contains electricity tariff in different periods, as well as price
of different types of fossil fuels. A detailed analysis of energy prices is the

next step in order to dig deeper into the economic impact.

7.4.2.3 Enmergy Price

Energy prices, such as electricity prices and natural gas prices, are impor-
tant factors that can affect the economic benefits of a home energy system.

The sensitivity analysis of a home energy system should consider variations
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in energy prices to determine how changes in these prices can impact the

system's performance and economic benefits.

Electricity prices are an essential factor when evaluating the economic ben-
efits of a home energy system. The sensitivity analysis of electricity prices
involves varying the electricity rates over a range of values and evaluating
the impact of these changes on the system's performance and economic
benefits. Higher electricity rates generally result in more significant eco-
nomic benefits of the system since the electricity generated by the renewable

energy source becomes more valuable.

Natural gas is a primary energy source for heating and cooking in many
homes and is not solely used as a backup energy source. In a home energy
system, natural gas can be used as a primary fuel source in addition to
renewable energy sources such as solar panels or wind turbines. In recent
years, there have been instances of natural gas price volatility due to un-
expected events such as extreme weather events, pipeline disruptions, and
supply shortages. These events have resulted in rapid price increases in
some regions, which can have significant impacts on the economic benefits
of a home energy system that uses natural gas as a primary or backup fuel
source. Therefore, it is important to conduct sensitivity analysis on natural
gas prices to understand the potential impact of sudden price increases on

the performance and economic benefits of the home energy system.

Therefore, conducting sensitivity analysis on both electricity and natural
gas prices can help identify the optimal combination of renewable energy
generation and backup energy sources to maximize the economic benefits
of a home energy system. Sensitivity analysis can be conducted by varying
the energy prices over a range of values and evaluating the impact of these

changes on the system's performance and economic benefits. The results
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of the sensitivity analysis can be used to determine the most cost-effective

energy strategy for the home energy system.

When conducting sensitivity analysis based on the changes in electricity
and natural gas prices, the range and proportion of the changes are firstly
required to be determined. For example, it can set the change proportion
of electricity and natural gas prices to 5%, 10%, and 15% respectively, and
then calculate the IRR or other economic indicators for each proportion.
In analysis, the range of the changing ratio of prices changes from 0.1 to
2 (10% to 200%), to calculate the IRR results based on changing tariffs.
As the electricity tariff includes TOU values and export tariff, the ratio is
for general change of tariff prices. In fact, the tariff in different periods
and for sell would not always change at the same range. This ratio only
reflects general changes due to technology or policy. For fossil fuels, in
the home energy system, gas for domestic use and petrol used in vehicles
are included. Geopolitical stability, global market supply and demand,
production costs, technological advancements, taxes and policies are those
factors that influence on both gas and petrol prices. The ratio of fossil fuel

price, hence, reflects the general trend of fossil fuels.

In Figure 7.4.6, the X-axis is a ratio of fossil fuel price, while the Y-axis is
the ratio of electricity tariff price. When the ratio of fossil fuels increases,
the IRR would also increase. On the contrary, when the ratio of electricity
tariff price increases, the total IRR would drop. In this mesh graph, the
colour with orange has the highest IRR, followed by green. When the
colour is closer to the dark blue, the IRR result is smaller. According to
the energy calculation results in previous chapters, before electrification,
the traditional scheme contains large gas consumption and small electricity
demand, the annual cost is mainly dominant by fossil fuel consumption.

After electrification, all the energy demand is satisfied by electricity from

253



7.4. COMPARATIVE ECONOMIC ANALYSIS OF THE
TRADITIONAL AND THE “ALL ELECTRIC” SCHEMES

50%
i
T 0%-

-50% -

200% | .

150% | oy 200%
0, g /7/,/</
100% e —— 00% ’
-
0% 0% 2%

ratio of fossil fuel price
ratio of electricity tariff price

Figure 7.4.6: IRR results based on the ratio of the price of electricity and
fossil fuel

energy storage, PV generation and the national grid. The annual cost,
hence, is decided by change of electricity tariff. These two points determine

the unidirectional change trend of the mesh graph.

In addition to mesh grid, there is a black cross section which indicates
the Z-axis (IRR) equals to zero. When IRR is less than 0, means the
investment would not get enough benefit back, as the points under the
black cross section, indicates the combination of ratios would not get a
good payback. Both ends of the intersection of two planes, are (0.19, 0.11,
0) and (0.86, 2, 0). They can be also defined as (19%, 11%, 0) and (86%,
200%, 0). The fitted tangent of X and Y axis is y= 2.82x -0.42. This is a
watershed for the economic benefit of changing the ratio. When the ratio
of electricity tariff is less than the result based on this formula, the IRR
would be larger than 0, indicating the benefit. Based on this equation, two
key points in the planes are (0.503, 1, 0) and (1, 2.4, 0). They can be also
defined as (50.3%, 100%, 0) and (100%, 240%, 0). In a practical sense,
when the electricity tariff is fixed, even the fossil fuel prices are only 50.3%

of that in nowadays, the system could still get payback in the long-term.
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On the contrary, if the price of fossil fuel is kept, the system can still benefit,
even the electricity tariff is 2.4 times of today. In the long-term, the fossil
fuel prices would be kept high, while the electricity tariff can benefit from
technical improvement and promotion policy. Therefore, the electrification

of system has a great potential in the economic view.

7.4.3 Conclusion of the Economic Analysis

This section provides a multifaceted analysis of the economic aspects be-
tween traditional and "all electric” residential schemes, emphasizing the

potential and challenges posed by electrical and energy management.

e Battery Deployment: The implementation of battery systems, espe-
cially in variable tariff contexts (e.g., Tesla Powerwall 2), has proven
crucial for modulating electricity demand and improving cost-effectiveness

across diverse tariff periods.

e Investment and Operational Costs: The economic analysis delineated
the nuanced interplay between initial investment and operational
costs, highlighted through detailed NPV and IRR analyses. It's im-
perative to note that the investment recovery and economic feasibility

are significantly influenced by these financial metrics.

e Parameter Sensitivity: The outcomes from the sensitivity analysis
underline that the system’s economic performance is particularly sus-
ceptible to fluctuations in energy storage characteristics and energy
prices. This insight is vital for formulating strategies that safeguard

against economic perturbations in the energy market.
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7.5 Life Cycle Assessment of the Traditional

and the “all electric” Schemes

7.5.1 Introduction of LCA Study

The life cycle assessment (LCA) method is widely applied nowadays in or-
der to assist the optimization of eco-friendly options and quantification of
environmental Impact [314]. In addition to the assessment of the environ-
mental impact of energy, the materials, lifespan maintenance and final dis-
posal are all taken into consideration. In order to operate the quantification
of environmental Impact, a definition which is named as “carbon equiva-
lent” is always applied to quantify and analyse the overall global warming
potential impact of different emissions. The influence of various greenhouse
gas emissions for the whole life cycle stages can be quantified and compared
with the carbon equivalent [315]. The unit for this quantification of carbon
equivalent is kg CO2e, as for a given mixture and amount of greenhouse
gas, the amount of CO2 that would have the same global warming poten-
tial (GWP), when measured over a specified timescale [316]. The LCA
methodology consists of four main steps, including definition of the goals
and scopes of the assessment study, collection of the sources of parts of the
system in different lifecycle stages, assessment of the environment impacts,
as well as interpretation of LCA results. In the view of the LCA of energy
utilization in the domestic environment, environmental impact of the home
system from raw material acquisition, as well as processing, daily usage and

final disposal would be reviewed.

In addition to the LCA literature which focused on the environmental
impact of whole households in a domestic environment, novel records,

chapters and reports also provided the assessment of single household ap-
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pliances, including ovens, cooking hobs, boiler, dishwasher, cleaner, etc.
[317, 318, 319, 320]. In this study of traditional schemes and the “all elec-
tric” schemes of households, the investigation results of separated appli-
ances could be the parts of general schemes, when one-time emissions and
continuous consumption are calculated separately. On the basis of life stage
classification, appliance types or category is also classified. A bottom-up
structure would be applied to approach to the final results of the system’s
potential impact. This effect not only concerns the environmental impact,

but also economic benefits.

The energy consumption in the home with different schemes is still the
dominant factor that impacts the energy efficiency and eco-friendly perfor-
mance. Half of the environmental impact in a home energy management
system takes place on the use stage, while most of the other half is for
the assembly phase [321]. The energy consumption of communication and
automation devices, however, ought to be decreased so that the home en-
ergy management system can become economically and environmentally
profitable [322]. However, if a proper life cycle cost analysis is performed,

it can be a beneficial and environmentally friendly solution.

7.5.2 Goal and Scope

Since both traditional and the “all electric” schemes are operated under
real-time simulation, the evaluation of the home system must be a dy-
namic assessment. The results of life cycle assessment rely on the assumed
boundaries of the case study, as well as the applied methodology for overall
influence. In this section, the assessment is not focused on one specific
phase of each component. Considering the integration of different compo-

nents and electric appliances, the calculated results of different phases of
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the components which match the unit of the domestic environment can be
utilized. As this section is a comparative study of two schemes which are
used as a replacement, the differences between two components which cater
to the same role and function, is more important than the detailed investi-
gation on one appliance itself. In the domestic environment, however, there
is much comparative study focused on the aimed appliances. In this section,
the integrated components including room heating (gas boiler VS. electric
heater), hot water supply (gas heater VS. electric water heater), cooking
(cooker VS. induction hob), domestic driving vehicles (fuel car VS. EV). In
addition to the materials and manufacture of these components, the energy

generation and distribution of the local area should be considered.

