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i. Abstract

The UK residential sector accounts for approximately 27% and 17% of the country
energy consumption and its (02 emission, respectively. Thus, developing
appropriate polices to reduce the environmental factors, which are associated with
the CO2 emissions of a rapidly growing urban population, constitutes a high priority.
Moreover, ensures the creation of cities that respect the natural environment and
the well-being of future generations. While a great deal of expertise on detailing and
constructing low-energy buildings and cities has been developed, it is fragmented and
does not consider the concept of household life-cycle demographic transitions in the

prediction of residential energy consumption.

This research aimed to develop an integrated 3D urban energy prediction tool which
supports decision-making for a sustainable energy monitoring and planning in the
residential sector. This, while considering the UK household demographic transition

patterns in the energy prediction process.

To attain the above aim, the research embraced a mixed-methods methodology with
4 stages of practical implementations. In stages 1 and 2, statistical procedures such
as binary logistic regression, were applied to the British household panel data survey
{(BHPS} to attain the two following objectives. First, to analyse the socio-economic
and demographic factors affecting the UK household transitions; consequently,
predict future transition patterns in the next 10-15 vears. Secondly, to investigate
the impact of the predicted transition patterns on the residential energy
consumption. The examination of the findings indicated that the nature of
independent factors and their degree of influence on household transition patterns
were not consistent across the 10-13 vears. Moreover, it advised that household
transitions mostly have a positive but weak effect on their energy usage. Based on
those findings, a linear regression model was developed to predict the households’
future electricity usage in function of their transition, demographic and socio-

economic variables.
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In phases 3 and 4, a 3D urban energy prediction tool (EvoEnergy) was developed by
first building a 3D semantic model of a pilot area in Nottingham city. Moreover, by
integrating the research findings from stages 1 and 2 into EvoEnergy using computer
gcripting, open-source game technology, and 3D visualisation techniques. Finally,
despite the facts that the benchmarking of EvoEnergy highlichted some areas for
improvement, it has advised that EvoEnergy has the ability to predict domestic
electricity consumption at the building and neighbourhood levels with a good

accuracy (+/- 5% error).
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BACKGROUND AND
MOTIVATION
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research atm and objectives, and the structure of the thesis.
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1.1 BACKGROUND

The vear 2007 was a watershed in the history of the humanity because it was for the
first time in history when the majority of the globe’s population lives in cities (54 %
in 2014). This figure is likely to be higher in the future and is set to reach 66% in
2050 (UN, 2014). In the case of the UK, the proportion of urban population is
estimated to rise from 90.1% in 2010 to roughly 92.2% in 2020 {theguardian, 2016).
From this premise, the managed urban environment does not only have to cater the
different needs of such a growing population but also face social, economic, and
environmental risks associated with this growth. Subsequently, ensure a sustainable

development of our cities.

Although tackling each of these challenges is necessary, there is a widespread concern
in today’s world over addressing environmental and economic issues related to the
increasing energy demand in the built environment such as climate change. This is
evident in the enormous pressure exerted by different international organisations on
local governments translated in the form of strict CO2 emission targets. For instance,
the UK is set to reduce 80% of its carbon emissions, as part of the climate change

act 2008, by 2050 with effect from 1990 (GOV.UK 20 October 2014).

There is no doubt that meeting such targets necessitates a more proactive urban
planning which takes advantage of the new possibilities offered by the technological
advancement in big data and ubiquitous computing (Yeo, Yoon et al. 2013). For
those reasons, many developing countries, including the U, are allocating
considerable budgets to implement and promote future/ smart cities demonstrator
programmes. In this context, it is worth mentioning the Glasgow future city energy
efficiency demonstrator which has particularly focused on developing energy mapping
tools and building monitoring strategies to support certain physical measures more

effectively. These include; building retrofit, mapping of renewables, and management
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of electricity demand in public buildings. It is believed that success of implementing
gimilar strategies on the UK wider context help develop future cities that promote
an excellent quality of life, while strengthening resilience to environmental change

{The Farrells Review 2014).

1.2 THE PROBLEM AND ITS CONTEXT

Governments “high priority” agenda on decarbonisation have encouraged researchers
worldwide to explore effective solutions for energy sustainability related problems in
the built environment while taking advantage of the incredible technological
advancement. As a result, a great deal of expertise has been generated on detailing
as well as constructing low-energy buildings and cities. This body of knowledge
usually revolves around improving the thermal quality of buildings at micro and
macro levels, with a lesser focus on the social and behavioural aspects of energy

consumption.

The work conducted at the building scale is largely devoted to the utilisation of
engineering simulation tools to assess the overall energy performance of individual
buildings. The advantage of these tools lies in their suitability and great support to
early design stages. Moreover, their flexibility and high interoperability with the
majority of existing CAD/BIM systems. However, their major drawback lies in the
non-consideration of socio-economic and behavioural aspects of energy consumption
(Aydinalp and Ugursal, 2008). In contrast to building energy simulation, a
substantial amount of work has been dedicated to utilising the potentials of artificial
intelligence approaches such as artificial neural network (ANN), for energy
forecasting and the optimisation of energy systems {Yuce et al., 2017). Although
these approaches have a higher prediction accuracy and consider the effect of socio-
economic factors on energy usage, they lack flexibility in assessing the impact of

energy conservation measures {Guler et al., 2008; Avdinalp et al., 2002).
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Furthermore, they are costly to develop since very dependent on the availability of

historical data.

Unlike approaches at the building scale, the ones supporting physical improvement
strategies {e.g. retrofit) at the urban scale have concentrated on utilising the mapping
capabilities of GIS (geographic information system} to develop 2D or 3D-GIS based
tools. So that urban planners could make decisions based on chromatically visualised
energy figures, CO2 emission, or even microclimate of districts with various temporal.
For instance, by mapping the CO2 emission of a given neighbourhood before and
after implementing certain measures (e.g. loft insulation), it is possible to determine
their effectiveness. GIS approaches have also demonstrated their great capabilities in
aiding the evaluation process of different renewable energy sources in relation to
climatic, geographic, and economic constraints {Aydin et al., 2013; Sun et al., 2017).
However, despite this fact, the major drawback of GIS based approaches lies in their
narrow scope which is still confined to visualisation purposes. In fact, the calculations
of energy consumption/ demand occur in standalone software packages such as
NHER plan assessor, whose outcomes are then mapped using GIS platforms. Another
disadvantage consists of the negligence of occupancy and socio-economic
characteristics of the households, whose impact is responsible for 4-30% of the
variation in residential energy consumption (Jones et al., 2015: Brounen et al., 2012;
Gill et al., 2010}. This is mainly because these approaches consider dwellings either
vacant or occupied by “typical users”. Thus, it could be argued, for instance, that
affluent households would consume similar energy figures to the mid-class ones, which

is unrealistic,

On the other hand, plenty of ink has been shed on the socio-economic aspect of
residential energy consumption. At the urban scale, recent studies within this
particular area are classified into ageregated and disaggregated. First, agegregated
approaches are emploved to predict the future energy trends in the residential sector

in function of macroeconomic, technological and climatic factors such as energy price,
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gross domestic product (GDP), weather, appliances ownership and efficiency. For
those reasons, they are adequate for developing energy policies at the national/
regional level as well as understanding their future economic implications (Herbst et
al., 2012). However, despite their advantages, aggregated approaches are static since
they do not capture the variation in the household demographic and socic-economic
factors. Thig is because they initially consider the residential sector as an energy sink
or single consumer which implies the homogeneity of households (Swan and Ugursal,
2009). In this respect, it could be argued that any household studied within this
category can either be compared to any static object in a dwelling that continuously
consumes energy or considered to behave identically to other consumers regardless
of their different age, occupations, educational levels, type of dwellings, and
preferences. Another limitation of aggregated approaches is their inability of
representing technological progress. This is because their technological modelling is
based on consumer responsiveness to buying a particular technology depending on
the price change of other alternatives; known as elasticity substitution (Karjalainen
et al., 2014). Apart from that, the non-consideration of physical factors such as
insulation, type of wall, tvpe of HVAC systems and size of dwelling, in the prediction

of energy usage also constitutes another major limitation of this approach.

In contrast to aggregated approaches, the disaggregated ones have a great ability to
handle the wvariation in the households’ demographic and socio-economic
characteristics such as income, household size, and marital status. This is since they
rely on statistical models developed from analysing large-scale household survey data,
including panel and cross-sectional surveys. This makes them suitable for developing
and evaluating the effect of energy tax and welfare policies on residential energy
consumption or/ and CO2 emission levels {Fawcett, 2016). If coupled with GIS,
disaggregated approaches have the capability of targeting specific groups of
homogenous households such as the ones on fuel poverty or low-income high

consumers, from district to national level: consequently, develop appropriate
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measures. Again, like other socio-economic approaches, the disaggregated ones do not
take into account physical parameters. Furthermore, despite their ability to capture
the effect of heterogeneity across different households, disaggregated approaches are
also static over time. This is because the energy predictions are not performed in a
way that considers the households’ demographic evolution over their life-cycle. In
fact, households move between different family structures over their life-cycle starting
from a single non-elderly through a couple with children to a single elderly. These
transitions are indeed accompanied by many changes in the household demographic
and socio-economic characteristics such as income, which might affect their energy

expenditure patterns.

After analysing the above trends in the literature, the following problems and gaps

have been identified:

1. Urban energy planning approaches supporting physical improvement strategies
do not consider socio-economic and behavioural characteristics of the househaolds.
Similarly, urban energy planning approaches assisting the development of techno-

gocio-economic measures do not take account of physical factors.

2. Based on the above statement {1), it is believed that existing expertise on urban
energy planning is fragmented and exists in various forms with no real integrated
mechanism to assist urban energy planners in their sustainable decision-making
(Rezgui et al., 2010). This statement was also reinforced and highlighted by
Pando et al.(2008) who claimed: “Urban planning has o considerable émpact on the
future energy cfficiency of builldings and planners lack useful tools to support their

decisions. ”

3. None of the existing energy planning approaches consider household life-cycle

transitions in the prediction of residential energy consumption patterns.
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1.3 AtM AND OBJECTIVES

The aim of this research is to develop an integrated 3D urban energy prediction tool

which supports decision-making for a sustainable energy monitoring and planning in

the residential sector. This research will explore the potential of innovative digital

technologies such as GIS, Open-source game technologies, and visualisation

techniques. In response to gap number (3} in section 1.2, the developed 3D urban

energy prediction tool takes into account household demographic transitions from

one family type to another in the energy prediction process. In order to achieve this

overall aim, the subsequent objectives have been set:

[y

To analyse and identify the research problems and gaps pertinent to residential

urban energy planning. And:

To critically analyse approaches supporting phvsical improvement strategies and
to develop a framework which underlines the modules, modelling principles, and

prediction pipeline of the envisaged 3D urban energy prediction tool.

To critically analyse and statistically model the socio-economic factors affecting

the UK household demographic transitions for a period between 10 and 15 vears.

To investigate the impact of the modelled demographic household evolution

patterns on the residential energy consumption. And;

To develop a statistical model which predicts the households’ future energy usage
based on their expected transition patterns, dwellings’ physical characteristics,

and change in socio-economic circumstances.

To develop a 3D urban energy prediction tool {EvoEnergy) using the relevant

standards and technologies.

To Benchmark EvoEnergy on a residential pilot area in Nottingham in

collaboration with urban planners and energy experts.
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1.4 JUSTIFICATION AND SIGNIFICANCE

In addition to the fragmentation of existing expertise on urban energy planning,
which was discussed in detail at an earlier stage, another prominent motivation
behind conducting this doctoral research is the non-consideration of household
life-cycle transitions in residential energy planning. The importance of this concept.
in addition to its short and long-term bhenefits are discussed in the subsequent

paragraph.

First, the notion of household life-cvcle is not new; sociologists first employed it
during the 1930°s. It draws its principle from the interdisciplinary development
approach combining rural and urban sociology, human development, and child
psychology (Sorokin et al., 1930; Loomis, 1936; Waller and Hill, 1951). In 1950’s, the
household life-cycle received particular attention from marketing researchers to the
point that a special conference on life-cycle and consumer behaviour was held in
Michigan in 1954. This has in turn permitted to establish the household life-cycle as
a prominent tool in market segmentation (Wells and Gubar, 1966; Du and

Kamakura, 2006).

Today, marketers in many industries utilise this invaluable concept to predict
households™ decision-making and purchasing behaviour corresponding to each phase
of their life-cycle based on the various changes they undergo throughout their life-
cyvcle (e.g. demographic, socio-economic, and psychological). As a result, effective
marketing strategies, which target households at different stages of their life-cycle,
can be developed. For example, banks understand that single non-elderly households
have financial burdens and a high level of disposable income. Moareover, they are
recreation oriented, which means they are more likely to spend a significant
proportion of their income on automobiles, travelling, health clubs, and adventure
sports. Therefore, the marketing strategies for this particular segment should revolve

around low-cost checking, credit cards, car and holiday loans (Hawkins et al., 2013).



38 Background and Motivation

On the other hand, different marketing strategies are applied to target couples with
voung children such as mortgage, credit card, revolving credit loans, and debt
consolidation loans. This is because this segment is more likely to witness a reduction
in income resulting from the employment situation of one of the partners {e.g.
stopped working or working part-time). Moreover, from an increase in child related
expenses such as food, medicine, doctor visits, child toys and games, and school

admissions and fees {Campanale et al., 2015).

Despite the prominence of the concept of household life-cycle in marketing, it has
not been previously taken into account in urban energy planning either by local
authorities or energy companies. This is evident in the strategies employed to target
certain households such as the ones on fuel poverty. In fact, policies on fuel poverty
are based on the proportion of the household income spent on energy bills in addition
to the energy efficiency of the dwelling and its appliances. However, such policies
deal with fuel poverty as a static problem {Moore, 2012). Thus, they will certainly
fail to accommodate and adapt to the expected future changes in the household socio-
economic and demographic characteristics accompanied by their future life-cycle
transition patterns. Based on that, it is believed that integrating the concept of
household life-cycle in urban energy planning and forecasting will be a game changer

and could bring the following short and long-term benefits.

First, short-term benefits are manifested in the development of innovative 3D urban
energy planning systems supporting residential energy modelling and C0O2 emission
reduction strategies. One of the possibilities of such systems is the ability to predict
and monitor the energy consumption/ demand of different households, under diverse
demographic and socio-economic circumstances (e.g. low-income lone parents), from
building to city level. On the one hand, this will permit a smarter and proactive
management. of the distribution network and will facilitate the decision-making with
regards the nature of implemented physical measures such as injecting power from

renewable energy sources to the grid and building retrofit. On the other hand, techno-
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socio-economic policies, which can adapt to each particular stage of the household
life-cycle, can also be developed and implemented for a more holistic problem-solving
approach. However, the capabilities of these systems are not confined to predicting
and monitoring energy usage/demand and policy development. In fact, they could be
extended to cover the evaluation of physical and techno-socio-economic measures

after implementation.