7.5.3 System Boundary

In the domestic environment, the collected components are listed and anal-
ysed in [323], while the phases of the integrated multiple components are
summarized in [324]. Therefore, the life cycle phases and detailed options

for each component in this research can be shown as Figure 7.5.1.

In Figure 7.5.1, this is a ‘cradle to grave’ work which considers the full life
cycle of appliances. It is gathered into three main stages, as production,
use and end of use (end-of-life). The system boundary of the LCA study
should consider the resources used for appliance production, as well as the
energy imported into the domestic system, such as the electricity from the
national grid, and the fossil fuels supplied to this system. On the other
hand, in the view of the output from the system to the outside, the waste
after end-of-life should be taken into account, and the emissions also play

a role.
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Figure 7.5.1: Phase graph of life cycle assessment of integrated energy
system

For the production stage, the raw materials are the first-line thing to be
considered, followed by the manufacture and transportation steps. These
are all one-time calculations, as the returns and repairs are calculated else-
where. The most important stage is the use phase in the LCA study.
For the appliances in the domestic environment, not only the direct use
is considered at this stage, but also the regular maintenance, as well as
the possible repair is calculated at this stage in many investigations. As
a meeting point of the general life cycle study and specific simulation in
this research, the energy that's used by each component is the top prior-
ity. For instance, the electricity consumption of different electric appliances
can be obtained from simulation, which is more specific and suitable for
simulated situations, compared to the general energy consumption in the
referred LCA studies. Similarly, the amount of gas consumption of a gas
boiler is also obtained from the simulation, as well as the petrol and trip
distance in the sub simulation of vehicles. Additionally, the energy source
supplied for electricity generation changed by every year and different ar-

eas, while the global warming potential for electricity and fossil fuels would
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be updated every year based on raw material changes and technological
progress. Therefore, in the integral LCA study in this section, other one-
time calculation stages are more reliant on referenced data, while the data
on the use stage which repeatedly counts for each year, is replaced by the
results which are based on the simulation in this project. The remaining
last stage is the end of life, where disposal, recycle and waste process make

sense. This stage is also calculated once.

7.5.4 Data Acquisition

A life cycle assessment and life cost calculation based on building informa-
tion modelling are presented in [325]. In the LCA results of the general
assessment, the retrofit stage and use stage is a detailed analysed, includ-
ing material, transport, use, maintenance, repair, replacement and optional
energy use. At the same time, the end-of-life results of boilers can be ob-
tained from another investigation in [326], and a correction needs to be

made according to the size. The results are summarized in Table 7.5.1

Table 7.5.1: LCA results of boilers of different phases (unit: kg COqe)

Gas Boiler Electric Boiler

Production Material & Transport 552 549
Maintenance 591 591
Repair 148 148
Replacement 1055 1647
End of Life -19.1 5.3

In the view of cooking appliances, the traditional gas hob has a huge dif-
ference with the induction one. Hence, a comparative assessment ought
to be applied. And the key focus of this section is on the climate change
part. An analysis of life cycle phases of different hobs is presented in [317].

There are two scenarios in that research, being 3 times cooking per week
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and 5 times cooking per week. In the cooking model in this project, a
cooking behaviour model which is more in line with family data records
and usage habits surveys is set up. Therefore, based on the analysis with
fixed cooking times, the energy consumption due to cooking behaviour can
be replaced by the unfixed cooking times from model simulation. And the
key value of two scenarios with different hobs is shown in Table 7.5.2

Table 7.5.2: LCA results of hobs of different phases (unit: kg COse)

Gas Hob Induction Hob

Production 60.6 95.9
Use (3 times per week) 592 894
Use (5 times per week) 986 1490
End of Life 0.109 1.33

In Table 7.5.2, three main stages are all listed, where the one-time produc-
tion and end of life stages are same for different scenarios. And for two
scenarios, the GHG emissions in the use stage have a huge difference. On
use stage, the emissions of gas hob of scenario one is 60.04% of that of
scenario two, while that of induction hob of scenario one is 60% of scenario
two. This 60% is directly the ratio between the times (3/5). Therefore,
compared to direct energy consumption, other factors in the use stage of
cooking appliances accounts for only a negligibly small proportion. Using
a simulated cooking energy consumption pattern takes the place of the

corresponding data obtained in the literature.

For the life cycle assessment of vehicles, compared to fixed results of specific
appliances, the related investigations more tend to acquire the results with
the unit of g CO2e/km. In addition to the duplicate driving section of
use stage, other stages such as manufacturing, and end of use are also
related to the driving distance. Therefore, two values corresponding to
distance should be emphasised. One is the distance for the whole lifespan

of vehicles. The principle of engines in fuel cars and batteries in electric
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vehicles are different, as internal engine always has a better maximum life
trip distance than electric ones. However, 200,000 miles of car longevity
is a reasonable value for both internal engine vehicles and electric vehicles
[327], being 320,000 km. The other distance is the vehicle trip distance
for every year, which is based on the simulation of vehicle model. For
the simulation of one year period, the trip distance of domestic vehicles is
8106 km. And the relating energy consumption by electricity and petrol
would be calculated separately. [328] Compared the LCA results of vehicles
in different areas including China, the US, Germany and Italy, while [329]
focused on the detailed stages of life cycle, as well as the difference between
internal combustion engine vehicles, electric vehicles and hybrid vehicles.
For the production stages, the petrol cars have a global warming potential
of 83 g CO2e/km, while that value for EVs is 101. The unit here means
that the value should be timed by distance and divided by 1000g/kg to
have the same scale with other parts of the assessment. Moreover, for the
end-of-life phase, 0.76 g CO2e/km and 0.22 g CO2e¢/km if for EVs and

engine cars separately.

In spite of the fixed consumption on GHG emissions in both schemes, there
is an annual difference due to the result of the simulation of two schemes.

And this difference leads to the annual savings in GHG emissions.

7.5.5 LCA Results and Economic Benefits

Based on the simulation of two schemes and the calculation of the LCA
study. For traditional scheme, the GHG emissions for those one-time stages
in spite of energy consumption in use stage is 29018 kg CO2e, the GHG
emissions for annual energy consumption is 2282 kg COZ2e. For the “all

electric” scheme, the GHG emissions for those one-time stages is 35600 kg
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GHG emissions savings (unit: kg COZ2e)

8000
6000
4000

2000

0

10 11 12 13 14 15 16 17 18 19 20

-2000

-4000

-6000

-8000

Figure 7.5.2: GHG emissions savings in 20 years by using the “all electric”
scheme instead of the traditional scheme

CO2e, the GHG emissions for annual energy consumption is 1641 kg CO2e.
Therefore, the total difference in the ‘investment’ of one-time emissions of
GHG is 6582 kg CO2e (all electric scheme higher), and the annual saving

in GHG emissions is 640 kg CO2e (all electric scheme lower).

For both schemes, the most dominant factor in one-time stages is the pro-
duction of vehicles, followed by boilers. The production of both internal
engine vehicle and electric vehicle would lead to huge GHG emissions. On
the contrary, when it comes to daily energy consumption, the heating de-
mand is the first-line thing, leading to a large amount of carbon dioxide
emissions every year. This phenomenon is reasonable as vehicles have huge
consumables and numerous processes, while producing heat requires a large

amount of energy in daily life.

Based on the previous results, the relationship between annual saving on
GHG emissions and the emission in other procedures is shown Figure 7.5.2,

where using electricity heater and gas boiler are compared.
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NPV integrating LCA (unit:pounds)
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Figure 7.5.3: NPV in 20 years by using the “all electric” scheme instead of
the traditional scheme considering LCA study

In Figure 7.5.2, there is a straight line instead of the curve, as the value
of GHG emissions is decided when it is produced but not be reduced.
In the 11" year, the GHG savings value is above 0, which means the
emission of GHG due to production, maintenance and end of use can be
compensated in 11 years. This is a positive sign that there is not much
hidden environmental burden for the new system retrofit of the house. In
the 20 years of lifespan of the domestic energy system, the total GHG
saving is 6231 kg CO2e. The general saving in 20 years is about 2 times

(1.94) of the GHG emissions cost of inputs.

Moreover, combined with the economic analysis of comparison of two schemes,
the GHG emissions results can be quantified to the economic level, based
on the principle of carbon trading. The NPV results can be shown in

Figure 7.5.3.

In the Figure 7.5.3, both the investment and annual savings not only con-

tains the economic ones as previous subsections, but also integrated the
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GHG emissions lead by the life cycle of domestic appliances and the related
energy consumption. After combination, the new initial annual saving is
290.2 pounds, as that of the pure economic analysis is 240.2 pounds. The
GHG emissions savings occupy about 17.2% of total annual savings. In the
view of general investment, the new value is 4253.5 pounds, 12% of which

is results from the GHG emissions of the one-time life cycle stages.