In contrast to the above, long-term benefits include improving the process of
demographic projection in new urban developments by considering the change in the
households’ energy figures across their life-cycle. This could have several implications
for research within urban energy planning. For example, by considering the
behavioural aspect in addition to the physical, and techno-socio-economic, it is
possible to develop energy assessment and rating tools such as BREEAM, but for
household energy-related behaviour. Finally, another advantage is the possibility to
address areas of public engagement relatively to energy sustainability. For instance,
with the help of ubiquitous computing principles, a consumer version of 3D urban
energy planning systems can be created to raise the households’ awareness about

their daily energy usage patterns and help them reduce their C02 emissions.

1.5 ORIGINAL CONTRIBUTION TO KNOWLEDGE

While this research aimed to develop a 3D urban energy prediction tool, which
considers various physical and socio-economic factors, its original contribution lies in
the way residential energy consumption figures are predicted. More precisely, this is
indeed the first and only study to predict households’ energy figures based on their
transitions from one family type to another. Over a period of 10 years, the developed
energy prediction model can estimate the transition probabilities of a particular
household type to different ones based on the households’ demographic and socio-
economic characteristics. Furthermore, it could predict the annual energy usage

patterns accompanied with these transitions. For example, on average, a single non-
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elderly household has a 33.3% chance of moving to different household types after 3
vears, where the possibility of becoming a couple with children is 12.1%. The chance
of consuming more than 4000 KWh of electricity annually for a single non-elderly

making a transition to a couple with children over five vears is 35.29%.

1.6 STRUCTURE OF THE THESIS

This dissertation has been carefully structured around nine chapters including the

introduction chapter.

Chapter 2 discusses existing energy planning and forecasting approaches aiding
physical improvement strategies in the residential sector. This will be according to a
new proposed classification which considers approaches that were not included in
previous categorisations such as CityGML. In addition to that, each approach in this
chapter is critically reviewed based on its frequent intervention scale, workflow,
advantages, limitations, and applicability in the building life-cycle. Based on this
analysis, the main principles of the developed 3D urban energy prediction tocl have

been determined and analysed.

On the other hand. chapter 3 focuses on energy planning approaches supporting the
development of techno-socio-economic measures in the residential sector. T'o maintain
the clarity and consistency of this chapter with the previous one, these approaches
have also been analysed in line with their frequent intervention scale, prediction
pipeline, strengths, and weaknesses while referring to some key studies from the
literature. Finally, the chapter concludes with the main research questions of this

doctoral study.

Chapter 4 discusses and justifies in details the methodological choices made in this
doctoral study to adeguately answer the research questions. Following a hierarchical
structure, the chapter has first discussed the philosophical stance of the research

based on its ontological and epistemological assumptions. Afterwards, the research
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methodologies and methods have been addressed. Next, particular attention is drawn
to the research design and practical implementations. Finally, the chapter concludes
with a discussion on the validity and reliability of the adopted research methods as

well as the ethical considerations.

Chapter 3 investigates the demographic and socio-economic factors that influence the
transitions of single non-elderly households to other household types such as couples
without children, with the purpose of predicting future transition patterns over the

next ten vears.

Based on that, Chapter 6 examines the effect of household transitions on their annual
gas and electricity consumption figures. Furthermore, discusses the development of
a statistical model that predicts households’ electricity consumption based on their

transition patterns in addition to demographic and socio-economic factors.

Chapters 7 addresses in its first part the demographic and socio-economic
characteristics of the pilot area (Sneinton) households in comparison to Nottingham
city residents. Furthermore, analyses certain physical features of its dwelling
tvpologies. However, in its second part, it concentrates on the initial 3D modelling

process of the 3D} urban energy prediction tool.

On the other hand, chapter 8 discusses in depth the process of integrating the
research findings from chapters 5-6 into the initial CityGML (3D-GIS) model of the
pilot area {chapter 7) to enable the prediction of households’ electricity consumption
at the building and urban scales. This is followed by an analysis of findings from the
participatory workshop held with urban planners to evaluate and help improve the
developed 3D urban energy prediction model (EvoEnergy). Based on that, the

chapter concludes with some improvements made to the user-interface of EvoEnergy.

Chapter 9 discusses the research results in comparison to the approaches reviewed in

chapters 2 and 3. Furthermore, outlines key conclusions of this research by
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encapsulating the findings pertaining to each research question and analysing the
study strengths and weaknesses. Based on that, a set of recommendations for future

research has been presented.



ENERGY PLANNING APPROACHES
FOR SUPPORTING PHYSICAL
STRATEGIES

The second chapter aims to critically evaluate the energy planning and forecasting

approaches supporting physical improvement strotegics in the residentiol sector. This

exarnination will be based on the frequent intervention scale, the budding life-cycle

relevance, strength and weaknesses of each method while pointing out to key studies from

the literature.
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2.1 INTRODUCTION

Studies supporting physical improvement strategies seek to provide tools that aid
urban planning decision-making with regards improving the thermal quality of

dwelling components at the micro or macro levels. This includes the following tasks;
e Evaluating and comparing the energy performance of new or existing dwellings.

e Identifving potential areas that necessitate physical improvement and choosing
the most effective strategy (e.g. Retrofit, technology upgrade, reconstruction,

and demolition).

e Determining the degree of change in the energy consumption of individual

dwellings after certain physical measures have been applied.

The approaches used at the micro level are entirely different from the one adopted
at the macro scale. This is mainly due to the fact that both rely on distinct levels of
inputs and calculation/simulation techniques. Furthermore, their outputs are used

with different applicability.

2.2 EXISTING AND PROPOSED CLASSIFICATIONS

Approaches supporting physical improvement measures have been subject of great
interest to many scholars from various backgrounds who made invaluable effort
reviewing and comparing these approaches. For example, Swan and Urgusal {2009}
discussed energy prediction models used in the residential sector within two distinct
categories namely; top-down (techno-socioeconomic) and bottom-up (physical). This
classification was influenced by the type of envisaged measures (techno-socioeconomic
or physical}, the level of detail(s) and hierarchical position of data inputs in reference
to the whole residential sector. On the other hand, Foucquier et al. (2013) classified
different energy prediction models into three main categories namely; physical,

statistical, and hybrid. Furthermore, they addressed them based on their
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characteristics, strengths, and limitations while providing some examples on each
model. Zhao and Magoulés {2012) proposed three categories to energy prediction
approaches supporting physical improvements in the building sector namely:
engineering, statistical, artificial intelligence (neural networks, support vector
machine), and grey models. Besides evaluating the strengths and weaknesses of each
category, their level of complexity, user interaction friendliness, inputs’ level of detail,
computation speed, and accuracy were also addressed. Fumo {2014): however,
reviewed and compared in detail previous classifications of these approaches, as
shown in Table 2-1, while focusing particularly on calibrated engineering methods.
However, despite the vital contribution of the above authors, there is no review that
has explicitly addressed these methods based on their frequent intervention scale, nor
investigated certain prominent approaches which are utilised at the urban scale such

as, 2D GIS and 3D GIS (CityGML) based energy planning forecasting methods.

Energy planning and forecasting approaches aiding physical
improvement strategies in the building sector

Building scale Urban scale
(section2) (section3)

) |

Engineer Artificial 2D-GIS CityGML Bottom-up
‘ﬂgmeell‘mg . Uli 11 Hybrid based based statistical
approaches intelligence Gk approaches approaches
ANN (artificial SVM (support
neural networks) vector machine)

Figure 2-1.The structure of chapter 2
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Table 2-1.Classification of different energy predictions approaches in previous reviews

Authors

Classification

(Swan and Ugur sal, 2009)

Top Down models
Bottom up models:

Statistical (regression, Conditional demand analysis, neural
networks)
Engineering methods

(Zhao and M agoulés, 2012)

Engineering methods
Statistical methods

Artificial intelligence

e  Support vector machine
e Artificial neural network
Grey models (hybrid models)

(Foucquier et al., 2013)

Physical models

Statistical methods (regression, artificial neural networks,
support vector machine)

Hybrid models

(Pedersen, 2007)

Statistical approaches/regression analyses
Energy simulation programs
Intelligent computer systems ( Artificial intelligence)

(Fumo, 2014)

Engineering methods
o Calibrated
¢ Forward(non-calibrated)
Statistical approaches
o Artificial neural networks
e Support vector machine
¢ Regression
Hybrid approaches

In the light of the above analysis in Existing and proposed classifications, we suggest

to classify the reviewed approaches based on their intervention scale into; building

and urban scale approaches (Figure 2-1). Nevertheless, there are no clear boundaries

gince some approaches can be applied at both levels. Indeed, the extent of which

urban scale approaches can be applied varies from the parcel level to the city level,

although the majority of intenventions in studies of the nature are at the district

scale (Erhart et al., 2013; Strzalka et al., 2011). That is mainly attributed to the

bottom-up nature of these approaches.
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In all sections, each energy planning model is critically analysed based on its
structure, workflow (prediction process}, advantages and limitations while providing

some examples on its applicability in the building life-cycle.

2.3 BUILDING SCALE APPROACHES

This section reviews the urban energy planning strategies supporting physical
improvement at the building scale namely; engineering, artificial intelligence, and
hybrid approaches. As indicated at an earlier stage, this analysis highlights their

structure, prediction pipelines, strengths and limitations.

2.3.1 Engineering methods

Table 2-2.Classification of building energy simulation tools in some important reviews

Classification Criteria of categorisation

e Input requirement
o e Level of complexity
(Zhao, Magoules ¢ Simplified e Degree of knowledge about thermal
2012) o Elaborate Iphysical equations
e Accuracy of prediction

e Nature of collected data

e CFD tools e Degree of knowledge about thermal
(Foucquier, Robert e Single-zonetools /physical equations
et al. 2013) e Multi-zonestools e Level of complexity

e Accuracy of prediction

' ' e Leve of complexity
* Onedimensiona e Accuracy of prediction
(Maile, Fischer etal. * Two dimensional e Input requirements

2007) e Threedimensional e Degree of knowledge about thermal

/physical equations
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Engineering methods use physical principles and thermodynamic relationships to
predict the energy performance of the whole building or some of its components.
They can be further categorised into sub-groups based on the type and complexity
of the used physical or thermodynamic models. However, there is no clear
classification found in the literature. For example, Zhao and Magoules (2012)
classified them based on the complexity of the employed physical/thermodynamic
equations into: simplified and elaborated. Others like Maile et al. (2007) categorised
them depending on the tvpe of heat transfer problem and its corresponding prediction
accuracy into; one-dimensional, two-dimensional, three-dimensional models as shown

in Table 2-2.

Due to the potential capabilities of information technologies, a significant number of
computer simulation tools, which rely on the 3D geometry of the building, are
emploved to evaluate building energy performance through solving different
physical\thermodynamic problems (Clarke, 2001). Owing to the prominence of
building energy simulation tools in supporting engineering approaches, their
structure, input and prediction pipeline will be first discussed. This is while spotting
light on the heat transfer modes as well as steady-state calculation procedures utilised
to forecast the building cooling and heating loads with a consideration of relevant
variables (e.g. Environmental}. Once analysed, the applicability of engineering tools

will be discussed afterwards.

2.3.1.1 Building energy performance modelling

A-structure

Prior to addressing the “modus operandi” of building energy simulation tools in
predicting heating and cooling loads of various building types, it is important to

examine their common architecture.
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Overall, most of the existing simulations tools have a very similar architecture which
is composed of two main components namely; Engine and graphical user interface,
as illustrated in Figure 2-2. First, the simulation engine component requires an input
file, usually simple text-based, to perform and write its output into one or several
files. While the output file(s) comprises the simulation results, they also contain
information on the simulation run. This includes warning messages or additional
inputs, for instance. On the other hand, the graphical user interface convolves and
facilitates the simulation engine process. This latter is represented in input
generation, engine running, and output generations. Furthermore, illustrates the

results graphically.

Input
File(s)
Graphical v

Simulation

user engine
interface Output
File(s)

L

Figure 2-2.Generic Architecture of energy simulation tools adapted from (Maile, Fischer et al. 2007)

C- Modes of Leat transfer

The first step towards calculating heating and cooling loads in a building is to
quantify the amount of heat transfer in the studied building. Typically, there are

three distinct modes of heat transfer namely; conduction, convection, and radiation.
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Conduction

First, Conduction (diffusion) is the transfer of heat between substances in direct

contact as a result of temperature differences where the direction of transfer is from
hot to cold objects (MIT, 2017). Examples of conductive heat loss in a building
includes; heat transfer through walls and windows (see Figure 2-4).

C'onductive heat transfer can be defined with Fourier's law as follows;

Gcona = U.A. AT Equation 2-1

Qcona s the amount of heat transfer measured in J/S or Watts.

U, which is the cocfficient of heat transfer usually measured in (W/m?K), is defined as:
U=k/L.

k represents the thermal conductivity of a given material usually measured in (W/mK) or
(W/m ). The bigger k is the more heat will transfer and vice-versa.

L (measured in m) is the thickness of the conduction path (e.g. wall thickness). The longer

the path is the less heat will transfer.

AT is the temperature difference between the hot and cold object surfaces. The high

temperature difference is the faster heat will transfoer,

At s the cross-sectional arca that is perpendicular to the heat flow (measured in m2)

f
A\g* . T q A
1 \“——-.;-
heat transfer =~
L hade || JE q coefficient = h |
jE 7

q=hA((L-T,)
L-T

Figure 2-3. The principle of convective heat

transfer
Figure 2-4.The principle of conductive heat transfer
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To demonstrate the impact of material properties on the amount of conductive heat
transfer in a building, two common materials namely; glass and brick will be
compared.

The coefficient of heat transfer (U-value) of a single glazing window pane is 5.82
{(W/m2K). On the other hand, the U-value of a typical solid brick wall would be 2
(W/m2K). This means that for 1 m2 and 1C° difference between the outside and the
inside temperatures, the heat transfer for the single glazing pane and the solid brick
wall would be 5.82W and 2W, correspondingly. This leads to two conclusions. First,
the glazing ratio in a building is crucial and does have a significant impact on the
conductive heat flux. Secondly, replacing the single double pane windows by double

glazing windows would reduce the heat loss through the window area by 34-64%.

For a more accurate estimation of conductive heat transfer through windows, their
solar radiation is taken into account in addition to conduction (Figure 2-3). The heat
gain through fenestration, which is added the conductive window heat, is calculated
by incorporating a solar gain heat factor (SHGF). This will be discussed in detail in

the radiation heat transfer sub-section.