The direct payback period is 14.7 years for the system. When inflation
rate and the discount rate are taken into account, the investment from
the traditional one in the “all electric” scheme can get back in the 18
year, and the general NPV in 20 years is 586.9 pounds. Therefore, the “all
electric” scheme of the domestic energy system can also save money, GHG
emissions in addition to energy saving. As technology improves and energy
prices rise, the advantages of electrification become more apparent in all

these aspects.

However, comparing the NPV only based on economic investment and tariff
savings with payback in 19 years, the integration of green environmental de-
mands and the economic benefits of carbon emissions, cannot significantly
improve the payback cycle. This is due to the fact that much new electrical
equipment is not only costly but also does have a significant environmental

impact when manufactured.

7.5.6 Conclusion of the LCA

The Life Cycle Assessment (LCA) of traditional and ”all-electric” house-
hold schemes highlights critical aspects in the management of domestic

energy systems:

e Manufacturing Impact: The production of vehicles and boilers emerges

265



7.5. LIFE CYCLE ASSESSMENT OF THE TRADITIONAL AND THE
“ALL ELECTRIC” SCHEMES

as a significant source of one-time GHG emissions.

e Energy Usage: Notable yearly GHG emissions originate from heating,

indicating a need for adept energy management.

e “All-electric” Scheme: While initially contributing higher GHG emis-
sions, this scheme eventually offers an annual reduction in GHG emis-

sions over a certain period.

e Technological Evolution: Advancements and changes in energy prices

accentuate the merits of electrification in domestic environments.

e Environmental and Economic Intersection: Merging ecological de-
mands and economic gains from carbon emission savings does not

markedly quicken the payback period.

e Longevity Considerations: Over a 20-year framework, net GHG sav-
ings are achievable, recognizing that major emissions occur during

the production and disposal phases of appliances.

In general, strategies aimed at optimizing domestic energy systems should
intertwine technological, economic, and environmental considerations, pro-
pelling further research and adaption of alternative solutions for a sustain-

able future in household energy management.
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7.6 Analysis and Comparison of Different

Domestic Heating System

7.6.1 Introduction

Electric heating studies often compare various systems to understand their
cost and environmental impacts better. Specifically, using new electric
heating methods has shown to save on fuel and environmental costs, mak-
ing a real-world economic difference [1]. The gradual shift towards electri-
fication of household heating systems has triggered a clear shift in energy
use patterns, opening the way for various technological interventions to
sustainably meet heating needs. In particular, previous sections examine
in detail the economic and environmental impacts of “all-electric” options
featuring electric heaters. While electric heaters stand out for their simplic-
ity of installation and operation, exploring alternative technologies within
the same electrification scenario is crucial to fully understand the available
options and their multifaceted implications. This section seeks to delve
into a comparative analysis between two prevalent electric heating meth-
ods utilized in home electrification schemes: the electric heater and the

Ground Source Heat Pump (GSHP).

Research that looks at the whole life of heating systems tries to understand
their energy use and pollution [288]. For instance, gas boiler heating is seen
as a particularly clean method, aligning well with primary energy sources.
However, there are some concern about NO, in urban areas. At the same
time, heat pumps and combined heating and power generation stand out

for their high energy efficiency.

The proposed model provides the ability to compare the energy consump-
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tion of gas boilers, electric heaters, and GSHPs through distinct simulations
based on the operation of a thermal model for the domestic environment.
An “all electric” scheme simulation is employed to analyse the economic
cost and GHG emissions changing from these heating systems in this sec-
tion, and the GSHP is supposed to be used instead of electric heating for
domestic electrification. Key parameters such as investment costs, energy
prices, and the GWP of energy sources are investigated to afford a multi-
faceted understanding of the economic and environmental implications of

employing these heating methods in domestic settings.

7.6.2 Methodology

In this chapter, based on the operation of thermal model for the domestic
environment, the energy consumed based on gas boiler, electrical heater
and GSHP would be simulated individually. Moreover, based on the en-
ergy consumption, the economic cost as well as GHG emissions would be

compared.

The energy balance of domestic heating was proposed in previous sections.
At the same time, there is a comprehensive simulation model for electric
heater with hysteresis control, while the model of GSHP was also proposed.
Based on these methods, the models can simulate for operation for the en-
tire year, obtaining the corresponding energy consumption of different ap-
pliances. Moreover, the energy consumption of gas for room heating can be
also estimated, based on heat demand (Qgemana) 0of domestic environment

and efficiency of gas heating.

ans _ Qdemand (761)

Ngas
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Where 74,5 is the efficiency of gas heating in the domestic environment,
which is about 70%. The result is the energy consumption when the room

is heated based on gas central heating.

Additionally, the investment and operation cost of heating system, as well

as NPV could be calculated as shown in the previous sections.

Understanding the costs associated with various heating methods, as well as
their environmental impacts, is crucial for making informed decisions. The
following table outlines the investment costs of different heating systems,
the prices of electricity and gas, and the Global Warming Potential (GWP)
of these energy sources. In order to analysis the economic benefit and
environmental impact of various heating systems, the corresponding cost

and global warming potential (GWP) are summarized in Table 7.6.1 .

Table 7.6.1: Supplement costs and GWP of different domestic heating
methods

Parameter Value Source
Investment of GSHP (£) 18000  [291]
Total GWP (COqe) 2260 [330]

For instance, as can be seen in the table, the initial investment for a GSHP
is significantly higher than other methods, however, its long-term efficien-
cies and benefits might offset this initial cost. Similarly, while the price
of electricity per kWh is higher than gas, its GWP is also slightly higher,
indicating its greater environmental impact. Global Warming Potential
(GWP) is the amount of heat absorbed by any greenhouse gas in the at-
mosphere and is a multiple of the amount of heat absorbed by the same

mass of carbon dioxide (CO,y). COy has a GWP of 1.

269



7.6. ANALYSIS AND COMPARISON OF DIFFERENT DOMESTIC
HEATING SYSTEM

7.6.3 Comparative Results of Energy System with

Different Heating Appliances

In the simulation, the GSHP demonstrates a remarkable ability to gener-
ate a heat output of 1475 kWh while only consuming 391 kWh of electrical
energy. This translates to a Coefficient of Performance (COP) of approx-
imately 3.77, implying that for every unit of electricity consumed, about
3.77 units of heat are produced. This value is high for a GSHP and may
be influenced by the assumption of an absolutely isolated underground sys-
tem, as well as the dominant heat demand in cold seasons. Such a high
COP not only indicates impressive energy efficiency but also underscores
the potential for significant energy savings and reduced GHG emissions in

the long term.

Examining the energy consumption between an electric heater and a GSHP
under different tariff scenarios provides noteworthy findings. Figure 7.6.1
illustrates an annual simulation of energy consumption across varied tariff

bands along with respective export values.

The electric heater exhibits higher energy consumption across all tariff
bands, which could result in escalated operational costs, particularly during
periods of high tariffs. Conversely, the GSHP, while demonstrating reduced
energy usage, also exports more energy back to the grid, which might be

financially beneficial depending on grid feedback incentives.

From an environmental perspective, the GSHP, which consistently utilizes
less energy across all tariff bands, might be considered the eco-friendlier
option. However, a holistic analysis should also factor in the source of
electricity and operational efficiency of the GSHP under various external

conditions.
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Figure 7.6.1: Annual Energy Consumption (kWh)

While the GSHP seemingly offers advantages in terms of reduced energy
usage, the larger export values from the electric heater introduce a nu-
anced aspect of this comparison. With technological advancements and
an increasing emphasis on renewables within domestic heating, continu-
ous analyses are imperative to navigate the evolving landscape of energy

markets.

The GSHP yields an annual saving of £384.47, while the electric heater
provides a saving of £240.24. This indicates that the GSHP is more eco-
nomical in terms of operational costs on an annual basis. The GSHP,
therefore, provides an additional annual saving of £144.23 over the heater.
The GSHP appears to be the more environmentally friendly option, offering
a GWP saving of 911.18 kgCO2e, as opposed to the 640.71 kgCO2e saved
by the heater. This indicates that the GSHP prevents an additional 270.47
kgCO2e from being emitted into the atmosphere annually, compared to the

heater.
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Figure 7.6.2: The NPV value of using GSHP in “all electric” scheme in
twenty years (unit:£)

Analysing the NPV, considering an inflation rate (r) of 0.02, provides a
detailed perspective on the economic viability of implementing the GSHP

system over a 20-year period. The results are shown in Figure 7.6.2.

In Figure 7.6.2, the significant initial investment required for the GSHP
system is observable through the initial negative NPV of £17,650, indicat-
ing a substantial upfront cost. Over the 20-year period, the NPV moves
towards a less negative value, but does not reach a positive value within
this analysed timeframe, highlighting a slow financial recuperation from the
initial investment. Given the GSHP’s ability to provide year-round water
supply and the underground loop system’s lifespan exceeding 50 years, a

longer-term economic analysis may present varied insights.

Figure 7.6.3 shows the 20-year NPV of the Global Warming Potential for
the GSHP. The graph starts with negative values and moves to positive
ones, indicating a change from initial carbon costs to long-term savings.
The GSHP begins with a high GWP, likely due to the energy and emissions

from making and setting up the system. Each year, the GSHP reduces its
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GHG emissions savings (unit: kg COZ2e)

14000
12000
10000
8000
6000
4000
2000
0
-2000
-4000
-6000

9 10 11 12 13 14 15 16 17 18 19 20

Figure 7.6.3: 20-year Net Present Value (NPV) of the GWP for the GSHP
in “all electric” scheme

GWP, meaning it uses less energy and causes fewer emissions as it runs.
In only 6 years, the GSHP can lower its total GWP. This means that even

though it starts with high emissions, it can make up for this over time.

The general NPV which considers the carbon trade market based on the
LCA is shown in Figure 7.6.4.

Figure 7.6.4 represents the trajectory of the comprehensive NPV for the
GSHP system over a span of 20 years. Negative values represent net costs,
while positive values indicate net savings or gains. The initial investment in
GSHP is represented as an initial negative spike in NPV, which gradually
rises over time due to operational cost and carbon emission savings. The
GSHP demands a substantial initial investment, reflected as an initial neg-
ative value in the NPV. However, lower energy consumption and reduced
carbon emissions during operation manifest as long-term gains. The nega-
tive NPV indicates it cannot be paid back in only 20 years when applying

GSHP in the case of the “all electric” scheme.

The evident economic barrier presented by the GSHP, as indicated by the
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NPV with LCA study (GSHP)
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Figure 7.6.4: The NPV value of using GSHP in “all electric” scheme in
twenty years with LCA study (unit: £)

NPV, presents its limitation about its accessibility and immediate applica-
bility to all domestic environments. While the GSHP leads in annual GWP
savings, the initial carbon cost (emerging from its manufacturing and in-
stallation) decreases its immediate environmental efficacy. The electric
heater, presumably with a lower initial carbon cost, offers a more imme-
diate, although smaller, positive impact. Even though the GSHP has a
remarkable COP of 3.77, its implications, particularly concerning its in-
stallation, maintenance, and long-term economic return, remain discussion
points. On the contrary, the electric heater, despite its lower operational
efficiency, presents fewer technological and logistical barriers to implemen-

tation and maintenance.

7.6.4 Conclusion

The comparison between the GSHP and the electric heater shows a chal-
lenging decision-making situation, where both short-term and long-term

economic and environmental factors need to be considered.
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The GSHP, with its strong energy and GWP savings, stands out as a
promising option for future home heating, aligning well with worldwide
sustainability goals. However, the large initial cost and the long time
needed to see its economic and environmental benefits require a careful

and context-dependent adoption approach.

On the other hand, the electric heater comes forward as a practical and
immediately helpful choice, both in terms of economics and the environ-
ment, even though its impacts are not as strong as the GSHP. Its clear and
easy-to-see the benefits, both in cost savings and GWP reductions, high-
light it as a reasonable and responsible option, especially where immediate

economic factors are key.

In conclusion, it is clear that while the GSHP holds a lot of potential for
future home heating solutions, the electric heater provides a practical and
useful alternative right now, offering noticeable economic and environmen-
tal benefits without needing a big initial investment. Also, the assertion of

economic benefits is critically dependent on electricity costs.

Looking ahead, a balanced approach that recognizes the immediate effec-
tiveness of electric heaters while also strategically adding GSHPs—possibly
through policy changes, subsidies, and new financing methods—could cre-
ate a path towards sustainable, economically sound, and environmentally
friendly home heating. This method ensures the quick realization of eco-
nomic and environmental benefits while gradually making use of the broad

potential of GSHPs in future home energy situations.
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7.7 Applying Community Strategies Based
on the Proposed Home Energy Manage-

ment Models

7.7.1 Introduction

In the modern era, energy management at a community level has evolved to
become an intricate system, leveraging advanced technologies and strate-
gies to optimize energy use, reduce costs, and minimize environmental
impacts. The method addressed in this section offers a comprehensive
approach to applying community management strategies grounded in inte-
grated home energy models, focusing particularly on the incorporation of

battery storage and Photovoltaic (PV) system features.

Beginning with a simulation setup and a system model rooted in preced-
ing research, this methodological framework employs an integrated home
energy model that cohesively amalgamates features of battery storage and
PV systems. The model enables a thorough assessment of the household
energy needs and output, considering real-world specifications and perfor-
mance predictions across varied conditions. This approach enables a nu-
anced consideration of household features and a strategic integration of a
household energy management algorithm, which systematically optimizes
energy usage while factoring in grid electricity prices and the technical

constraints of devices.

The foundation of the approach is to ensure that every household energy
needs are addressed. Each household, using its specific energy strategy,
evaluates its energy demands, considering storage capabilities and potential

renewable energy outputs. This framework then leads to the next phase:
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energy sharing at the community level. Energy transactions, central to
this strategy, rely on a set of complex decisions. These decisions are based
not only on the current energy situation but also on future projections.
Moving beyond a static approach, the community energy sharing method
is dynamic and operates in defined time intervals. At each time interval,
an energy management simulation runs for every household. After this
analysis, once a household's energy balance is clear, the process moves to
the next phase. This involves coordinating energy pairing and transactions,

leading to inter-household energy exchanges.

The intricate economic models in place—including the Time of Use (TOU)
model for electricity pricing and detailed economic analyses considering
net present value (NPV) —provide a robust framework for ensuring the
financial viability and profitability of the implemented energy manage-
ment strategies. The practical applicability of the strategy is demonstrated
through a detailed case study, focusing on UK-based residential houses,
which are adeptly equipped with PV generation systems and a battery
energy storage system. This case study navigates through various elec-
tricity tariff schemes, including the Time of Use (TOU) and fixed feed-in
tariff schemes, providing a pragmatic view of the strategy’s operation in a

real-world context.

Through a detailed four-step approach, the method navigates through
community-wide PV and battery sizing, distributing savings and NPV
among households, individual household sizing, and a comparative anal-
ysis of distributed and individual sizing strategies. Each step is designed
to ensure that both the community and individual households are accorded
optimal PV and battery system sizes, ensuring a balanced and equitable

distribution of energy and economic benefits across the board.
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7.7.2 Method of Applying Community Management

Strategies Based on Home Energy Models

7.7.2.1 Simulation Setup and System Model

An integrated home energy model from prior research serves as the foun-
dation for this investigation. This model combines battery storage and PV
system features, providing a framework to assess household energy needs

and output.

Both the battery and photovoltaic systems are simulated based on real-
world specifications. Performance predictions use device parameters and
typical usage patterns across varied conditions. Various household features,
such as the number of residents and living space, are considered. These
parameters are essential for estimating PV output and load demands, which

influence battery storage usage and interactions with the grid.

Furthermore, a household energy management algorithm from earlier re-
search has been integrated. This algorithm optimizes household energy
use, taking into account grid electricity prices and the technical constraints

of household devices.

Electricity pricing adopts the Time of Use (TOU) model, segmented into
low, medium, and high periods, which is mentioned in the life cost cal-
culation in previous sections. This structure incorporates both grid elec-
tricity selling prices and intra-community transaction prices. The model
assumes no energy losses during inter-household trades. This encompasses
the notion that energy remains constant during exchanges, with no price

deductions, and potential effects of distance on trades aren't considered.
The year-long simulation includes 20 households engaged in energy ex-
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changes based on the proposed integration model in this project. The
corresponding household parameters including size and number of inhabi-
tants are automatically obtained based on the probability distribution, as
mentioned in the section of model integration. The simulation updates
decisions and data in one-minute intervals. All systems, such as energy
management, battery storage, and PV, respond immediately to energy de-

mands or trade requests.

For evaluation, several key metrics have been identified. The electricity
cost-saving rate gauges financial benefits against a baseline. The self-
sufficiency rate measures the community's reliance on its generated and
stored energy, excluding external grid use. For each household, there are
several equations to present the energy in home system and the correspond-

ing cost.

PGimport (t) - PGexport(t> + PBESS (t) = Road(t) - PPV,gen<t) (771)

The equation illustrates the power flow dynamics within the system, where
PGimport(t), PGegport(t), Pioad(t) denote the power imported from the main
electricity grid, exported to the main electricity grid, the demand of the
home load energy during time interval t (in kW), Ppy g, (t) represents
the electrical power generated by the PV system installed at the residence
during time interval t (in kW), and Ppggs(t)represents the net electrical
power discharged or charged by the battery energy storage system (BESS)

during time interval t (in kW).

The simplified model utilized for the BESS in this research is expressed as:
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AT X Ppat disen(?)

E(t) = E(t - 1) - - AT X Ne X NConv X Pbat charge (772)
Na X NConv
socw) = 20 (7.7.3)
Cp

The power discharged by the battery during time interval t is denoted as
Prat dgisch(t), and Pogy charge(t) are measured in kilowatts (kW). They repre-
sents the electrical power released from the battery to meet the system's
demand and the power charged by the battery during time Additionally,
the energy stored in the battery at time intervals t and t-1 is represented by
E(t) and E(t — 1), respectively, and is measured in kilowatt-hours (kWh).
To account for the efficiency of the battery system, ny and 7. are used to

represent the discharging and charging efficiencies, respectively.