'%% Re-radiated

Exterior J -""""'P’lnteriur
el %
Q&\“f gYi @%
<ii ;
S
\

Figure 2-5. Solar gain through fenestration, adopted from (GreenSpec, 2018)
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Convection

Convection is the transfer of heat via the motion of fluids such as the air. More
specifically, a hot object surface heats the surrounding fluid which then gets carried
away by the movement of this fluid (MIT, 2017). However, there exist mainly two
types of convection such as natural and forced (Lu , 2011}. In a dwelling, an example
of natural convective heat transfer can be seen in the hot air rising from hot radiators
(Figure 2-7). On the other hand, in forced convection, the fluid is forced to flow over
the surface by other means such as fan, wind pressure, pump (Bahrami, 2016).
Infiltration (or air leakage) through doors, windows, cracks, and latent heat (e.g.
condensation from moisture in the air and heat vaporisation) is an example of forced

convection in a dwelling, see Figure 2-6.

Convective heat transfer can be expressed by the Newton’s law of cooling as follows;

dconv = he A AT Equation 2-2

Where
Qcony 1% the flux of convective heat transfer (W or J/s)

horepresents the cocfficient of convective heat transfer (W/m? k). h depends on the fluid
type (c.g. air or hot water) and its flow properties such as velocity, viscosity, and
temperature difference between the objeet surface and the fluid (IKreith, 2017). For

example, the cocfficient of convective heat transfer of air can be simplified as follows;
he = 1045 - v + 10 +' Equation 2-3

v depicts the relative speed between the air and the object surface

A is the arca that is perpendicular to the convective heat flow (in?)

AT is the difference in temperature betwoeen the convective fluid and object surface (COor
P ]

K).
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Solar
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Figure 2-6. Simplified view of heat transfer in a building, adapted from
rising warm air warm air
cooling and

falling

cooled air
returning to heat source

Figure 2-7. Typical example of convection in a dwelling, adopted from (GreenSpec, 2018)

Sensible and latent Ventilation and infiltration

Prior to addressing the calculation procedure of sensible and latent ventilation, it is
worth mentioning that sensible heat is the amount of energy required to affect the
temperature of a given object. On the other hand, latent (hidden} heat is the quantity
of energy that is needed to change the phase of a given object (e.g. from solid to
liquid or from liquid to wvapour) and without changing its temperature

(Engineeringtoolbox, 2013).
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First, Sensible Heat loss caused by ventilation and infiltration can be calculated as

follows:

qv = Cp.P.V.AT Equation 2-4

Where

Cp represents the specific heat capacity of air (KJ/{Kg.K))
P depicts the air density (kg/m?)

V is the air volume flow (L/s)

AT is the difference of tempertaure between the inside and outside

In contrast to the above, Latent Ventilation and infiltration can be expressed as

follows Equation 2-3;

0 = Qp(W; — Wy)hsg Equation 2-5
t 1000

Where

Q is the volumetric flow of air entering the building (L/S)
P depicts the air density (kg/m?)

Wi is the humidity ratio of the zone air g/kg

W is the humidity ration of outdoor air g/Kg

hfg is the latent heat of water vaporisation at t;, KJ/Kg.

Radiation

The third mode of heat transfer is radiation which consists of transferring heat from
one body to another one but without a medium. In other words, the heat energy is
transferred through electromagnetic waves instead of particles (MIT, 2017). Sun
raciation is an example on this mode of heat transfer (Figure 2-8). Radiation heat

can be described in relation to the “black body”{Kreith, 2017).

A block body is fictious object which completely absorbs thermal radiation waves

and does not reflect light. However, most of objects in a building are not classified
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as a black body since they partially reflect radiation (Engineeringtoolbox, 2015).

Grey body heat radiation can be described using Stefan-Boltzmann Law as follows:

q==¢ 0.T* A Equation 2-6

Where

€ represents the cmissivity coefficient of the object which ranges from 0 to 1 depending on
the material and temperature of the object surface. For black body objects (fully absorb

radiation}, the coefficient is 1.

o is the stefan-Boltzmann constant (5.6703. 10% W/m?K*)
T represents the absolute temperature of the emitting surface in Kelvin

A is the arca of the of the emitting body (m?)

Heal gain from occupants

In the light of the above, the basic net heat radiation output of unclothed human

body is calculated as follows:

Qnet = £.0.A.(T* = TF)
= (0.9) (5.67x10°® W/mK4) (1.5m?) [(310K)* — (293K)"] Equation 2-7

=143 W

The above equation is basic as the internal gain from occupants depends on various
tfactors such as type of activity (e.g. Seating, working, etc...}, gender, and clothing.

Thus, the below equation is employed for a more accurate estimation.

Qpeople/sensible = N. (sensible heat gain per person ).CLF Equation 2-8
dpeople/Latent = N. (Latent heat per person ) Equation 2-9
Where

N represents the number of occupants
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CLF is the cooling load factor tabulated by ASHRAE (1997 fundamentals, chapter 2, Table
37)

An example of latent and sensible heat gains per person based on their activity level

are presented in Table 2-3.

Table 2-3. Example of sensible and latent heat gains by level of activity, retrieved from (ASHRAE, 1997)

Activity Total heat, Btu/h Sensible heat, Latent heat, Btu/h
Adult, male Adjusted Btu/h
Seated at rest 400 350 210 140
Seated, very light work, writing 480 420 230 190
Seated, eating 520 580 255 325
Seated, light work, typing, 640 510 255 255
Standing, light work or walking 800 640 315 325
slowly, 880 780 345 435
Light bench work 1040 1040 345 695
Light machine work, walking 3mi/hr 1360 1280 405 875
Moderate dancing 1600 1600 565 1035

Radiation from lighting sources

On the other hand, the amount of heat load from lights to a given room depends on
the light intensity in the room, type of light (e.g. LED) and location of the light in

the space (Kutz, 2015}. It is calculated as shown in Equation 2-10s;

Qiighting = W Fyy- Fsq Equation 2-10

Quighting 18 the heat gain from light sources (W)

W represents the total wattage of the light source measured in Watts

Fy; is the factor of light usage which, in turn, represents the time the lights will be in
operation. For example, this factor is equal to 1 in offices and hospitals.

Fy, is the lighting special allowance factor which considers the amount of heat released
from clectrical ballast. For instance, the light special allowance of fluorescent lights is 1.2

(Kreith, 2017).

Radiation through windows

As indicated previously in the conductive heat transfer section, the solar gain of
window areas is calculated by incorporating a solar heating gain factor as indicated

in Equation 2-11.
q= A.SHGF.SC Equation 2-11
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Where
SHGF is the solar gain factor which can be obtained from the ASHRAE fundamentals 1997-

chapter 29 Table 15. This factor does, in turn, depend on other factors namely;

e Latitude (refers to the angular distance of a particular site North/ South of the
equator (National Geographic, 2015))
e oricntation,

e time of the day and year.

A is the surface of the glass (m?)

SC is the shading cocfficient of the cmployed glass which can, in turn, be retrieved from
the ASHRAE fundamentals handbook.

| — C

SN el ¥
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computer & 2 i ? occupant
equipment

Figure 2-8.Difference radiation heat sources

Heat gain from appliances

Sensible and latent heat gains from electric, gas, and steam appliances can be
calculated in function of their energy consumption (rated energy input) qinpye ,usage
factor(Fy), and radiation factor (Fg) as shown below in Equation 2-12 and Equation

2-13.
Qappliances/Sensible = CIinput- FU- FR Equation 2-12

qappliances/Latent = Qinput- FU Equation 2-13
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Examples of radiation and usage factors of some common domestic appliances such

as Convection oven, are included in Table 2-4 (below).

Table 2-4.The radiation and load factors of some domestic appliances, adopted from

Usage Radiation Load Factor
Factor Factor Fp=FpFg
Appliance Fy Fy Elec/Steam
Griddle 0.16 0.45 0.07
Fryer 0.06 0.43 0.03
Convection oven 042 0.17 0.07
Charbroiler 0.83 0.29 0.24
Open-top range
without oven 034 0.46 0.16
Hot-top range
without oven 0.79 0.47 0.37
with oven 0.59 0.48 0.28
Steam cooker 0.13 0.30 0.04

D-Cualevlation of heating and cooling loads

This sub-section aims to discuss the thermal physics principles that are used to attain

an indoor thermal comfort (e.g. temperature and humidity).

Considering that buildings are not perfectly insulated nor protected from the sun-
light, achieving such comfort is challenged by climatic conditions. In simple terms,
heat penetrates through the huilding envelop during in warm and humid climate
conditions, whereas it escapes under cold and dry weather conditions (Lee et al.,
2011). In order to maintain a comfortable indoor environment, HVAC (heating
ventilation, and air conditioning) systems, which account for 43% of the total
domestic energy usage in the UK (DECC, 2012b}, are employed to compensate for
the influence of outdoor climatic conditions. Nevertheless, heat gain from internal
gources such as occupants, lighting and appliances, contribute significantly to the

heating and cooling loads of buildings {Bhatia, 2017), Figure 2-9.

In order to calculate the heating and cooling of a building, the heat transfer and

internal gains in the studied building have to bhe quantified. In building energy
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simulation tools, the calculation of cooling/ heating loads can follow three distinct
approaches namely; weighting factor analysis {Transfer function method), the
thermal network method, and heat balance (Kutz, 2015). However, the latter, which
forms the basis of many load forecasting methods, is the most rigorous approach.
Furthermore, it is more flexible (ASHRAE, 2001). Thus, it is adopted by well-known

energy simulation tools such as Energy plus and ESP-r (Krarti and Thm, 2009).

The heat balance approach is based on capturing a building envelop thermal physics
using the first law of thermodynamics (energy conservation). However, the heat
balance approach (like any steady-state approach} is based on the following
assumptions. The first one is because the air temperature in a zone is homogeneous.
Similarly, the second assumption is represented in the homogeneity of building
surfaces’ temperature and radiation. The third assumption is that long (LW) and
shortwaves (SW) irradiations should be homogeneous. Finally, the conductive heat

transfer must be one-dimensional (ASHRAE, 2001).
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Figure 2-0. Heat balance procedures of a typical building, adopted from Krarti (2009)

Considering the above assumptions, the heat balance for every single zone in a given
building is calculated following four distinct processes. These are outer building

surfaces heat balance, wall conduction process, inner building surfaces heat balance,
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Air zone balance (Figure 2-9). Figure 2-10 (below}) illustrates the association between
these processes where the part enclosed in a box is repeated for each surface
surrounding a given zone (e.g. ceiling, wall, etc...). Please note that a similar process
is adopted for transparent surfaces except that outside face heat balance would be

replaced by solar heat gains appearing in the conduction process (ASHRAE, 2001).

For more information, please refer to the heat transfer modes section.
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Figure 2-10. Schematic version of Heat balance procedures of a typical building, adopted from (Strand et al., 2001)

HVAG SYSTEM
AIR

Outsde 1
Convection =y

b

SW Radiation (Solar)

uction

/ SW Radiation (Lights)

IHCO]I\’BI:‘EIII

.‘\ Inside
LW Radiation (Exchange)

LW Radiation

Figure 2-12. Outside surface heat balance

(Strand et al., 2001)

e T

LW Radiation (Int. Gains)

Figure 2-11. Inside surface heat balance

(Strand et al., 2001)



61 Energy planning approaches for supporting physical strategies

i Zome Air*,

: :

! i

] |

! I
Convection (Surfaces)

T ‘+>Sym Qutput
i I

] 1

! I

! l

v / \i’

Convection (Int. Gains) Infiltration

Figure 3. Zone Air Heat Balance.
Figure 2-13. Zone air heat balance, adopted from (Strand et al., 2001)

Qutside face heat balance

The heat balance on the outside face of a building element such as wall (Figure 2-12),

is defined as follows in Equation 2-14 {Strand et al., 2001);

124 124 12} 12} — H _
9 a; 79 LwrT 9 convo— 9 ko =0 Equation 2-14

Where

12 . .

q ko represents the conduction flux into the wall

q" q,,, depicts the absorbed and diffuse solar radiation heat flux (shortwave)
" . ) . ) N . .

4" conv,is the convective flux exchange with outside air

q"'Lwr 1s the net long wavelength radiation flux exchange with the air and surroundings.

In this respect, it is worth mentioning that the source of shortwaves is usually from
the sun because such wave types contain high amount of energy. On the other hand,
long wave radiation are emitted from the atmosphere and objects who usually receive

short-wave radiation {Molotch, 2010}.

Inside face heat balance

The heat balance of the inside faces of a given zone (Figure 2-11), which represents
the heart of the heat balance method is defined as follows in Equation 2-15 {Strand

et al., 2001);
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2 n 14 124 12} " _ . _
QT iwx T swtHq iwst @ kit @ so1 9 conv =0 Equation 2-15

Where

q'"Lwx i8 the net longwave exchange flux between zones surfaces.
17 ! ) .. - R
q"'sw represents the net radiation flux to a surface originated from lights.
" . - . .
q""Lws depicts the longwave radiation flux from the zone equipment (e.g. appliances)
q" i 18 the conduction flux through the wall
q"' 501 is the transmitted solar radiation {e.g. from a window) and which are absorbed by the
surface.

q" conw 15 the convective heat flux to zone air.

In this context, it worth mentioning that the calculation of the net longwave
exchange flux between zones is usually approximated in the majority of building
energy simulation tools. More precisely, the air is considered fully transparent to
longwave radiation which means that it does not participate in the exchange of

longwave radiation of a zone surfaces {Xu and Spitler, 2014).

One advantage of the heat balance approach is that it considers the radiant and
convective heat exchange of furniture in a zone. Moreover, it considers furniture

thermal mass added to the space {Kreith, 2017).

Zone air heat balunce

In the air zone heat balance model, the thermal mass (capacitance) of the air is
usually neglected {Kreith, 2017). As a result of this simplification, the air heat

halance follows a quasi-steady balance {Equation 2-16)

The steady state assumption is utilised when one part of a system reacts much more
quickly than the other one. This leads to the simplification of the time dependence
of the faster reacting svstem on the slower part which diminishes the number of

variables that need to be solved {(Medina, 1999).
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Qconv Y 9ce + Qv + sys = 0 Equation 2-16

Where

Qcony Tepresents convection heat transfer from the surfaces which is the sum of convective
heat transfer from the inside surface heat balance.

qce depicts the convective part of internal loads.

qpy represents the sensible loads resulting from the infiltration and ventilation air

Qsys 15 the heat transfer to/ from the HVAC system.