The state of charge (SOC) of the battery at time interval t is denoted by
SOC(t). Binary constraints Equation 7.7.4 to Equation 7.7.6 are included
to prevent simultaneous charging and discharging of the battery energy

storage system.

0 < Poag aisen(t) < o(t) x PERSS (7.7.4)
0 S Pbat charge S (1 - ¢(t)) X P]g%gg (775)

1 if discharge
o(t) = (7.7.6)
0 if charge
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where ¢(t) is a binary variable.

Constraint represents the maximum power limit for charging or discharg-
ing sets an upper bound on the electrical power that can be charged or
discharged from the battery energy storage system (BESS) at time interval

t.

_PBESS max S PBESS(t) S PBESS max (777)

Constraint establishes the upper and lower limits of the state of charge of

the battery energy storage system.

SOChin < SOC(t) < SOCax (7.7.8)

where SOC ,.x and SOC,;, represent the upper and lower limits, respec-
tively, for the state of charge of the battery energy storage system in per-

centage (%).

Incorporating the PV system investment cost into the economic analysis is
pivotal for a comprehensive assessment. The capital cost and operational
cost of the PV system, coupled with the Battery Energy Storage System

(BESS), from the total investment and operational costs.

Cimvesment = (ICenersy % Cy
+ IChower X Pritsd
+ Chnstallation, BESS) (7.7.9)
+ (Jcpv X Apy

+ C’Installa‘cion, PV)
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Where:

ICpy represents the investment cost per unit area of the PV system (£/m?).

Apy denotes the area of the PV panels (m?).

Chnstallation, Pv ad Chystallation, BESs are the installation costs for the PV sys-

tem and BESS, respectively.

The operational cost now encapsulates the costs related to both the PV

system and the BESS:

day 365

C’operation = Z |:Fbuy(t) x AT x PGimport (t)

day 1

— Fan(t) x AT x PGexport(t) (7.7.10)

+ Cogm, pv + CogM, BESS
Where Cogn, pv and Cogm, Bess are the annual operation and maintenance
costs for the PV system and BESS, respectively.

The total cost, considering the lifespan of the system, integrates the invest-

ment and annual operational costs, factoring in an inflation rate:

years

Total cost = Clyvestment + Z Coperation X (1 + r)i (7.7.11)

i=1

7.7.2.2 Community Level Energy Pairing Strategies

The energy management strategy is a two-tiered system. A energy pairing
strategy can balance community-wide considerations with individual micro-

grid /household management for effective overall operation [331, 332]. The
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flow chart of the main objectives in the algorithm is shown in Figure 7.7.1

Mo Are there more time steps? -
Yes
B y

Iy ™
| Execute energy management simulation for each household |

v

i ™
|_ Identify and quantify energy demand and supply for each household based on predictions and up-to-date SOCs |

v

s \
| search energy pairing between households |

v

' ™
| Complete energy transactions for the current time step |

v

! ™

| Proceed to the next time step |

\
[

A

Figure 7.7.1: Flow chart of algorithms for pairing energy supply in com-
munity scale

For individual households, the energy management system activates at the
beginning of each time step. This system determines each household's
energy needs and potential contributions. The system considers factors
like energy consumption patterns, potential renewable energy generation
(e.g., solar panels), and battery storage status. Each household's unique

economic and energy priorities influence these calculations.

After assessing household energy dynamics, the strategy then focuses on
the entire community. The strategy aggregates predicted energy surpluses
or deficits from all households after individual simulations, giving a com-

prehensive view of the community's energy dynamics for that time step.

Having a comprehensive understanding of the community's energy land-
scape, the strategy enters the energy pairing phase. Households with ex-
pected energy surpluses are paired with those anticipated to have deficits.
This pairing mechanism is essential as it facilitates the efficient distribu-

tion of energy within the community, potentially reducing dependency on
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external grids. The detailed pairing strategy and constraints is presented

in the following context.

Once pairings are finalized, the process naturally progresses to the execu-
tion of energy transactions between matched households. These transac-
tions are bound by several constraints, such as limits on battery storage,
power system capacities, and real-time energy production and consump-
tion rates. The goal is to complete each transaction within its time step,

ensuring real-time energy balance in the community.

The entire process, from individual simulations to community transactions,
repeats for each time step during the simulation. This iterative method al-
lows energy management to adapt and respond to changing energy patterns

and needs throughout the day.

The energy pairing strategy at the community level begins by delving into

the energy status of each household.

A thorough examination of the energy needs of each household is initiated.
By scrutinizing both historical and real-time data, the current and antic-
ipated load requirements of each household are delineated. This involves
an analytical process where the energy consumption patterns of households
or buildings are studied, followed by forecasting any potential future vari-

ations.

Parallelly, the storage status of each household is assessed. This involves
examining the battery storage capacity, its current charge state, and its
discharge and charging capabilities. With this information, it becomes
clear which households can provide energy to others in the short term and

which ones might be in need of additional energy.

Lastly, the renewable energy output of each household is assessed. The
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real-time and expected outputs of photovoltaic and other renewable energy
systems within each household are analysed. This assessment aids in pre-
dicting which households might be in a position to generate and provide

additional electricity in the upcoming time periods.

In the proposed energy pairing strategy, a deep understanding of the energy
status of each household is crucial. This begins by analysing the predicted
future energy demand of every household or household . Defined as

Eprediction,i, it is calculated using the formula:

T
predlctlon ) Z Lt i Rt z (7712)
t=1

Where L, ; is the load demand at time ¢ and ?; ; Represents the photovoltaic
output at that moment. Essentially, this equation captures the cumulative
difference between the household's anticipated load and photovoltaic out-

put throughout the day.

Moving on to battery operations, the state of charge (SOC) plays a pivotal

role. For any battery ¢, its SOC, SOC, has to be within certain boundaries:

SOChin < SOC; < SOCimax (7.7.13)

Here, SOC\,i, represents the minimum permissible state of charge, often
zero but occasionally a non-zero value, depending on the battery type and
manufacturer's guidelines. Conversely, SOC,., denotes the battery's max-

imum storage capacity.

Furthermore, when considering energy exchanges involving batteries, it is

essential to understand the power rate limitations. For a given home bat-

285



7.7. APPLYING COMMUNITY STRATEGIES BASED ON THE
PROPOSED HOME ENERGY MANAGEMENT MODELS

tery 1, its exchange power P; Is subject to specific constraints:

_Pdischarge,max S Pz S Pcharge,max (7714)

With Piischarge, max being the maximum power at which the battery can
discharge and Parge, max Representing the maximum charging power. It is
worth noting that while negative values suggest the battery is discharged,

positive values indicate it is charging.

To optimize the energy sharing process, the pairing strategy is formulated
to maximize the utilization of extra energy in each household. Initially,
based on the identified energy demands, households are ranked in descend-
ing order of their energy needs, enabling prioritization of those with the
most pressing requirements. Concurrently, the households are sorted in
terms of the volume of energy they can provide, ensuring those with abun-

dant supply are readily identified.

Pairing begins by establishing links between the household with the highest
energy demand and the one capable of supplying the most energy. Through-
out this pairing, it is vital to factor in the specific energy needs and supplies

of each household, as well as any potential energy exchange constraints.

The essence of this pairing search lies in matching homes with the highest
energy demands to those with abundant supplies. The main objective
is to enhance the efficiency of energy sharing within the community. To

structure this process, several equations and constraints are considered:

For a given household i, its energy demand D; Is described by:

Dz’ = max (Eprediction,i7 0) (7715)
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This representation focuses solely on positive demand, indicating the energy

a household seeks to acquire from others.

Meanwhile, the energy supply S; Of the household is:

Si = Imax (_Eprediction,i; 0) (7716)

Here, the only positive supply is considered, representing the energy a

household can offer to others.

When pairing household ¢ with j, the energy exchanged should not exceed

the demand or supply of either. Therefore:

Additionally, this exchanged energy is bound by the battery’s exchange

power and state constraints.

Regarding the battery’s exchange power, for a battery ¢, the exchanged

power F;; Adheres to:

_Pdischarge,max,i S Pij S Pcharge,max,i (7718)

The change in the state of battery i, denoted ASOC}, is given by:

ASOC; = / P, dt (7.7.19)

Where [ P;; dt Encapsulates the total energy over the exchange duration.

287



7.7. APPLYING COMMUNITY STRATEGIES BASED ON THE
PROPOSED HOME ENERGY MANAGEMENT MODELS

Finally, post-exchange, the SOC of battery ¢ must remain within its bounds:

SOChin < SOC; + ASOC; < SOCiax (7.7.20)

These equations and constraints provide a mathematical framework for
the pairing search, ensuring maximized energy sharing efficiency within

the community while adhering to various constraints.

In the settlement execution stage, the primary focus is the actual imple-
mentation of the energy exchange determined from the previous pairing
phase. The goal is to ensure that the quantities of energy being exchanged
adhere to the pre-established constraints. Furthermore, it is imperative
that all participating households maintain a safe and efficient operation

range throughout the entire exchange process.