To solve the zone temperature, Equation 2-16 must be simultaneously solved with
the one of the outer and inner heat balance as shown below in Equation 2-17 ;

_at YL A heitsij + pCVinfutoj + PCUventjtyj +q

c,intj
toj =

—b+ Z{V=1 Aihg + PV infu + PCVventj Equation 2-17

Where

tqj represents the zoue air temperature measured in °C at time step j
N is the number of surfaces in a zone

A; is the area of ith swrface in m?

h.; is the convection coefficient for ith surface

tsij 1s the temperature of swface ith at time step ]

P is the air density in kg/m3

Cp is the specific heat of air in {j/kg. K)

V is the voluetric flow rate of air (n3/s)

to; is the outdoor temperature at time step j (°C)

tyj depicts the ventilated air tetperature at time step j (°C)

e intj is the sumn od convective flux of internal heat gains at time j (W)
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Inputs of energy simulation tools
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Figure 2-14.Main components and data workflow of building energy simulation tools, adopted from (Maile, Fischer
et al. 2007)

Building energy simulation inputs constitute an important part in calculating the
heating and cooling loads of the studied building(s). Therefore, this section aims to

discuss the relevant ones in detail.

Figure 2-14 depicts the five tvpes of input data that are required to run building
energy simulations namely; 3D building geometry, internal loads, HVAC system
components and controls, weather data, occupancy schedules and simulation related

parameters {Maile et al., 2007).

3D Building geometry

It is considered as the essence of energy simulation tools as it permits the extraction
of geometric parameters such as zone volume, zone boundary, layered construction
data, glazing ration, etc.. It is either directly simulated in the same CAD/BIM
platform or exported as a ghxml file to be analysed, if the simulation software is

standalone. However, in all cases, the simulation engine has to convert the 3D
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building geometry model to a thermal building model. The nature of this
transformation depends on the envisaged complexity and accuracy of the simulation
tools. For example, in the case of three-dimensional heat transfer analysis that is
performed in CFD tools such as COMSOL Multiphvsics, each building’s space is
decomposed into a large number of control volumes with either homogeneous or
heterogeneous global mesh. However, since CFD are very complex, time-consuming,
and require previous knowledge on fluid dynamics, their use is uncommon for urban
planning purposes. Instead, the majority of simulation software used today employs
one-dimensional heat transfer (Foucquier, Robert et al. 2013). That is mainly because
one assumption of heat balance models is that conductive heat transfer is one
dimensional. This approach groups spaces (room) with close thermal characteristics
and control patterns {e.g. bedrooms}, together, although there might be difference in
temperature or pressure within the same space. As a result of those assumptions, the

following issues with geometry arise;

e [I'reestanding walls or columns are not taken into account since it is assumed
that there is no difference in temperature between their surface and the room
thev belong to. Thus, there is no heat transfer which may affect the validity of

the simulation results.

e  None of the one-dimensional heat transfer tools can represent curved surfaces as
such. Instead, an approximation through surface planes is employved as shown in
Figure 2-15, which certainly affects the accuracy of the results when complex

geometries are involved.

e  The conversion of the CAD/BIM models to a thermal one is still challenging and
time-consuming since theyv need to be thoroughly validated heforehand for

accurate results.
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Figure 2-15.Showing the conversion of 3D model into thermal model (Maile, Fischer et al. 2007)

Weather data

It strongly affects external loads and energy demand of buildings; consequently, have
a significant impact on the choice of physical improvement measures {Fumo 2014).
For those reasons, they are a fundamental component in every building energy
simulation tool. A weather data file contains the typical climatic parameters of
various cities around the world which have been gathered and statistically combined.
However, since those characteristics are not related to specific years in most of the
one-dimensional heat transfer simulation tools, the change in weather conditions over

time and within same locations is not taken into account.

Indeed, Lund, {1991) has claimed that *Generally, the typical year data are valid
only for a limited geographical area and should not be considered as a climatological
description of a specific town or region”. This can be a real issue for urban planners
who are interested in comparing the energy performance of a building (s) in different
years. Therefore, it is sometimes preferred to measure weather data directly onsite
or from the nearest weather station, when commissioning some projects of high
importance (Maile, Fischer et al. 2007). There are a variety of weather data files used

in building energy simulations such as TMY. However, it should be noted that for
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long-term energy prediction, the majority of simulations companies, (e.g. energy
plus}, recommend two types of files namely: the typical metrological year (TMY)
and weather vear for energy calculation (WYEC). The comparison of different
weather file formats is outside the scope of this research: please refer to the extensive
study of Crawley (1998) for more information. Overall, these files, regardless of their

formats, include the below parameters;

e Location data: name, latitude, longitude (angular distance of a site East/ West

of the Greenwich meridian), elevation (altitude), time zone.

e Site data: ground reflectance {ground albedo is a measure of how well a surface
reflects solar energy. It varies between 0 and 1}, terrain type (country, suburbs,

city), and wind exposure.

e Design weather data: outside min/max air dry-bulb temperatures, min/max
wet-bulb temperatures. Dry bulb temperature refers to the ambient air
temperature which is measured by a thermometer and not affected by the
moisture in the air. On the other hand, wet Bulb temperature is the lowest
temperature that can be attained by the evaporation of water into the air. Thus,

it is always lower than the dry Bulb temperature {EngineeringToolBox, 2015).
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Figure 2-17.Sun altitude and azimuth, adopted
from (astronavigation, 2015)

Figure 2-16.Global, direct, diffuse solar irradiance, adopted
from (astronavigation, 2015)
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e Performance weather data:

0 Solar altitude and azimuth: azimuth represents the angular distance of

a projected sun {using a vertical circle) from the north or south of
horizon (Figure 2-17). Sun altitude; however, refers to the vertical
position of sun relative to the earth’s horizon as shown in (Figure 2-17)
(astronavigation, 2015). Altitude has a significant impact on the
temperature levels of a particular region or site. More precisely, the
higher the altitude, the colder the temperature is. However, this also
depends on the latitudinal position of the site and time of the vear.
For example, solar altitude will at its maximum during suminer
{Sciencing, 2014).

0 Air temperature, wind speed and direction.
0 Cloud cover {refers to the proportion of sky covered by clouds).

Global, direct, and diffuse horizontal solar radiation. First, direct

normal irradiance represents the amount of solar radiation by a surface
that is perpendicular to the sun ravs. However, diffuse horizontal
irradiance is the quantity of radiation whose source is not directly from
the sun but from atmosphere, instead (Figure 2-16). Finally, global
horizontal solar radiation refers to the amount of radiation from
shortwave received by a horizontal surface to the ground {FirstGreen,
2012). These parameters play an important role in evaluating and

optimising the performance of PV panels.

0 Atmospheric pressure (or barometric pressure}: refers to the force

exerted on a given surface by the air surrounding it.

HVAC system components and controls



69 Energy planning approaches for supporting physical strategies

In the past few years, the realistic representation of a given HVAC system within a
predefined structure use to be a very challenging task in older tools such as DOE-2.
However, this complexity has been simplified with newer tools which give users the
ability as well as flexibility to modify, import, or even create new HVAC technologies
such as, under floor heating. In addition to HVAC components, control strategies are
an integral part of HVAC components input since they govern their behavioural
pattern. Subsequently, they have a significant impact on the simulation results. Thus,
surveys on domestic energy sustainability and energy audits usually take into account

the type of controls in the dwelling.

Internal gains and occupancy schedules

They include the energy load generated by people, lights, and different appliances.
This varies from one space to another depending on the nature of the performed
activities and the behaviour of occupants (Guerra Santin 2011). However, there is a
major problem that is presented in the modelling of those parameters. Regardless of
assumptions that have to be made about occupants’ behaviour, other factors like
gocio-economic and cultural, which directly affect this behaviour and suppose to

diminish the assumptions related to it, are not taken into account.

Simulation related parameters

They influence the numerical behaviour of building energy simulation tools.
Convergence tolerance, timeframe, and the time step are examples of simulation

gpecific parameters.

2.3.1.2 The Calibration of engineering tools

In the light of the above, it is clear that the inputs related to weather and internal
loads data in any building energy simulation tool are based on assumptions.

Considering the envisaged level of accuracy, this might result in major discrepancies



70 Energy planning approaches for supporting physical strategies

between the measured and simulated data during the operational phases. Therefore,

a calibration process, which consists of “tuning” or adjusting the simulation inputs

with measured data, is applied {Agami Reddy 2006). However, due to the fact that

calibration is a highly under-determined issue, there is no single uniform solution or

model {Scofield 2009). Agami Reddy (2006) classified different calibration approaches

into the following four distinct categories as depicted in Table 2-5 below. It should

be noted that the below categories can be combined as mentioned by Mustafaraj,

Marini et al. (2014) “All these methods are not exclusive and could be coupled (e.g.

use of graphical and statistical analysis methods to support tterative manual

calibration..)”. For more information on approaches to the calibration of building

energy simulation tools, please refer to Appendix A.1.1.

Table 2-5.shows the different types of calibration and provides some examples of each category.

Calibration Category

Example of case studies

Manual, iterative and pragmatic intervention

(Kaplan, McFerran et al. 1990);
(Diamond, Hunn 1981)

(Hunn, Banks et al. 1992)

A suite of informative graphical compar ative
display

(Haberl, Bou-Saada 1998)
(Bronson, Hinchey et al. 1992)

(Haberl, Sparks et al. 1996)

Special tests and analytical procedures

(Manke, Hittle et al. 1996)

(Liu, Claridge 1998)

Analytical/mathematical methods of calibration

(Sun, Reddy 2006)

(Westphal, Lamberts 2005)

2.3.1.3 Lifecycle stages relevance
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Table 2-6.The applicability of some well-adopted energy simulation tools in the building lifecycle

Simulation Lifecvcle usage Example of relevant case Purpose of usein the
tools Y 9 studies study
Multiple phases but To simulate the energy
EnergyPlus powerful for (Attia, Gratia et a. 2012) performance of different
operational phases design proposals.
To estimate the annual
Design stages (mainly energy consumption of a
eQUEST schematic/ detailed (Yu, Yang et a. 2008) typical residential
design phases) building in hot summer
zonesin China
To estimate the
_ Muliple stagesbut environmenta impt o
Deggn weak in operational (Ortiz, Bonnet et al. 2009) phy .
builder hase measures on atypical
P dwelling in Barcelona
during the design and
operationa stages
To investigate the effect
Multiple stages (design, of d_|fferent shading
: o . devices on the thermal
IES-VE operation, (Al-Tamimi, Fadzil 2011) . .
maintenance) comfort of high-rise
buildings in hot-climate
weather
To calculate the hourly
) load demand of a
BSim Design stages (Marszal, Heisdlberg etd.  reference residential

2012)

multi-storey zero
emission building in
Denmark.

Table 2-6 represents the life-cycle usage of some widely adopted energy simulation
tools and puts them into context by providing examples of previous studies.
Traditionally, Engineering tools were developed to support the design phases. Thus,
their usage was only confined to evaluating the energy efficiency of different design
alternatives. However, over the last few vears their capabilities have been expanded
to cover the commissioning, operation, and maintenance of buildings (Coakley,

Raftery et al. 2014; Crawley, Hand et al. 2008). The difference between both
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categories is that the tools aiding operational and maintenance stages require a higher
level of detail to validate the performance of HVAC systems and their controls during

commissioning (Maile, Fischer et al. 2007).

2.3.1.4 Advantages of engineering approach

e [Building energy simulation tools do not rely on historical data, albeit the latter

can be used to increase their accuracy {Swan, Ugursal 2009).

e They have a great ability to model different onsite energy renewable sources such

as solar panels.
e Fasy to use for evaluating the energy performance of different design proposals.

o Flexible, explicit, well integrated and highly interoperable with powerful
CAD/BIM systems which make their adoption widely accepted by urban

planners.

2.3.1.5 Limitations of engineering methods

e May require more inputs than other methods like statistical one.

e If certain data in unavailable, the performance of very accurate simulation results

can be tedious, inefficient, and require experts’ assistance {Zhao, Magoules 2012).

e The modelling of occupants’ behaviour is poor and inaccurate due to the

“standardisations” as well as assumptions.

e Omne major drawback of this method is that the demographic evolution and the
socioeconomic variations of the occupants are not taken into account. This

argument was supported by Guler et al. (2008} in the following statement “A



73 Energy planning approaches for supporting physical strategies

difficulty with this method s the dnclusion of consumer behaviowr and other

soctocconomic variables that have a significant effect on the residential energy use”.
2.3.2 Artificial intelligence approaches
Although the artificial intelligence umbrella groups a wide range of approaches, SVM
(support vector machine) and artificial nevral networks models (ANN) are the most
used for the prediction of energy consumption in the residential sector (Zhao,
Magoules 2012).

2.3.2.1 Artificial neural networks approaches

A, Structure and workflow

Hidden
Input layer || layer(s) output layer |
Information flow >
Transparency ratio P nput1  —— x W1
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. . —pp Input3  —— xW3
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| !
| + Output
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| ; .
| : Heating
! i energy
Inputm )j=+— xWm i consumption
b
Multiplication Sum Transfer function

Figure 2-18.Working principle and information flow of neural network models adopted from (Krenker, Kos et al.
2011)

ANN’s are simplified mathematical models that mimic biological neural network

{Guler et al., 2008}). They are not programmed conventionally but instead trained
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using historical data representing the performance of a system. As illustrated in
Figure 2-18, their generic structure comprises three main components namely; input
layer, one or several hidden layvers, and an output layer. Every single layer
encompasges geveral neurons in which each one is linked to other ones in the adjacent
laver with various weights. Overall, information flows into the input layver, through
the hidden layer(s), to the output layer. Each entering signal, which comprises a
given parameter value such as, insulation thickness (c¢m), or glazing ratio (%), is then
multiplied by its corresponding neuron weight and summed up with the bias
contribution to determine the total input of hidden laver neuron (netj). An activation
function will be applied to the latter to define the output of neurons, electricity
consumption, for instance. However, it should be noted that this is just a generic
description because the relationship between the three layers can vary widely from
one ANN model to another. For example, in the Feed-forward ANN models, the flow
of information is mono-directional with no back loops, whereas in the Recurrent ANN
models, information is transmitted forwards and backwards as presented in Figure

2-19.
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Figure 2-19.The structure of Feed-forward (left) and Recurrent artificial neural network models (Krenker, Kos et al.
2011).

B.  Applicability and Life-cycle stages relevance
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A generous amount of work has been devoted to using ANN models in the residential
sector since originated in the 1990°s. It has been mainly confined to utility load
forecasting due to their ability to represent nonlinear processes. In general, the scale
of those studies ranges from a single dwelling to few oneg, although there is an
exception of one work of {Aydinalp, Ismet Ugursal et al. 2002} on the Canadian
national scale. Table 2-7 (below) summarises some kev studies in this particular area
based on the structure of the ANN model, its inputs, training process, and predicted

variable(s).