For any two households, denoted as ¢ and j, the actual energy exchange
FEactual,ij 1s influenced by the previously determined £;; And the constraints

of energy demand and supply for the households:

Eactuarij = min (Ej;, Dy, S;) (7.7.21)

As energy is exchanged, the state of charge (SOC) of the battery into
household 7 is updated based on the actual exchanged energy, represented
as:

ASOC’actuaLl,i = /Pactual,ij dt (7722)

Subsequently, the actual energy demand and supply for each household are

updated to reflect the energy exchange. Specifically, the energy demand
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for household 7 becomes:

Dactual,i = Dz - Eactual,ij (7723)

And the energy supply for household j adjusts to:

Sactual,j — S] - Eactual,ij (7724)

This approach ensures that during the entirety of the exchange, all batteries
and household systems operate within their safe and efficient boundaries,

satisfying all physical and technical constraints.

7.7.2.3 Case Study of Households

This subsection aims to apply the energy management strategy in a prac-
tical context, focusing on UK-based residential houses. These dwellings
are equipped with a PV generation system and a battery energy storage
system, providing a robust foundation for implementing the energy man-
agement strategy. Simultaneously, its connection to the main electricity
grid facilitates additional energy imports when the PV system falls short,

and allows the export of surplus PV energy back to the grid.

Two specific schemes are taken into account in the research regarding elec-
tricity tariff schemes. Firstly, there is the Time of Use (TOU) tariff scheme,
which determines the cost of purchasing electric energy from the utility.
Secondly, there is a fixed feed-in tariff scheme, which determines the rev-
enue obtained from exporting electricity to the main grid. Table 7.7.1 is
used in the research to provide tariff values for purchased electricity for

the TOU tariff scheme. These values are sourced from the Green Energy

289



7.7. APPLYING COMMUNITY STRATEGIES BASED ON THE
PROPOSED HOME ENERGY MANAGEMENT MODELS

Company in the UK [194]. The research employs a value of 5.24 pence per
kWh for the fixed feed-in tariff scheme. This value is obtained from an
up-to-date website that provides information on feed-in tariffs in the UK
[195].

Table 7.7.1: Unit cost values for TOU purchasing tariff scheme at each
time period.

Time (h) Tariff Unit cost (pence/kWh)
23:00 to 06:00 | Off-peak 7.5
06:00 to 16:00 | Mid-peak 16.44
16:00 to 19:00 | Peak 32.55
19:00 to 23:00 | Mid-peak 16.44

After the simulation, an in-depth economic analysis is carried out. This
analysis took into account the simulation results, as well as other impor-
tant parameters like system specifications and tariff values. The specific
system parameters and tariff values utilized in the simulation can be found
in Table 7.7.2, sourced from reputable references [196, 197, 333, 198]. A
comprehensive understanding of the optimal BESS and PV size and its
economic viability was achieved by taking into account these factors.

Table 7.7.2: System parameters of case study

Parameter Value

ICoreray £135 /kWh

ICpover £95 /kW

Battery Capacity Cp 13.5 kWh

Battery power limitation PFaled 5 kW

ICpy (PV system with 10 solar panels) £5,000 (£250 per m?)
PV system peak power 3.5 kWp (1.75 kWp/m?)
PV system area Apy 20 m?

SOC in - SOC ax 20% - 90%

Converter efficiency ncony 98%

Battery charging & discharging efficiency (14, n.) | 90%

Inflation rate 2%

The value of cash flow over various periods can be assessed through the
net present value (NPV), which takes into account the time interval and

discount rate. It quantifies the equivalent interest value that would have
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been earned if the same amount of money had been invested in more con-

ventional investment accounts.

— Cashy (7.7.25)

In Equation 7.7.25, the NPV is calculated by summing the net cash inflows
Cashy, for each period (Yr) and discounting them using the factor of
(1 + 7 )¥Y". The discount rate is set as 2% for the home system [199]. The

resulting sum is then reduced by the initial investment cost (Cashy).

Assessing profitability is done through the internal rate of return (IRR),
which is the anticipated rate of return on the investment in future years.
The discount rate at which the present value of future cash flows matches
the initial investment is what determines it. A higher IRR value signifies

a more favourable return on investment.

NPV,
IRR=a+ | 55— wpyr, (b= 0) (7.7.26)

Equation 7.7.26 outlines the calculation of the IRR. It involves determining
the discount rate (a) at which the NPV is positive and (b) at which the
NPV is negative. The IRR is then calculated as the value of a plus the
ratio of NPV at a rate to the difference between NPV at rates a and b,

multiplied by the difference between rates b and a.

The financial viability and profitability of the investment can be assessed
by analysing the NPV and IRR. The long-term economic prospects of the

investment are provided with valuable insights by these metrics.
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7.7.2.4 Community & Households Sizing

Step 1: Community-wide PV and Battery Sizing

The starting point involves determining the optimal sizes for PV and bat-
tery systems for the entire community, treating it as a single entity. Here, an
optimization model, which seeks to maximize the Net Present Value (NPV),
is employed considering all households' cumulative energy demands and po-
tential PV outputs. The combination of 20 households can be treated as
a giant whole to run battery control algorithms and sizing, design, which

power profiles are summed up.

Step 2: Distributing Savings and NPV Among Households

In the context of this step, it is pivotal to articulate the rationale behind
the formulas used to compute each household's savings and NPV share.

The formulas:

E;
NPV, = ( - ) x Total NPV (7.7.27)
T

Here, E; represents the annual energy consumption of household ¢, and Er
is the cumulative energy consumption of the entire community. Their ratio
thus symbolizes the proportion of the total community energy consumed
by household . It serves as a representative metric to distribute the total
savings and investment of the community to each household fairly, aligning
with their respective energy usages. Therefore, the division of total NPV

based on an energy ratio make sense.

In simpler terms, if a household is responsible for a larger portion of the
community's total energy consumption, it will accordingly receive a larger
share of the total investment and savings. This approach ensures that

households contributing more towards energy consumption (and poten-
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tially, towards the overall community energy strategy) bear greater costs
and incentives, thereby maintaining a fair and balanced incentive system

across the community:.

Step 3: Sizing and Simulation for Each Household

The third step is dedicated to individualized sizing the PV and battery
systems for each household. The same optimization model from Step 1
is utilized but adapted to the specific energy demands and potential PV
outputs of each household. Furthermore, a simulation involving pairing
and energy transaction algorithms is run to calculate the NPV and savings

for each household, considering internal energy transactions.

Step 4: Comparative Analysis of Distributed and Individual Sizing Strate-

gies

In the final step, a comprehensive comparative analysis between the re-
sults from Step 2 and Step 3 is performed. The aim here is to evaluate the
efficacy and efficiency of the community-wide sizing strategy against the
individually tailored strategies for each household. Metrics such as total
NPV, total savings, and individual household costs under both scenarios
are analysed to discern the most economically viable and energy-efficient
approach. The differences in outcomes under these two strategies are metic-
ulously analysed to derive insights into how energy and economic benefits
are distributed across the community under each scenario. This step is cru-
cial to ascertain the pragmatic applicability and advantages of adopting a
unified community energy strategy as opposed to individualized household
strategies, thereby informing policy and decision-making at the community

level.

There are several assumptions that should be made for the sizing, pairing
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and consumption, as:

e Upon profiling energy generation, each household is attributed a spe-
cific photovoltaic (PV) peak power. Therefore, during system sizing,
whether at a collective community level or individual household de-
sign, proportional adjustments can be effectively implemented based
on the area and peak power parameters of installed PV systems/pan-

els.

e All energy transfers within the community undergo a process devoid
of energy losses, ensuring that energy exchanges between households

are perfectly efficient.

e In the simulation of each household, due to the absence of a compre-
hensive internal pricing system in the strategy, the internal trading
electricity cost is stipulated as the real-time electricity cost minus

half of the selling electricity cost.

e Battery performance and lifespan adhere to the benchmarks and stan-
dards elucidated in previous chapters, ensuring a consistent basis for

all related calculations and predictions.

e All residents are presumed to participate in the community's energy
trading, thereby ensuring a consistent and reliable trading environ-

ment within the community.

e The community is assumed to be equipped with sufficient technolog-
ical infrastructure to adeptly support the generation, storage, and

distribution of energy amongst its residents.

e Throughout the analysis, the reliability and stability of the main
power grid are considered to be constant, thereby providing a stable

external power source for the community.
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e The maintenance and operational costs of the photovoltaic (PV) sys-
tems and battery storage systems are either known or predictable,
and these systems do not require significant repairs throughout their

lifespan.

e All households are presumed to operate in compliance with the energy
management strategy proposed by the model, ensuring homogeneity

in energy management practices across the community:.

7.7.3 Results of Community Simulation

7.7.3.1 Emnergy Analysis of the Separated Households and the

Proposed Community Pairing Strategy

In order to compare the performance of the energy management in commu-
nity scales, the energy bar of different TOU periods based on the one-year
simulation of 20 households in one community is shown in Figure 7.7.2. In
the simulation, the parameters of houses are set in the preset range. The
home batteries for each household are set as Tesla Powerwall 2, with 13.5
kWh of capacity and 5 kW of power rating, while the PV peak power is 1.4
kept [304]. The simulation results for households without community elec-
tricity trading are named as the old community schemes, while the results
under both domestic energy management and community pairing strategy

are named as the new community schemes.