For example, Kalogirou and Bojic (2000), to assist designers in the process of
assessing the efficiency of passive solar design, emploved four layers recurrent ANN
model to predict the hourly energy consumption of a passive solar holiday home in
Cyprus during summer and winter. This was achieved in function to the following
variables {(inputs) namely: the level of insulation, masonry thickness, nature of heat
transfer coefficient {constant/ variable), and time of the day. The author concluded
that model’s prediction was satisfactory and quick than dynamic simulation tools.
Two years later, Mihalakakou et al. {2002} developed feed forward back propagation
ANN model for estimating the hourly electricity consumption of a residential building
in Athens based on several climatic parameters such as air temperature and solar
radiation. The model was trained with hourly energy consumption data of the
building collected over five yvears. Although the predicted results were satisfactory,
the potential of the collected multi-vear data in showing the annual changes was not

utilised as dates were not entered as an input.

In addition to load forecasting at the operational phases, ANN models were also
employed at early design stages. For instance, Ekici and Aksoy (2009) developed a
back propagation ANN maodel to predict the heating demand of three building designs
based on orientation, insulation, walls thickness, and transparency ratio. Energy
consumption data, which were calculated using the finite difference method of

transient state one-dimensional heat conduction, were employed to train the model
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inside MATLAB ANN toolbox. Following the same process, Dombayvct (2010)
predicted the hourly energy usage of a house during the design stage but the used
ANN model was trained with energy consumption data calculated by degree hour
method. This calculation was based on temperature record obtained from a local

metrological station and covering the period from 2004-2007.

Table 2-7.some relevant examples on ANN energy prediction models in the residential sector

Typeof ANN I nputs Estimated Training
R h model parameters  datasets data
esearcher (s) resolution
-level of insulation
-masonry thickness ~ The hourly
(Kalogirou, Four layers  -heat transfer igﬁrs%%ption Trained with 1-
Bojic 2000) recurrent ANN  coefficient of a passive year data
house
-time of the day
The hourly
. feed forward  -hourly air electricity Trained with
(Mihalakakou, consumption  five years
) back temperature
Santamouris et . ) of a hourly energy
propagation total solar ; . N
al. 2002 - residential consumption
ANN radiation buildingin  data
Athens
] - orientation Heating
(Ekici, Aksoy rc? bacation - glazing ratio demand of
2009) P ZaNgN - level of insulation three design i
- wall thickness proposals
Hourl . .
A back - orientation energ)}/l Trained with
(Dombaye1 oropagation glazing ratio consumption ter;r:re years
2010) ANN - level of insulation of ahouse cons?}r/n tion
- wall thickness during the q P
design stage aa
-Indoor/outdoor
daily temperatures .
(Olofsson feed forward Heating
’ back -Heating energy energy
Andersson i q d demand of -
2001 propagation - deman single family
) ANN ;
dwellings

-electricity energy
consumption




77 Energy planning approaches for supporting physical strategies

Apart from load prediction, ANN models have been also utilised in optimising or
enhancing the performance of energy management systems. For example, in an
attempt to save the electricity used for water heating, Wezenberg and Dewe (1995)
adopted some ANN models in generating an operation schedule for a residential water
heating system based the cheapest tariffs and without compromising the thermal
comfort. This was performed by training the models with historical tariff rates,
ambient temperature, humidity rates, and time data (hour, day, month, year, specific
holidays}. Other applications than energy forecasting in the residential sector such
as control of power generation systems as well as solar radiation and wind speed
prediction, is outside the scope of this research. Therefore, please consult the work

of {Kalogirou 2006}.

C. Advantages of artificial newral network tools and approaches

e In contrast to statistical approaches, the ANN ones have a higher prediction
accuracy due to their ability to implicitly identify all nonlinear relationships

between inputs and outputs {Swan, Ugursal 2009).

o The process of ANN model training can handle several algorithms (Aydinalp-

Koksal, Ugursal 2008).

e In a widely cited work by Avdinalp et al. {2002), the developed ANN models
showed their ability in evaluating the impact of socio-economic factors on end-

energy use,

D. Disadvantages of artificial neuwral network tools and approaches

e ANN models have a limited ability to make the relationship between variables
explicit. Furthermore, they cannot directly deal with uncertainties (Guler et al.,

2008).
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e ANN modelling is not cost effective since enormous historical data and

computational resources are required (Zhao and Magoulés 2012).

e ANN models are exposed to overfitting issues in the data training process, which
means that the trained ANN model might consider noise as part of the data
pattern. As a result, predictions made are outside the range of the training (Tu

1996).
e They are not flexible in assessing the effect of building conservation measures

e In contrast to engineering approaches, ANN models cannot be generalised to
different buildings under various conditions {e.g. Weather and occupancy). This

requires a new ANN model for each building/ situation (Foucquier et al., 2013).

2.3.2.2 Support vector machine (SVM) approaches

Support vector machine {SVM) is a supervised machine learning algorithm that is
well-known for its robustness and accuracy. Like ANN, SVM models have to be
trained with historical data representing the behaviour of a system. Due to its ability
to solve nonlinear regression and classification problems, SVM is increasingly being
employed both in research and industry since first implemented by {Cortes and
Vapnik (1995). The principle of SVM in solving a classification problem is based on
the division of a dataset into sub categories, whose properties are specified by the
user. On the other hand, it is premised on describing a given dataset by a particular
equation whose complexity is defined by the user, if the main concern is to tackle a
regression problem to forecast future trends in the data. The prediction principle

using SVM will be addressed in detail in the next section.

A, Prediction principle using SVM regression
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The aim of using SVM for regression is to seek the optimal model generalisation to
promote sparsity. Let us consider a given training dataset[(xq,Y0),---» (tn V). X4,
y; represent the input and output space, respectively. For example,x; denote
household income values, whereas y; are energy consumption values. To solve a non-
linear problem such as, energy consumption, the non-linearity between variables x
and y has to be transformed using linear mapping (or transformation) through two
steps. The first step consists of projecting the non-linear problem into a high
dimensional space known as the feature space. After that,f(x) the function fitting
best the behaviour of the problem has to be determined in the feature space. The
uniqueness of SVM ig that it allows an uncertainty € in the regression model. This
means that any error less than € in the SVM model is tolerated. The function f{x) is

defined as follows ( Equation 2-18) (Cortes and Vapnik, 1995);

f(x) =<w,p(x)>+b Equation 2-18

Where ¢ is a variable in the feature space (high-dimensional space} and <, > is a
scalar product. b and w are defined in function of an optimisation problem known as

the primal objective function Equation 2-19 and Equation 2-20 {Cortes and Vapnik,

1995).
1 I Equation 2-19
ming g 50112+ C ) (& + )
i=1
Subject to Yi—{w,@X))—-b<e+¢ Equation 2-20
(@) +b—y; <€+
§y$i =0

C (known as regularisation parameter}, represents the trad off between the flatness
of f and the first larger value than € defined by the user. & and & are the slack
variables enabling the constraints flexibility {(Figure 2-20}). Finally, the second step

to make the complex non-linear map a linear problem is to apply a kernel function
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without the need to evaluate®(X) as follows Equation 2-21 (Cortes and Vapnik,
1995);

k(x, %) =< (p(x),(p(x,) > Equation
2-21

There are three types of Kernel functions namely: linear, polynomial and radial.
Choosing the right kernel is very important since it has an enormous impact on the
learning ability and generalizability of SVM algorithm which in turm affect its

prediction accuracy.

Obsgerved

-

Figure 2-20. SVM regression function with slack variables, observed and predicted data points
(tripod, 2015)

B. Applicability in the building lifecycle

Since first adopted by Dong et al. {2005) for energy forecasting until now, the use of

SVM models has been mainly confined to predicting energy consumption and
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temperature of individual buildings (mostly commercial or administrative} during
their operational stages {Ahmad et al., 2014). However, recent work done by {Son et
al. (2015} used SVM regression models to predict the electricity consumption of
government owned buildings in the early design stages. This was achieved by first
retrieving the relevant parameters by applying a variable selection algorithm called
RreliefF. Afterwards, the SVM model was trained with an existing dataset for 175
government owned buildings. The trained SVM could predict the energy consumption
of public buildings during the design stages but with Mean Absolute Percent Error
(MAPE) of 35% which means that the SVM prediction accuracy is reasonable

according to Lewis scale {Lewis, 1982).

On the other hand, many publications have addressed the prediction of electricity
consumption in non-residential buildings during the operational stages using SVM
regression models. For example, Lai et al.(2008} forecasted the electricity
consumption of a building over three months after the SVM model had been trained
with electricity consumption data measured over one year period. The authors
obtained a satisfactory match between measured and predicted data. Similarly, Li et
al.(2009} compared the prediction accuracy of a back propagation neural network
with an SVM model while forecasting the cooling load of an office building in
Guangzhou in function of outdoor dry-bulb temperature, humidity, and solar
radiation. The results have shown that the SVM model had a better prediction
accuracy than the ANN model. Similar findings were reported one vear later by {Li
et al. (2010} after the following models namely; SVM, back propagation neural
network, radial function neural network, and general regression neural networks have

been emploved to predict the annual electricity consumption of 9 office buildings.

In an attempt to address the lack of studies applying SVM to residential buildings,
Jain et al.{2014) questioned the applicability of SVM regression models for

forecasting the energy consumption of multi-family buildings. This was achieved by


http://www.vanguardsw.com/business-forecasting-101/mean-absolute-percent-error-mape/
http://www.vanguardsw.com/business-forecasting-101/mean-absolute-percent-error-mape/
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investigating the accuracy of the employed SVM regression models in function of
different temporal (e.g. Hourly and daily) and spatial granularity of the measured
electricity consumption data. Their findings suggested that SVM can be extended to
cover energy forecasting of multi-family buildings as long as the measurements used
to train the SVM model are performed at least at every floor and with a minimum

of 1-hour interval.

C. Advantages of support vector machine approoches

o Comparatively to existing artificial intelligence approaches, SVM for regression

have shown better accuracy.

e In contrast to artificial neural networks, SVM for regression are less prone for
over-fitting issues due to their regularisation parameter C.

D. Disadvantages of SVM tools and approaches

e One of the limitations of SVM for regression is the lack of a universal method

for selecting the appropriate Kernel function (Yilmaz et al., 2015).

e SVM are not cost-effective since they are computationally more expensive to

train and test when using large datasets.

e SVM for regression do not rely on 3D models. Hence they are not flexible in
assessing energy conservation measures, and their adoption by urban planners is

complex.

2.3.3 Hybrid methods

Hybrid or Grey-box models, as called by others, were first introduced in the early

1990s to improve HVAC control systems efficiency (Foucquier et al., 2013). Generally
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speaking, thev are based on the idea of combining physical, statistical, and artificial
intelligence models when data samples are reasonably small, incomplete, or subject
to uncertainties (Zhao and Magoules, 2012}, This leads the way to three possible
strategies {Table 2-8}. The first one involves the estimation of optimal physical
parameters with the help of machine learning algorithms through the combination of
one-dimensional heat transfer models with optimisation algorithms (Genetic
Algorithms usually). On the other hand, the second one consists of describing the
dwelling behaviour by implementing a learning model through the use of statistics.
Finally, the third approach, which not referenced in building energy prediction
literature according to Foucquier et al. (2013), comprises the employment of
statistical models in areas where physical/ thermodynamic models are inadequate or

inaccurate. For example, when the thermal properties of a given room are unknown.

Table 2-8.Possible strategies of hybrid approaches

Possible hybrid approach Approachesinvolved Common pur pose of use

1 e Engineering Estimation of optimal physical parameters
o Artificia intelligence

2 o Artificial intelligence Describing the building thermal behaviour
o Statistical
3 o Statitics Estimation of optimal physical / techno-
e Engineering socioeconomic parameters which could have

been missing or inaccurate.

2.3.3.1 Applicability and Life-cycle stages relevance

From analysing the dedicated literature, grey-box models are mainly used for the

estimation of optimal physical parameters and energy consumption prediction to a
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lesser extent. However, despite the fact that they are not directly linked to energy
prediction modelling, the determination and optimisation of such parameters to
achieve low-energy consumption, certainly assist urban planners in their physical
improvement strategies. This does not only apply to the design stages but also the
operational ones. For example, Yuce and Rezgui (2017) combined Artificial neural
networks (ANN) with a Genetic algorithm (GA) as an attempt to reduce the energy
consumption in buildings without affecting the thermal comfort of elderly occupants.
To achieve that, the authors first compensated the lack of historical energy
consumption data on the pilot building by utilising building energy simulation tools
such as Degign builder. More precisely, the 3D model of the select building was
simulated under different conditions {e.g. Lighting and temperature}, and the inputs
and outputs related to each simulation scenario were exported in a separate file.
Next, the scholars identified the most influential parameters on energy consumption
by using principal component analysis (PCA} and multiple regression analysis. Based
on those factors, an Artificial neural networks energy prediction model was
developed. Finally, a Genetic Algorithm-based optimisation tool, which uses the
trained ANN model as a predictor (cost function engine), was built to generate
optimised energy savings rules. The authors reported 25% of energy reduction in the
pilot building located while satisfying the thermal comfort preferences of the

occupants.

Similarly, Znouda et al. (2007} used Hybrid models to assist the energy planning in
the design stages. The authors coupled an energy simulation engine, which was
specifically developed for Mediterranean weather namely; CHEQPS, with a genetic
algorithm to retrieve the optimum architectural and physical parameters (e.g. Wall
thickness, level of insulation and orientation); consequently, improve energy
efficiency in summer and winter. The strength of this approach lies in its simplicity
as only a few parameters are involved. However, other variables related to occupancy

and which have a noticeable impact on energy saving were absent in this study.
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On the other hand, Tuhus-Dubrow and Krarti (2010} followed a similar procedure
but with a different energy simulation engine (DOE-2). More specifically, the authors
determined the most efficient dwelling form(s} for amongst U shape, L shape T shape,
H shape, trapezoidal, and rectangular across five different US climatic zones. The

findings suggested that the two latter shapes were the most efficient.
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Figure 2-21.The structure of the hybrid energy prediction model developed by (Hygh, DeCarolis et al. 2012)

Apart from combining artificial intelligence algorithms with engineering methods,
there also studies that merged statistical regression methods with building simulation
tools. For instance, Hygh et al. (2012) proposed a multivariate regression model for
predicting the energy consumption of medium size rectangular shape dwellings in 4
major climatic zones in the US. As shown in Figure 2-21, It was achieved by first,
investigating the range of parameters that are frequently changed at the early design
stages and likely to affect energy consumption through analyvsing the dedicated
literature. These factors include; building area, number of stories, aspect ratio,

orientation, glazing ratio, and U-values of walls and windows. Secondly, based on the
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possible min-max values of each parameter, Monte Carlo simulation was adopted to
incorporate all possible inputs probabilities and replace default wvalues in the
referential thermal model. Thirdly, all the resulting iterations were embedded in
EnergyPlus simulation engine using Perl script before computing the annual energy
consumption of each scenario. Afterwards, the rich data base generated by Monte
Carlo simulation, which contains the latter and the randomly selected values for each
parameter, was used to develop multivariate linear regression model. Similar
approach was also adopted by Asadi et al.(2014).