Figure 7.7.2 showcases the energy procurement from the grid during dif-
ferent tariff periods, comparing the results from the traditional strategy
with the new community sharing strategy. Significant differences can be
observed across the three tariff periods, emphasizing the influence of the

community sharing approach on energy purchase behaviour.
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Figure 7.7.2: Energy bar of two schemes for different tariff periods

Under the new sharing strategy, there is an increase of 82.59 kWh during
low tariff periods. This surge can be attributed to the enhanced utiliza-
tion of batteries within homes due to the community exchange strategy.
Households procure more energy when tariffs are low, preparing for peak
tariff periods. In the medium tariff period, the increase is only 16.44 kWh,
suggesting that most energy demands might be satisfied through internal
community sharing. During high tariff periods, there is a reduction of 43.99
kWh;, indicating a reduced dependency on the grid during peak tariff times,
thanks to internal community sharing. The savings of export energy to the
grid decreased with the pairing strategy. The value of energy, however,
is less. Owing to the installation of battery systems in both community
schemes, there is only little energy that required to be exported according

to the control algorithm.

The data suggests that the new sharing strategy facilitates a more effi-
cient use and distribution of energy within the community. This sharing
might reduce energy burdens during high demand periods and maximize

the internal usage of generated energy, rendering it more economically and
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Figure 7.7.3: Initial annual cost of households versus the savings ratio

ecologically beneficial.

The community energy sharing strategy could redefine traditional power
supply and distribution models. By optimizing energy distribution within
the community, there is a potential to reduce dependence on external grids,

lower total energy costs, and enhance system stability.

7.7.3.2 Internal Trade Tariff in Energy Community

Based on the simulation energy results of the community, the economic

analysis utilizing TOU tariffs is applied and shown in Figure 7.7.3.

The Figure 7.7.3 provides a comprehensive insight into the economic im-
pacts of implementing the community energy sharing strategy. The internal
tariff defines the tariff for households to trade when pairing with each other.
It visually represents the cost saving ratios across various households under
the proposed strategy compared to the raw annual tariff, when there is no

pairing strategy and the households only trade with national grid.
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From the chart, a clear trend emerges regarding the relationship between
initial costs and the corresponding savings percentage. Households with
smaller raw annual tariff tend to achieve a substantial percentage of savings.
For example, a specific household with a raw annual tariff of 382.94 pounds
sees savings of up to 16.36%. Conversely, higher initial cost households
sometimes experience a decline in their savings percentages, occasionally
registering negative values. This implies that for these households, the
new strategy might occasionally be more expensive than the conventional

approach.

This significant variation in savings can be attributed to several factors.
Households with relatively lower annual electricity bills often showcase
smaller annual loads, translating to lower daily electricity consumption
patterns. This low consumption combined with their existing photovoltaic
systems and domestic batteries results in a surplus of energy. In the simu-
lated environment, the photovoltaic system's size generally increases with
the household size and occupancy. However, this proportional increase
might not always align with the growth rate of the household's load, lead-

ing to potential mismatches in energy production and consumption.

Another consistent observation is the uniform storage capacity across house-
holds due to the standardized use of Tesla Powerwalls. This consistent
storage solution means that low-load households frequently have a surplus
of energy, which becomes available for sharing within the community. This
energy redistribution proves beneficial for them as they can sell this surplus,
while high-load households might find themselves purchasing additional en-

ergy to cater to their demands.

The complexity of internal trade pricing also play a pivotal role. Even

though the community's internal energy trades are driven by surplus energy
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availability rather than the trade price, fluctuations in this price can signif-
icantly impact the economic benefits for households. A notable instance is
when the internal trading price shifts from 0.2 to 0.3 pounds/kWh, which

results in a dramatic increase in benefits for certain households.

Although community energy trading lacks official regulatory design, agree-
ments and self-regulation within the community can ensure fair and efficient
energy distribution. These self-regulation measures help manage surplus
energy and maintain transparent pricing, establishing trust among partic-

ipants.

In conclusion, the community energy sharing strategy offers distinct ad-
vantages, especially for smaller households that frequently emerge as net
energy providers within the community. Their combination of their photo-
voltaics and battery storage, becomes a valuable asset in this shared energy
landscape. This analysis underscores the importance of tailoring energy-
sharing strategies to the specific needs and configurations of individual

households.

7.7.3.3 Sizing Battery and PV Systems for Community Energy

Management

Building upon the community and household design methodologies intro-
duced earlier, sizing designs for PV and batteries were conducted for the
20 households involved in the simulation. Within the context, it was addi-
tionally assumed that the community battery power is held constant at 5
kW. Simultaneously, the annual maintenance cost is 2% of the installation
costs [334]. A comparative analysis was set forth, juxtaposing the energy
usage results without a PV /battery system against a system investment

plan boasting the optimal 20-year NPV.
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Figure 7.7.4: Energy utilization across different tariff periods for scenarios
with and without a battery/PV system

Figure 7.7.4 contrasts energy utilization in kWh across different tariff pe-
riods (Low, Medium, High, and Export) for scenarios with and without
a Battery/PV system. The right bars represent the scenario with a Bat-
tery /PV system of 79.51 m? and 185.53 kWh, while the left bars depict the

scenario without these installations.

In the Low tariff period, the integration of the Battery/PV system (with
79.51 m? PV area and 185.53 kWh battery capacity) leads to a remarkable
surge in energy utilization, insinuating an enhanced capacity to harness
and utilize solar energy, thereby reducing dependency on grid energy. The
Battery/PV system curtails energy use during medium and especially high
tariff periods, indicating a strategy to minimize cost by relying on stored
energy during peak price times. Lower energy exports with the Battery/PV
system suggest a higher internal utilization of generated energy, optimizing

its value by avoiding low export tariffs.

The Battery/PV system optimizes energy usage across different tariff peri-

ods, significantly impacting energy costs and reducing reliance on the grid,
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Figure 7.7.5: NPV graph for the optimal sizing of community

especially during high-tariff periods. With the identified PV and battery
capacities (79.51 m? and 185.53 kWh), the system demonstrates a tangible
impact on energy management and cost-saving, underlining the justifica-

tion for the investment.

The corresponding NPV graph is shown in In Figure 7.7.5, the observed
decline in electricity costs, from £20,014.94 pre-investment to £15,702.96
post-investment, underscores the immediate fiscal benefits of adopting Bat-
tery /PV technologies. This drop not only signifies considerable savings but
also showcases the technologies’ capability to efficiently produce and utilize

energy in a financially advantageous manner.

Examining the 20-year NPV period, which begins at -£41,399.96 and gradu-
ally ascends to £19,109.24, several insights are unveiled. Initially, the NPV
is negative, indicating that the initial and operational costs overshadow the
savings achieved. However, the transition to a positive NPV around year
13 implies that the cumulative benefits begin to surpass the cumulative

costs from this point onwards. A consistent rise in NPV thereafter signals
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Figure 7.7.6: Tariff savings comparison of community sizing and pairing
strategy

the long-term economic feasibility of the system.

The incorporation of the Battery/PV system delivers immediate electricity
cost savings, despite substantial initial and operational costs, as reflected
in the short-term NPV. The long-term economic outlook, demonstrated
by the NPV curve, is optimistic, with tangible financial benefits becoming
apparent after roughly 13 years. Hence, the overall investment in the Bat-
tery/PV system proves to be justified in the long run, presenting a strong
case for its adoption, considering both the immediate and long-term eco-
nomic and energy advantages. This analysis requires that decision-makers
weigh the initial financial expenditure against the extended economic and
energy gains, considering both the immediate and long-term impact of in-

tegrating such technologies.

The next step of comparing community design and household pairing sav-
ings is shown in Figure 7.7.6. Figure 7.7.6 shows the shared tariff savings
within the community based on ratio of electricity consumption and the

tariff savings with pairing strategy based on local NPV optimal solution for
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each household. The line indicates the condition for the two saving values

equal to each others.

In terms of total annual electricity cost savings across all 20 households, the
shared tariff strategy yields about £4311.98, while the pairing strategy re-
sults in slightly higher savings of about £4323.19. Though the discrepancy
is marginal, it highlights the pairing strategy's slight edge in optimizing

total community-wide savings.

When comparing households, ansplit is observed: 10 households have greater
savings with the shared tariff strategy, while the other 10 save more with
the pairing strategy. This indicates that the best tariff strategy might vary
for each household, depending on their energy consumption, PV produc-

tion, and battery use.

These findings suggest that while there are general strategies for community
energy management and cost savings, a more tailored approach based on
each household's energy profile might be more efficient. Both the shared
tariff and pairing strategies can reduce electricity costs after investing in PV
and batteries, but choosing the best one requires a deeper understanding

of each household's energy characteristics.

The pairing strategy shows variable savings, ranging from -25 % to 27 %
compared to the shared tariff strategy. Some households experience up to
27 % more savings, proving the strategy 's effectiveness. However, for those
facing a 25 % decrease, the strategy is not the best choice. This highlights
the strategy's double-sided nature: it can be beneficial for some but not

ideal for others.

A trend is observed where households with lower electricity consumption

save more, particularly with the pairing strategy. This trend might be
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due to the algorithm favoring households with less storage and electricity
capacity. These households are more flexible in large scale level, chang-
ing how energy is traded and savings are distributed. This trend aligns
with previous findings about the savings ratio, adding consistency to the

analysis.