As for operational phases, Guo et al. (2011}, for instance, applied a grey model to
forecast the energy consumption of a water heat pump in some dwellings. The
experiment also tested the impact of data sampling interval on the accuracy of the

prediction. The authors concluded that four weeks was the best interval.

2.3.3.2 Advantages of Hybrid approaches

e (Grey-hox models are an excellent alternative to ANN and statistical regression
models when there is a limited number of parameters, or data samples are

reasonably small {(Foucquier et al., 2013}.

e  Unlike engineering methods, the hybrid cnes do not require a detailed description
of the building geometry and thermal properties of its envelope. Furthermore,
their outcomes can be interpreted from a physical point of view {Foucquier et

al., 2013).

2.3.3.3 Disadvantages of Hybrid approaches

e  Hybrid models require a considerable amount of computation time and resources.

e Although Grey models offer great flexibility, their implementation for urban
energy planning purposes requires a high level of support and training because

they combine two distinct approaches.
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2.4 URBAN SCALE (BOTTOM —UP) APPROACHES

Urban energy forecasting models to assist physical improvements are mostly bottom-
up models (Heiple, Sailor 2008). This implies that the energy demand or CO2
emission of the residential stock of an urban area are forecasted in function of a
representative sample usually via extrapolation. This is often referred to as
“Archetyping” or “Clustering” in the literature (Jones, Lannon et al. 2001). It should
be noted that other bottom-up models described by Swan and Ugursal (2009)
utilising appliances distribution and samples are analysed in chapter 3 due to their

support to socio-economic improvements.

From examining recent literature, three main approaches namely; GIS energy
forecasting, CityGML based semantic energy modelling, and Bottom-up statistical
models, were distinguished. These models are mainly emploved in the calculation of
energy demand, identification of areas with potential energy savings, and the
evaluation of certain measures’ effectiveness {Saran et al., 2015). However, since their
prediction accuracy depends heavily on the inputs’ level of detail, all of these methods
are still facing two major obstacles. The first challenge is related to the lack of data
availability which leads to either making assumptions or utilising time-consuming
data collection methods such as surveys to compensate this shortage. Secondly, there
is an issue of computational resources which can be only solved by finding the right
compromise between the outcomes’ accuracy and computation time. The subsequent
sections will discuss these approaches in more depth in terms their structure and
prediction pipeline while putting them into context through analyvsing relevant

examples.
2.4.1 2D GIS based urban energy planning and forecasting models

2.4.1.1 Structure
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In general, the majority of GIS based urban energy prediction models, despite their

diversity, are composed of the following six components:

e Inputs: mostly comprise variables which describe the physical characteristics of
the dwellings and standard occupational schedules data. Variables like dwelling
age, dwelling typology, heated ground floor area, are the most encountered in
the literature (Mavrogianni et al., 2009; Rylatt et al., 2003; Jones et al., 2001).
The collection of such data is attained through different types of surveys ranging
from visual inspections to energy audits, and from GIS mapping tools or existing

databases (e.g. government data).

e Assumptions: usually apply to some variables which describe occupants’
behaviour as well as the thermal performance of dwellings such as household size,
patterns of presence at home, patterns of heating, level of insulation, U-values,
type of HVAC systems, main fuel for heating, efficiency of HVAC systems, and

water tank size {Swan and Ugursal, 2009: Jones et al., 2001).

e Baseline models: The estimation of energy consumption at the urban scale {in
a bottom up fashion) is produced with the help of baseline models which are
usually physically based ones such as BREDEM (the building research
establishment domestic energy model). The inputs requirements and complexity
of energy prediction varies from one baseline model to another. Reviewing
baseline models is beyond the scope of this research: please refer to the work of

(Kavgic et al., 2010).

e Calculation engine: it is the software in which baseline models or algorithms
are incorporated to perform energy consumption calculations. SBEM (simplified

building energy model) is an example of calculation engines.

e Data exchange module: it allows the transfer of data between the GIS

platform and calculation engine. For instance, Mavrogianni et al. {2009) adopted
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a dynamic data exchange (DDE)} to transfer data between the BREEM

gpreadsheet and GIS database.

e GIS platform: Although it provides certain geometric inputs, a GIS platform
is mainly dedicated to visualising the energy consumption or C(2 emission of

buildings using thematic or choropleth mapping techniques {Batty, 2007)

2.4.1.2 Conventional prediction Pipeline

Project’s
circumstances

Existing
databases

Energy
Data collection ‘ consumption/
demand estimation

Baseline model ‘
selection

Outputs s
- Model validat
visualisation on GIS odetvaiication

Figure 2-22.Conventional prediction process of 2D GIS based urban energy planning and prediction models

Generally speaking, the process begins with determining the type of the baseline
model and its calculation engine based on the aim of prediction, availability of inputs,
envisaged accuracy, time, and availability of resources Figure 2-22. Once determined,

although not necessary if it is available, data will be collected using various methods
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as mentioned at an early stage. After that, the geometric variables extracted from
GIS along with the collected data will be inserted to perform the calculation. This
will be followed by a validation process that will compare the outcomes with existing
databases such as regional statistical data (top-down consumption data)
(Mavrogianni et al., 2009). If there were not a good agreement between both datasets,
inputs would be checked and adjusted accordingly. Finally, with the help of data
exchange module, GIS platform will automatically geolocate and visualise the outputs
on the 2D map of the studied urban area. However, this process can vary from one
study to another. Therefore, a comparative analysis of the prediction processes of

two well-cited examples has been presented in appendix A.1.2.

2.4.1.3 Applicability in the building lifecycle

2D GIS based tools are mainly emploved in the operational phases of the building
lifecycle to estimate and compare the energy consumption or CO2 emission of
building areas before and after physical improvement measures (e.g. renewable
resources, retrofit, etc...) have been applied. Furthermore, to determine building areas
with potential energy savings. For example, Jones et al. {2001) estimated the annual
energy consumption of Neath Port Talbot residential sector, UK, in function of a
representative sample composed of 100 archetypes of dwellings. After that, certain
physical measures included in the UK home energy conservation act (HECA} such
as, water tank insulation, were applied to the archetypes whose energy consumption
values were re-estimated accordingly. Finally, the archetypes were extrapolated in
GIS to thematically visualise the energy consumption and CO2 emission of the whole
residential sector before and after physical improvements. Similarly, Heiple and Sailor
(2008) estimated the energy consumption of the building stock in Houston, the USA
in function of 30 archetypes composed of 8 dwellings and 22 commercial buildings.
Secondary databases, more precisely residential energy consumption survey (RECS)

and GIS lot tax database, were used to retrieve geometric parameters, thermal
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characteristics, and age of buildings. After the total energy consumption had been
calculated using a building simulation tool eQUEST, the outcomes were mapped into

a (GIS platform to visualise the hourly energy consumption at 100 m grid resolution.

2D GIS based approaches have also been highly associated with renewable energy
planning in the literature. For instance, Aydin et al. (2013} and Janke (2010} adopted
2D GIS to identify suitable areas for solar and wind farms, as well as pumped storage
hvdro plants. Kucuksari et al. (2014} has recently suggested a framework integrating
2D GIS, optimisation algorithms, with simulation engines to assist the placement
and dimensioning of solar panels in dense urban areas. In addition to that, 2D GIS
approaches played a significant role in evaluating the benefit of expanding district

heat systems in particular studies Nielsen and Maller {2013).

2.4.1.4 Advantages of 2DGIS approaches

e Have the potential of being integrated into urban planners’ everyday life, since

GIS tools are increasingly being adopted in urban planning.

e They are good for analysing and communicating potential renewable energy

areas.

2.4.1.5 Limitations of 2DGIS approaches

There is a lack of universal guidelines on the processes, nature, and granularity

of parameters involved in this approach.

Energy forecasting using 2D GIS based approaches require a considerable amount

of computation time of resources since they rely on building simulation tools.

2.4.2 CityGML (3DGIS) urban energy planning and forecasting models
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The growing interest in 3D CityGML models over the recent vears, the widespread
use of laser scanning, and the availability of high-quality sensing data (e.g. LIDAR)
have led many researchers recently to shift the focus from conventional 2D GIS urban
energy planning models towards CityGML (3DGIS) models. This change was mainly
characterised by exploring its spatio-semantic capabilities to improve or assist urban
energy planning decision making (Strzalka et al., 2011; Kriiger and Kolbe, 2012;
Groger and Plimer, 2012). Before addressing the structure and prediction process of
3D CityGML urban energy forecasting models, it is important to provide a brief
overview of CityGML, its thematic modules, and geometry representations.

CityGML is an XML object-oriented information modelling approach for
representing, storing and sharing 3D city model data. It provides the standard
mechanisms that govern the description of different 3D objects in relation to their
geometry, semantics, and topology. To describe and organise all urban environment
features, CityGML is equipped with ten core thematic modules including building,
vegetation, relief, and others as illustrated in Figure 2-23. However, other features
such as the ones related to energy forecasting or noise propagation, can also be added

through application domain extensions {ADE) (Kriiger, Kolbe 2012).

The building module, which is the backbone of CityGML, permits the geometric as
well as semantic representation of buildings and their elements (Kolbe, Groger et al.
2005). Buildings in CityGML possess the following attributes namely; class, address,
usage, function, roof type, buiding height, number of floors, year of construction, year of
demolition, and eross-reference nuwmber, in which the three later attributes are shared
among all types of buildings and their components. The cross-reference number
facilitates the update of objects’ features and also the extraction of additional

information from other databases.

Apart from semantic properties, the geometric description of buildings ig built upon
the GML 3.1.1 Model {ISO 19107) developed by Cox et al. (2002). Therefore,

buildings can be represented as solid or multi-surface geometry. However, solid
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representation is preferable for energy related applications since the calculation of
volumes is a straightforward task (Gréger, Plimer 2012). Furthermore, boundaries
or surfaces shared between two solid objects can be easily identified due to the XML

link concept (Kolbe, Groger et al. 2005).
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Building Module
CityFurniture Module
LandUse Module
1
1

2
L 2 ityObj . .
_g 3 E CityObjectGroup Module \ Thematic
E = p Transportation Module kMgdums
a S
2 2 S Tunnel Module
5| 1| 3
< g E Vegetation Module
a
© < g Waterbody Module
Relief Module /
Noise ADE l
Energie ADE > ADEs
Many more ADEs..... /’

Figure 2-23.CityGML thematic core and ADE modules (Groger, Plimer 2012)

One advantage of CityGML over other 3D city models formats lieg in its flexible
discrete level of detail (LOD) which is not only confined to geometric but also
semantic characteristics (Chalal and Balbo, 2014}. However, since the granularity of
geometric as well as semantic information varies from one LOD to another, the
chosen level detail(s) influence the energy prediction accuracy. For instance, a
building with a gabled roof in LODI is represented as a block resulted from the
extrusion of its footprint with a flat roof surface, whereas in LOD2, it processes a
rough gabbled roof structure, which certainly has an impact on the building heated
volume calculation. For more information on the CityGML levels of detail(s). please
refer to appendix A.1.3. The wide adoption of BIM 3D models and 3GDIS systems
in the architecture, engineering, and construction industry over last few years has led

a lot of researchers to investigate the interoperability between IFC (industry
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foundation class} and CityGML (Hijazi et al., 2009; Mignard and Nicolle, 2014). This

will be subsequently discussed in more detail in the 2.5.2.1.

2.4.2.1 Different approaches to interoperability from IFC to CityGML

A lot of ink has been shed on developing approaches to facilitate interoperability

hetween IFC and CityGML {Amirebrahimi, Rajabifard et al. 2015).

Table 2-9.Principles, strengths, and weaknesses of existing interoperability approaches between IFC and CityGML

Approach

Approach Princ Relevant Example Strengths Weaknesses
rinciple
- Unidirectiona  (Nagel and Kolbe, -Widely Supported by -Loss of information.
conversion from 2007) commercial software
IFCto packages. -Conversion to lower
CityGML (Isikdag and LOD (LOD1, LOD2).
Approach Zlatanova, 2009) -Benefit urban planning
1 applications. -Focused on geometric
(Nagel et al., 2009) transformation issues.
-Extensive post-
processing is needed.
unifying (El-Mekawy et al., -Intends to bridge the -Remainsfairly at the
approaches (Bi- 2011) interoperability gap conceptual stages.
Approach directional (Xueta., 2014) between |FC and
2 conversion) CityGML.
Extending the
CityGML
model by either;
& Introduction (Groger et al., -Ability to model and - Nomenclature issues.
of generic 2012) exchange new features
city objects. in CityGML. -The validation of
Approach gen_eri ¢ objectsand
3 attributes represent an
issue for XML parsers.
b- Using (Van Berlo, 2009) -Defined by an -Massivefile size
Application additional XML schema
extension to avoid nomenclature -The combination of
domain conflicts. different ADE modules
(ADE) isnot possible

-Widely adopted for
urban energy planning
applications.
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Table 2-9 (above) summarises the principles, advantages, and limitations of existing
interoperability approaches between IFC and CityGML. Overall, there exist three
distinct approaches to interoperability between CityGML and IFC namely:
unidirectional conversion, unifying approaches (Bi-directional conversion) and

approaches based on extending the CityGML models.

GML:RoofSurface

IfcRoof

Plan2

Plan1

Ground Floor

GML:GroundSurface

Figure 2-24.Roof and slabs in IFC and CityGML

The first one consists of exchanging information between both standards in a
unidirectional fashion, meaning from IFC to CityGML or vice-versa. Unidirectional
conversion from IFC to CityGML is the most addressed in the literature and widely
supported by some commercial software packages such as FME (feature manipulation
software) or GeoKettle. However, none of them can generate 3D building models
which comply geometrically and semantically with CityGML standards Table 2-10
(Donkers et al., 2015). This is owing to the structural differences between IFC and
CityGML which cause a lot of loss of information during the conversion process.
Another drawback of this approach is that the geometric transformation to a higher
CityGML level of detail (mainly LOD3, LOD4) is still challenging and require
extensive post-processing as well as users’ judgement {Delgado et al., 2013; Boyes et
al., 2015). For example, in Figure 2-24, which depicts the conversion of a roof and

slabs from IFC to CityGML, it is clear that a slab in IFC is represented as a solid
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object and defined by an [FC class (ifeSlab). Conversely, in CityGML, it is composed
of two surfaces classified under CeillingSurface and FloorSurfuce or GroundSurface.
The upper surface is considered as floor surface for the upper building level, whereas
the lower one, represents a ceiling surface or ground surface for the lower building
level. As for CitvyGML Roof, the upper surface is a roof surface, whereas the lower
one is a ceiling surface for the bhelow storey (El-Mekawy et al., 2011). For more

information on unidirectional convention, please refer to appendix A.1.4.

On the other hand, some researchers like El-Mekawy et al. (2011) and Xu et al.
(2014) tried to bridge the interoperability gap in unidirectional conversion approaches
by integrating BIM with CityGML. This method is often referred to as unifying
information model or Bi-directional conversion in the literature. However, it is still
fairly at the conceptual stages and has not been implemented vet (Amirebrahimi et
al., 2015}. For more information on this approach, please refer to the work of Nagel

et al. (2009}

The third approach, which relies on extending CityGML model, can be performed in
two distinct ways namely:; 1) generic objects and attributes 2) application domain
extension {ADE) mechanism. The first method consists of using generic objects to
model and exchange features which are not predefined by existing CityGML thematic
classes (e.g. walls). However, this approach is limited due to the objects nomenclature
conflicts it can create between CityGML users. Furthermore, the difficulty of
validating the occurrences and layout of generic objects/ attributes by XML parsers
(El-Mekawy et al., 2011). Conversely, the second method relies on application domain
extension (ADE) in either introducing new properties to existing CityGML classes

{e.g. household size} or defining new object types.

According to the energy ADE developed by Kriiger and Kolbe (2012} for instance,
this integration is performed in two distinct ways. First, primary indicators variables

such as building age, number of accommodation units, and building usage, are
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directly retrieved from buildings’ semantic properties. Secondly, complex indicators
values {e.g. heated volume) are defined using complex functions. Further indicators
such as assignable area, can also be obtained from elementary indicators and other
complex indicators. The advantage of ADE over generic objects is that the former
overcome the nomenclature limitation of generic objects as it is defined within an
additional XML schema definition file with its namespace (Gréger et al., 2012).
However, despite this benefit, embedding information from IFC through ADE
CityGML extension can result in large file formats as claimed by El-Mekawy et al.
(2011). Nevertheless, ADE is the first-choice strategies for certain applications such

as urban energy planning.

Table 2-10.Evaluation of existing IFC to CityGML LOD3 converters

FME BIMserver IFCExplorer
Correct Explicit IFC Geometry X v v
Transformation of Geometry X X X
Correct Semantics X X X
ISO Validity of Geometries Equal to IFC Equal to IFC Equal to IFC

2.4.2.2 Structure of 3DCityGML urban energy forecasting models

Apart from the 3D thematic visualisation, energy ADE, and the used baseline models,
most 3D CityGML urban prediction models consist of a similar structure to the 2D

GIS ones. Overall, the components of these models are as follows;

e Inputs: comprises geometric and few semantic information which mainly
describe the physical as well as thermal characteristics of the buildings’ envelope.
Year of construction, usage, building height, volume, number of floors, assignable area,

U-values, are examples of common inputs in these models.

e Assumptions: Due to the difficulty of obtaining thermal parameters at the

urban scale, the majority of encountered studies in the literature apply some
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assumptions to internal gains, operating schedule, U-values, set temperatures,
and glazing ratios (Saran et al., 2015). For example, Nouvel et al. {2013) utilised
some existing German regional libraries of typologies to retrieve standard U-

values based on the dwelling size and ages.

Energy prediction models: are the algorithms used in the calculation of
energy consumption of homes (mainly for space heating). Besides recent studies
that utilised building energy simulation tools such as IESVE, researchers in this
field tend to employ steady state energy balance prediction models frequently.
Examples of such models include; the quasi-state model (ISO/FDIS 13790) used
by (Corrado et al., 2007; Nouvel et al., 2013) or DIN V 18399 adopted by Strzalka
et al. (2011}.

Calculation engine: unlike 2DGIS models and very recent studies in this area,
Excel-based simulation tools incorporating steady-state energy balance
algorithms such as Fraunhofer-IBP or EnerCalC, are used calculate the energy
consumption of dwellings. These engines do not rely on any 3D geometry to

generate results.

Data exchange modules: transfer inputs/outputs between calculation engine,

3D model, and external databases.

3D city models: are only confined to thematically visualising the outcomes,

although they can be used to extract some parameters such as volumes.

Energy ADE: as described previously, it is the module that facilitates the
generation and integration of energy related inputs in the 3D CityGML model

(Kriger, Kolbe 2012}.

2.4.2.3 Conventional prediction process of 3DCityGML approaches
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In contrast to studies on 2DGIS energy models, the choice of prediction models and
data collection methods have not been explicitly addressed in 3DGIS studies. This is
believed to be due to the influence of two key studies that endeavoured to define a
standard or universal inputs for this type of models. These are the energy atlas of
Berlin study conducted by Kriiger and Kolbe {2012} and the model developed by
Carrién et al. (2010}, For these reasons, it is thought that the prediction pipeline

begins with acquiring data as demonstrated in Figure 2-25.

Dwellings heights, footprints, and type are usually obtained from GIS or digital
cadastral databases, whereas utility companies provide energy consumption values.
Year of construction, on the other hand, is generally obtained from historical sources
{e.g. Raster maps). If 3D CityGML models covering the pilot area are not available,
the next step consists of generating a semantic CityGML model following two
possible strategies. First, it is possible to export different 3D formats to CityGML
format. However, cue to the lack or loss of semantic information after the format
conversion process occurred, the exported model is subject to a pre-processing phase
embedding all the collected data and fixing issues related to geometry. For example,
Carrion et al. (2010) emploved a well-known 3D files converter namely: Feature
Manipulation Engine (FME), and further pre-processing operations to convert an
Oracle file format into CityGML. The second strategy is to create a CityGML
semantic model from scratch using one or a combination of different modelling
techniques such as laser scanning and LIDAR, depending on the envisaged LOD and
prediction’s accuracy {Nouvel et al., 2013}. This can be time-consuming and

challenging for models with LOD2 or above.

After creating a CityGML model, with the help of ADE energy, further inputs such
as assignable area, are first obtained from the geometry of the building and existing
inputs then integrated into the model. Once these parameters are embedded,
dwellings with similar age and size are grouped into archetypes. After assumptions

covering thermal parameters (e.g. U-values) are made based on the age and size, the
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calculation of energy consumption {nsually heating energy) of these archetypes is
performed. This is achieved with excel-base software supporting steady-state energy
balance models. Afterwards, the outputs are validated against existing energy
consumption values and if necessary, certain adjustments are applied to the inputs
until a good match is achieved. Finally, the outputs are transferred to the 3Dcityeml

model with the help of a data exchange module to be thematically visualised.
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Figure 2-25.Conventional prediction process of 3DCityGML urban energy forecasting models

After analysing this generic process, it is so obvious that there is a major problem in
the transition from 2DGIS to 3D CityGML models as the processes in general and
visualisation patterns, in particular, are almost identical. This opens the door for the
following question “what is the point of investing more time or maybe resources in using

S0 City GML for energy prediction if the 2DGIS ones can perform the same task?”
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It is believed that the answer to this question is related to the fact that the great
potentials of 3D CityGML models are not fully utilised at this scale, yet. Indeed, the
majority of 3D CityGML energy prediction models are modelled in LOD1 or LOD2
at most which is unsuitable for this type of application. Furthermore, as explained
above the simulation processes are independent of the 3D city model, although the
majority of inputs are retrieved from it. This means that many factors such as impact
of shading devices, openings, and surrounding buildings, are not accounted for, which
results in a non-accurate estimation. Apart from the above issues, there is non-
consideration or negligence of occupancy effect on energy, which is evident in the

inputs.

The following two case studies aim to support the above claims by first demonstrating
the importance of 3D modelling level of detail on the outputs and secondly showing

possible strategies to enhance this process, respectively.

2.4.2.4 A comparative study of the suitability of different models for

energy prediction

Strzalka et al. (2011} compared the energy prediction accuracy of four LOD1 3D
CityGML models over two different years and following two distinct calculation
algorithms as shown the above Table 2-11. Although the prediction pipeline was
identical for all the compared models, the modelling techniques were different. For
example, in the first model, building dimensions were acquired with a 3D laser
scanner and U-values were estimated based on a regional dwelling archetype library.
The second one instead, employved U-values from energy audits reports, whereas the
third model utilised approximated dimensions and averaged U-values. Conversely,
the fourth model, which also used estimated dimensions, took into account window
orientation and measured U-values from energy audits reports. The heating energy
demand of every single model was calculated twice using two different algorithms

namely; a simplified transmission losses calculation method and an entire energy
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balance method {DIN V 18599). Overall, predictions made with the entire energy
balance algorithm were the most accurate over the two vears. Furthermore, the more
thermal and geometric characteristics are realistic, the more accurate the prediction
is, and reciprocally.

Table 2-11.Comparison between the accuracy of different CityGML modelling procedures Strzalka, Bogdahn et al.
2011)

Y ear

M odelling procedure 2009 2010

Deviation  Deviation Deviation Deviation
algorithm  agorithm  agorithm  agorithm

1 2 1 2
Dimensions from laser scanning and aver age -39% -22% -34% -10%
U-values
Dimensionsfrom laser scanning and -29% -13% -23% 1%
measured U-values
Average dimensions and aver age U-values -29% -19% -23% -5%
Average dimensionsincluding real window -20% -10% -13% +5%

orientation and measured U-values

The forth model attained the highest prediction accuracy across the two vears with
(-10% / +3%), whereas the third model was the least accurate with {-19% / -5%).
The authors concluded that a reason behind the discrepancies between the real and
calculated values of model 3 is due to the employed level of detail (LOD1). In other
words, gince the roof shape does not exist in LODI, the calculation of geometry
related parameters, such as, heating volume, was inaccurate for dwellings with a
gabled roof which represent 80% of the area. However, it seems that thermal
parameters are more influential than the geometric ones. This is evident in the

comparison between model two and four in which reducing the dimensions’ accuracy
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while keeping measured U-values in both, resulted in approximately -4.5 % deviation.

This could be due to the inputs weighting of the algorithm itself.

In the light of the above, it is clear that a level of detail of at least LOD3 has to be
met, and accurate modelling techniques such as 3D laser scanning have to be involved

to develop precise and reliable prediction models.

2.4.2.5 Applicability in the building life-cycle

CityGML based approaches have been mainly used in the operational phases of the
building life-cycle. More precisely, to target building areas with retrofits potentials
through diagnosing their heating demand {Nouvel et al., 2014). However, recently
their applicability has been extended to cover the identification as well as assessment

of renewable energy potentials across building areas (Saran et al., 2015).

For example, Carrién et al. (2010} suggested an approach to easily assess potential
refurbishment in building areas. This was first achieved by deriving parameters such
as storey heights and building age from the German cadastral information system as
well as scanned raster maps, respectively. Other parameters such as, building volume,
building height, assignable area, the surface- to-volume ratio, were extracted from
the atlas of Berlin CityGML model either directly or indirectly using functions. Once
these parameters were obtained, the heating energy consumption of the building area
has been statistically calculated in excel-based simulation tool using a degree day
model. Finally, the results were then compared to consumption values from existing
building libraries based on the building age and typology. Similar methodology and
process have been applied to areas in cities like Stuttgart, Hamburg, Ludwigshurg,
and Lyon in the work of Kriger and Kolbe (2012), Nouvel et al. {2013}, Bahu et al.
(2013), and Strzalka et al. (2011}, respectively. However, there is an exception for
the work of Kaden and Kolbe (2013} who extend the capabilities of this approach to

cover electricity and hot water consumption in residential areas. The estimation of
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electricity power demand was achieved by assigning the mean electricity values
published by Vattenfall utility company to each household in the building based on

their size while presuming that all of them possess similar appliances.

On the other hand, few studies have focused on exploring the potential(s) of
CityGML in assisting renewable energy planning. For instance, Alam et al. (2012)
proposed a method to assess the performance of PV gvstems through simulating roof
shading analysis for direct radiation inside a CityGML 3D model. This method, which
is similar to ray tracing in CAD rendering engines, comprises first triangulating all
roofs’ surfaces and drawing straight lines from their centroids towards the sun
direction. The second step consists of checking intersections between the sun ray
vector and other roof surfaces. Any triangle containing an intersection means that is
shaded. After that, shaded triangles were combined to represent the overall shaded

roof area.

Conversely, Saran et al. (2015) addressed the evaluation of PV systems from a
completely different perspective by proposing a new approach built upon
incorporating building energy simulation tools outputs into CityGML. This example

is detailed in the subsequent secticn.

A, Erample 2: A 3DCityGML wrban energy forecasting model based on building

energy simulation tools

As an attempt to bridge the interoperability gap between the building scale energy
simulation and 3D CityGML urban energy prediction models, Saran et al. (2015)
have recently proposed an interesting 3D CityGML energy prediction framework. It
is based on the principle of incorporating the detailed outputs offered by building
simulation tools such as IESVE, into CityGML to optimise the decision making
regarding potential renewable energy strategies. This was accomplished by following

a unidirectional process comprising six steps as illustrated in Figure 2-26 below.



105

Energy planning approaches for supporting physical strategies

Geometric parameters’ acquisition: to build an accurate CityGML LOD3
model, buildings’ footprints and precise dimensions were obtained using IKONOS

satellite maps and a total station survey, respectively.

Creation of 3D CAD model: this step consisted of creating a 3D CAD model
using the obtained geometric parameters and conventional CAD software which
is interoperable with building energy simulation tools through gbxml format. The
authors embraced Sketchup due to its 3D modelling efficiency, geolocation
features, its thermal modeller plugin and high interoperability with IESVE. Each
building component was assigned to a given layer complying with the structural

diagram of LOD3 and facilitating the conversion to CityGML format.

Generation of CityGMIL and gbxml models: with the help of Feature
Manipulation Engine {FME) converter, the SketchUp model was exported to
CityGML format. Similarly, a thermal model containing thermal zones, external/
internal walls, and windows, was created from the CAD model using gModeller-

Energy Analysis Sketchup Plug-in and then exported as a ghxml file.

Storage of CityGMIL model: to perform certain enquiries on the CityGML

model, it was imported and stored in a PostGIS database.

Energy simulation and integration with CityGML model: the researchers
emploved Suncast module in IESVE to assess the solar gain of different building
parts (e.g. Roof and walls) while considering shading surfaces, orientation, and
geasonal changes. Qutputs, such as the percentage of the irradiated area of
elements, were then integrated within the CityGML model in the PostGIS

database,

Semantic querying and outcomes visualisation: after the model had heen
enriched with more semantic information from the energy simulation tool, several

enquiries could be performed. This comprised for instance, where should solar
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panels be installed to generate 5 MW of power per annum (Figure 2-27} With
the help of query filter expression in java, CityGML displayed only the building

components with matching values.