Both strategies offer insights. The pairing strategy can be effective despite
its varied outcomes, providing a more tailored approach for community
energy management. In contrast, the shared tariff strategy is simpler and
applies uniformly, making it a practical choice for broad community energy
savings. Both strategies' strengths and weaknesses need more research to

determine their best application in different community energy settings.

In summary, both strategies can enhance community energy savings after
PV and battery investments. Their success depends on specific household
energy consumption, storage ability, and trading behavior. Combining the
simplicity of the shared tariff strategy with the tailored approach of the
pairing strategy might be the way forward for more fair and efficient com-

munity energy management.

7.7.4 Conclusion of Applying Model at Community

Scale

According to the community pairing strategy and sizing, the results of this

section can be summarized as:

e Achieved energy utilization efficiency across diverse TOU periods, re-
ducing peak-period grid dependency through community energy shar-

ing and optimized battery use.
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e Evident influence on energy procurement behaviour with the commu-

nity sharing approach, particularly during different tariff periods.

e Demonstrated the capability of properly sized PV and battery sys-
tems to optimize energy usage across tariff periods and deliver tan-

gible economic benefits in the long run despite an initial negative

NPV.

e Offered immediate and consistent electricity cost savings, with a shift
towards positive NPV approximately 13 years into the 20-year anal-

ysis period.

e Identified variable outcomes with both shared tariff and pairing strate-
gies, indicating potential benefits and shortcomings of each, and em-
phasizing a possible necessity for strategy customization per house-

hold energy profile.

e Noted an apparent bias towards smaller electricity usage households
in savings, especially under the pairing strategy, suggesting a poten-
tial inherent algorithmic bias that may require further investigation

and adjustment.
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Chapter 8

Overall Conclusion

8.1

Summary

Data Enhancement and Model Validation

Through diligent data management and application of algorithms,
such as KNN (K-Nearest Neighbors) and SVM-GMM (Support Vec-
tor Machine and Gaussian Mixture Model), the study has secured a
robust, reliable, and validated dataset. This underpins the research,
ensuring subsequent analyses and simulations are founded upon a

stable and accurate base of information.

Advanced Energy Systems Modelling and Simulation

The research has successfully developed and validated models for var-
ious energy systems, including electric heater, GSHP, water heating,
and electric cooking, ensuring a nuanced understanding and simu-
lation capability of these specific energy subsystems. Furthermore,
the utilization of the Markov Chain method has enabled a sophisti-

cated simulation and prediction of EV operations, considering their
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inherent randomness and variability.

Strategic Application and Optimization in Energy Management

The incorporation of HEMS has been explored in hybrid houses with
gas heating, highlighting significant strides in optimizing energy con-
sumption and enhancing cost-efficiency. Additionally, the study has
comprehensively explored the electrification of household appliances
and EVs, revealing its various implications on domestic electricity

consumption and management.

Economic and Environmental Impact Analysis

An in-depth economic analysis, including calculations for NPV and
IRR, has shed light on the economic feasibility and payback periods
of both traditional and “all-electric” residential schemes. Concur-
rently, the research has dived into the environmental impacts, espe-
cially concerning GHG emissions, elucidating the long-term environ-

mental ramifications and potential of these systems.

Community-Level Energy Strategy Exploration

The study has ventured into the realm of community energy manage-
ment, examining strategies that leverage community energy sharing
and optimized battery use to enhance energy utilization and economic

efficiency across various Time of Use (TOU) periods.

Addressing Challenges and Paving Future Directions

The research has unveiled several challenges, particularly in algorithm
implementation and model prediction, providing a springboard for
further research and refinement in the realm of household energy
management. Moreover, the findings and models presented set a

robust foundation for future investigations, innovations, and practical
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applications in domestic energy management, aligning with global

sustainability goals and future energy trends.

8.2 Main Achievements

Navigating through the field of household energy management, this research
has successfully delved into the intricate dynamics, challenges, and poten-
tials ingrained within various energy components, models, and strategies,

achieving the aims in Section 1.3.

e Exploration and Detailed Analysis of Diverse Energy Components

Conducted an in-depth examination of PV systems (Section 3.3), EVs
(Section 5.3), and HEMS (Section 4.3), elucidating their operational
dynamics, technological challenges, and potential in systemic house-

hold energy management.

Investigated the operational and energy dynamics of various subsys-
tems, including GSHPs, electric cooking, and room heating, provid-
ing analytical insights into their energy behaviors and implications in

Chapter 6.

e Formulation and Validation of Energy Optimization Strategies

Developed and validated algorithmic strategies to optimize energy
use, minimizing environmental footprint while ensuring economic and

operational efficiency in Section 4.3.

Implemented intelligent heating control algorithms and smart grid
interactions to enhance energy utilization efficiency and reduce energy
wastage in household settings in Section 6.2.

e Enhancement of Predictive Accuracy in Models and Simulations

308



8.2. MAIN ACHIEVEMENTS

Developed and validated several energy models, including GSHP,
electric cooking, and room heating, ensuring their predictive capa-
bilities are aligned with empirical data and real-world scenarios in

Chapter 6.

Employed KNN and SVM-GMM algorithms for data integrity man-
agement, ensuring robust and accurate predictive modeling, espe-

cially in PV generation simulations in Chapter 3.

Comparative Analysis and Integration of Energy Sub-Models

Integrated and contrasted various energy sub-models, developing a
holistic model that encapsulates comprehensive household energy man-

agement in Chapter 7.

Ensured the consolidated model effectively simulates and predicts
household energy dynamics, providing a foundation for strategic en-

ergy management at both individual and community levels.

Economic and Environmental Impact Assessment

Conducted a quantitative analysis on the economic and environmen-
tal impact of traditional and “all-electric” residential schemes in Sec-

tion 7.3, Section 7.4 and Section 7.5.

Provided a balanced perspective on the immediate and long-term
impacts of different energy management approaches, ensuring both
economic viability and environmental responsibility are considered in
strategy formulation and practical application.

Strategic Application at a Community Level

Explored and demonstrated the potential of implementing developed

energy management strategies at a community level in Section 7.7.

Showcased the possibilities and implications of community energy
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sharing, providing insights into the potential benefits and challenges
of broadening the application of energy management strategies be-

yond individual households.

8.3 Contributions

Navigating through the complexities of home energy management, this re-
search has made several key contributions by combining detailed engineer-
ing studies with practical applications in the field. The following points

highlight these contributions:

e Creating a Unified Model: Developed a comprehensive model by
bringing together different energy sub-models in Section 7.2. This
allows for accurate predictions and representations of household en-

ergy use and needs.

e Developing and Testing Algorithms: Introduced and validated new
algorithms, specifically designed to optimize how batteries operate,
manage thermal energy, and control Electric Vehicle (EV) function-

alities in Chapter 4 and Chapter 7.

e Analysing Energy Management Strategies: Thoroughly evaluated var-
ious energy management strategies, considering their technical, eco-
nomic, and environmental aspects to provide a complete view of their

real-world implications in Chapter 7.

e Enhancing Predictive Accuracy: Improved the reliability and accu-
racy of models and simulations to ensure they can be trusted to pre-

dict real-world household energy behaviours effectively in Section 5.2.
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e Comparing Different Energy Schemes: Conducted an in-depth com-
parison of traditional and electrification schemes, providing clear in-
sights into the strengths and weaknesses of each approach in Sec-

tion 7.3, Section 7.4 and Section 7.5.

e Ensuring Wide Applicability of Models: Made sure that the models
and strategies developed can be applied to a wide range of scenar-

ios and scales, from individual households to larger communities in

Chapter 7.

e Exploring Community-Level Applications: Expanded the research to
a community level, exploring how the developed models and strategies
can be applied to manage and share energy across larger groups of

households in Section 7.7.

8.4 Proposals for Future Work

Future investigations could delve into enhancing energy models through
the incorporation of smart home technologies and Internet of Things (IoT)
devices, ensuring real-time data acquisition and precise control over home
energy usage. The application of novel algorithms could enable models
to continuously adapt and be more accurate, optimizing predictions and

decision-making processes based on ongoing data accumulation.

Testing and applying the developed energy models across various geograph-
ical and climatic conditions stand as a pivotal future exploration area. Ad-
justing models to account for distinct local weather conditions, cultural
habits, and energy usage patterns is essential to ascertain their universal
applicability and accuracy. This ensures that the models and strategies are

not confined to the initial test locations but are adaptable and efficient in
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diverse environments and user scenarios.

A thorough evaluation of the larger-scale impacts resulting from the widespread
application of the devised energy models and strategies is paramount. This
encompasses understanding how these strategies influence the overarching
power grid, fluctuate energy pricing, and impact total greenhouse gas emis-
sions. A comprehensive analysis of the entire lifecycle of the deployed tech-
nologies ensures that they remain not only immediately beneficial but also
sustainably viable and environmentally responsible in a long-term perspec-

tive.

In summary, future investigations anchored in these focal points can assure
that advancements in household energy management remain technologi-
cally adept, geographically adaptable, and broadly impactful, balancing
immediate efficacy with long-term sustainability and environmental respon-

sibility.
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