Data acquisition
I— ——————————————————————————— L]
i 1
1| IKONOS Satellite * Georeferencing and
1 maps -,
1 map composition
1 "
Total station
I - - . - -
| survey * | Building detailed dimensions
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-Energy
Analysis
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with IESVE Suncast module
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Figure 2-26.The prediction process of the 3D CityGML urban energy forecasting model adopted by (Saran, Wate et
al. 2015)

year_:olar_pohenlial_kwhl
8030.511
6191,1432
5010.1632
15196,4598

11783.9904

6033.5424
312298074
32956.7502

9349.0812
31729.3746
30854.6612

5307.0336

Figure 2-27. An example of a semantic query showing solar panel installation surface areas with the potential of 5SMW
power generation per annum
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After analysing the above example, it is obvious it has demonstrated many potentials
regarding the process and visualisation pattern. Indeed, it is for the first time since
the adoption of CityGML in energy prediction applications, an out of the ordinary
thematic visualisation pattern was introduced. Furthermore, the potential of energy
simulation tools was not only utilised to provide a more comprehensive energy ADE
module than the one introduced by Kriiger and Kolbe {2012) but also to overcome
the limitations of Excel-based simulations models. However, since tested at the
building scale, it is believed that this model should be further evaluated at the wider
urban context to identify as well as address specific issues related to the significant
inputs/ outputs of energy simulation tools. Therefore, the undertaken research will
try to build on this study by not only considering these limitations but also the
potentials of conventional CAD tools (e.g. Sketchup), and advanced surveying

technologies such as 3D laser scanning.

2.4.2.6 Advantages of CityGML approaches

Unlike other city 3D model formats, CitvyGML can model and represent objects

in different level of detail(s) LOD geometrically and semantically.

CityGML approaches have shown lot potentials for the estimation of heating

energy consumption.

2.4.2.7 Disadvantages of CityGML based approaches

e  Their prediction accuracy relies heavily on the availability and quality of data

obtained from municipalities as well as onsite measurements {Nouvel et al., 2014).

o 3D CityGML models for a particular city/region are not applicable to another
since their development is mostly achieved using non-standardised data structure

specified locally.
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e  The interoperability between CityGML LOD3/ LOD4 and other standards like
[FC is still challenging and require extensive post-processing (Zhu and Mao,

2015).

e The potential of 3D CityGML models is not fully utilised for energy prediction
applications. Indeed, they are mainly dedicated for visualisation purposes except

providing certain geometric inputs.

2.4.3 Bottom up statistical methods

Since used to evaluate the impact of economic and technological factors on energy
consumption, top-down statistical models would be discussed in chapter 3. Statistical
bottom-up methods instead are based on correlating energy consumption/indexes
with influencing factors, mostly weather parameters. This is usually achieved by
applyving different regression analyses, either linear or multivariate, to sufficient
historical performance data {usually energy bills data}, although Bayesian and Monte
Carlo based approaches could also be emploved (Zhao and Magoules, 2012; Fumo
and Rafe Biswas, 2015). However, historical performance data must have a high level
of statistical significance to meet the accuracy requirements of energy planning
(Pedersen, 2007). Indeed, this is evident in the invaluable work conducted by Cho et
al.{2004}. More specifically, the authors developed regression models on the basis of
lday, 1 week, 3 months’ measurements that resulted in errors in the prediction of
annual energy consumption of 100%, 30%, and 6%, respectively. For this reason, in
addition to their ability to handle big data sets, statistical approaches are mostly
employed at the urban scale. However, their applicability can be extended to cover

the building scale as well, although it is uncommon.

2.4.3.1 Applicability in the building life-cycle
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—— | Real (operational) energy signature o Design energy signature

L Power consumption

Figure 2-28.depicts a comparison between the design and real (operational) signature models by

(Belussi, Danza 2012). It is clear that behaviour of building during the operational stage is different from

the design one since both curves are not overlapping.

After being trained with large samples of hundreds or thousands of dwellings,
statistical methods can be employed to estimate the energy consumption of entire
dwellings or the thermal characteristics of their components (e.g.U-values) in
function to influencing parameters (Foucquier et al., 2013). Such factors are not only
prominent for the evaluation of buildings energy performance but also the assessment
of energy management strategies or saving potentials during commissioning {Ghiaus,
2006). For example, energy signature, which is best fit straight line correlating energy
consumption with climatic variables, was adopted by (Belussi, Danza 2012) for two
main purposes. The first one is to check the conformity of certain buildings energy
performance at the operational phases against the one estimated at the design phase
as shown in Figure 2-28. On the other hand, the second aim consists of determining
potential savings through the comparison of their energy signature models in the

operational phase with the one in accordance with building regulations.
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As for determining thermal characteristics, Jiménez and Heras {2005), for instance,
compared the accuracy of two regression models namely; single output and a multi-
output auto regression with extra inputs, in predicting the U- as well as G values of
few buildings’ components. The results of the latter model had a better agreement.
with the measured values in comparison to the former. Furthermore, the predicted
values of windows in both models were more accurate than the ones of walls.
Similarly, Richalet et al. {2001) proposed an assessment methodology for single family
dwellings which consists of deriving the thermal characteristics through the
development of building energy sighatures using continuous onsite measurements.
Those thermal parameters are then used to determine a normalised heating annual
consumption hased on standards occupant schedule and weather conditions.
However, despite the fact that the authors intended to distinguish the impact of
occupants’ behaviour from climatic influences by evaluating occupied as well as
unoccupied dwellings, the potential of on-site measurement was not utilised for this
purpose. Instead, standard EU internal gains values and occupants schedules were
employed for all homes. Therefore, errors in the estimation of normalised annual
energy consumption were superior to 20% for some occupied dwellings. Indeed, Mejri
et al. (2011} supported this claim in the following statement “..model identification of
occupied buildings is difficult because the disturbances introduced by the occupants are

usually not measured.”

2.4.3.2 Advantages of statistical methods

e Unlike engineering methods, the statistical cnes do not depend on the 3D
geometry of the building since they are not based on thermodynamic models

{Foucquier et al., 2013).

e In comparison to other prediction methods, statistical models are less complex

to develop (Zhao and Magoules, 2012).
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e Statistical methods have a great ability to recognise and model the variation in

the households’ energy behaviour {Swan and Ugursal, 2009).

2.4.3.3 Limitations of statistical methods

e Since they rely primarily on historical data, their adoption is impractical in
certain cases where data is unavailable or cannot be measured (e.g. lack of

resources) (Pedersen, 2007).

e  Statistical methods are less flexible, detailed, and accurate than other approaches
due to their inability to solve non-linear problems. Therefore, their ability to
evaluate the impact of physical improvements is limited (Swan and Ugursal,

2009).

2.5 CONCLUSION

Chapter 2 has extensively reviewed different energy planning and forecasting models
supporting physical improvements strategies in the residential sector at both the
building and urban scales. This was performed in accordance with their advantages
and limitations while providing some relevant examples on their prediction pipeline

as well as applicability in the building life-cycle (Table 2-12).

At the building scale, engineering models, which rely heavily on buildings’ 3D models
and energy simulation tools, are characterised by their flexibility, user friendliness,
high integration with common CAD/BIM tools, and comprehensive outputs.
However, the large number of inputs requirement and involvement of calibration
procedures to generate accurate results in certain projects, represents their major
drawbacks. Nevertheless, they are still first choice models for physical interventions

at this scale.
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Table 2-12.summary of the Energy planning and forecasting approaches for supporting physical improvement
strategies in the building sector

Frequent  Approaches  Require Require Easyto  Prediction Applicability in

I ntervention 3D historical employ?  accuracy thebuildinglife-
scale models? data? cycle
Engineering Yes No Easy to Fair to Multi stages
moderate High including Design,
depending operational, and
on the mai htenance
complexity stages
of the
simulation
tool.
ANN No Yes No high Mostly
operational
. stages
Building Very limited for
scale .
design phases
SVM No Yes No Fairly high  Mainly
operational
stages
Very limited for
design phases
Hybrid Yes, if Yes, No Fairly high Designand
engineering  partialy operational
methods stages
are
involved
2D GIS Yes No Moderate Fair Operational
stages
3D Yes No Moderate Fair to Operational
Urbanscale  CityGML High stages
Bottom-up No Yes Yes Fair Operationa and
statistical mai ntenance
stages

On the other hand, artificial intelligence energy prediction models in general, ANN
and SVM particularly, do not rely on 3D models to proceed and can generate accurate
estimations due to their excellent ability to handle non-linear processes. However,
since trained with significant amount of historical data, they are inadequate when
only small data samples are available. Furthermore, unlike engineering models, their
main disadvantage is the lack of generalizability to represent the wider sample of

dwellings at the urban scale. Therefore, they are not considered in the undertaken
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research. Conversely, Grey box (Hybrid) models, which combine the strengths and
eliminate the weaknesses of the above approaches in addition to statistical ones, are
well-known for their great ability to handle problems related to small samples and
missing data. Thus, it could be possible to utilise this potential in case certain
parameters, especially the thermal ones (e.g. U-values and glazing ratio), are

unattainable.

As for the urban scale, the analysis of the 2DGIS and 3D CityGML energy prediction
models has unravelled the following gaps and issues. First, the potential of 3D is not
fully utilised in CityGML energy prediction models. This is evident in the similarities
between the prediction pipelines of 2DGIS and CitvyGML models. Furthermore, in
the adoption LOD1/LOD2 3D in the majority of studies, although the LOD3 is the
minimum level of detail for energy prediction applications as discussed at an early
stage. Not to mention the independence of 3D models from energy calculation
engines. In fact, both GIS and 3D CityGML models are only employed as
visualisation platforms. Secondly, there is a need to develop a new visualisation
pattern matching and reflecting the capabilities of 3D models instead of relying on
existing GIS thematic mapping. Finally, to the best of our knowledge, there have
been no studies that have attempted to utilise game engines for the support of energy
prediction application at the urban scale. Therefore, this research will try to fill this

gap by exploring their potential to enhance existing urban energy prediction models.

Owerall, all these models regardless of their intervention scale, nature, structure,
prediction process, and ability to discern socio-economic factors or not, share two
common issues. The first one is that the impact of occupancy on energy consumption
is underestimated since the majority of parameters are about geometric and
thermal characteristics of dwellings. Secondly, the variations in the households’
energy related behaviour and their socioeconomic circumstances are not accounted
for which is evident in their reliability on standard occupancy profiles. This certainly

supports the statement made in chapter 1 about the non-consideration of socio-
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economic aspects in the majority of studies on improving the physical aspect of

dwellings.
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Figure 2-29.The modelling framework of the proposed urban energy planning and forecasting model

Apart from the above problems and knowledge gaps, the analysis of this chapter has
also enabled the elicitation of the main physical modelling principles of the developed
3D Urban energy prediction tool, as illustrated in Figure 2-29, although this would
be discussed in depth in the following chapters. The prediction pipeline of the
envisaged 3D urban energy prediction tool is composed of 6 major steps namely; Data
collection, 3D CAD modelling, Energy analvsis, CityGML semantic modelling,
validation, and visualisation of the outcomes . First, data collection methods such as
Lidar data, 3D laser scanning, site analysis, and the analysis of existing data bases,
will he employed to obtain an accurate 3D CAD model in the subsequent phase. On
the other hand, the analysis of secondary data sources is utilised to build socio-

economic /occupancy energy module in step 4. Step 2 involves using a CAD modelling
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software tool such as Sketchup to generate a 3D model while complying with
CityGML LOD3. Afterwards, the urban 3D CAD model will be converted into an
urban thermal model and exported as a gbxml file format for energy analysis. The
next step involves the validation of the results with historical energy consumption
data. This will be followed by, exporting the CAD model as CityGML file for further
semantic energy modelling based on two distinct ADE modules; Energy and
socioeconomic/occupancy. Once achieved, the outcomes will be visualised after a new

visualisation patterns using the potential of game engines has been developed.



ENERGY PLANNING APPROACIHES
FOR SUPPORTING TECHNO-SOCIO-
ECONOMIC MEASURES

The third chapter aims to critically evaluate the energy planning and forecasting
approaches supporting the development of techno-socio-economic measures in the
restdential sector. This examination will be based on the frequent intervention scale, the
butlding life-cycle relevance, strength and weaknesses of each method while pointing out to

key studies from the literature.
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3.1 INTRODUCTION

From analysing the energy planning and forecasting approaches supporting physical
improvement strategies in the residential sector, it is clear that physical as well as
thermal characteristics such as size, orientation, and insulation thickness, have the
largest impact on households’ energy usage patterns. However, research has reported
considerable variations in the energy consumption of dwellings with similar thermal
and physical characteristics {Vringer et al., 2007). This is simply due to the influence
of other factors, techno-socioeconomic and psychological, maore precigely. Indeed, the
literature suggests that the contribution of such aspects to the reduction of
households’ energy consumption accounts for 4%-30% (de Groot et al., 2006); (Guerra
Santin et al., 2009}; (Longhi, 2014); (Sardianou, 2003). Considering that the majority
of the building sector in developed countries will benefit from physical retrofit
measures before 2020, urban energy planners, as well as policy makers, are certainly
exploring other alternative strategies to reduce the greenhouse gas emissions. From
this premise, developing new measures to tackle techno-socioeconomic energy related
issues and the households’ energy behaviour is of high prominence (Frederiks et al.,
2015). This argument was supported by Brounen et al. {2012} who believe that
“..However, much of the current debate reqarding energy efficiency in the housing
market focuses on the physical and technical determinants of energy consurnption,

neglecting the role of the economic behaviour of resident households.”.

This chapter does not only aim to provide a comprehensive review of the energy
planning and forecasting approaches supporting the development of techno-socio-
economic policies but also propose a new classification which considers new emerging
models. This comprises energy consumer segmentation. To maintain clarity and
consistency with the previous chapter, all these methods have been analysed
according to their common intervention scale, involved parameters, prediction
processes, strengths, and limitations. All those eleemnts have been supported by

relevant examples from the literature. It should be noted that psychological factors
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are beyond the scope of this research. Please refer to the extensive review of

{Abrahamse and Steg, 2009);(Sorrell, 2015);(Schot et al., 2016).

3.2 EXISTING CLASSIFICATIONS AND CHAPTER STRUCTURE

Energy planning and forecasting tools to address technological and socio-
economic energy related issues in the residential sector

Bottom-up (disaggregated) Top-down ( aggregated)

Technological Macro-economic

Archetyping Micro socio-economic

Figure 3-1.The proposed classification of energy forecasting approaches supporting techno-socio-economic measures
in the residential sect

Unlike the approaches supporting physical improvement in the residential sector,
whose clasgification is still debated among scholars as indicated in the previous
chapter, there is a general agreement in the literature on the categorisation of the
models supporting techno-socio-economic measures. This classification, which is
hugely influenced by the international energy agency (de Sa, 1999} and the extensive
review of Swan and Ugursal, (2009}, acknowledges two model types namely;
econometric and technological. Nevertheless, there is no a clear boundary between
the two categories since their combination is common. Indeed, the extent of macro-
economic or technological inputs in the model often defines its orientation. For
example, if a model contains more technological parameters than econometric inputs,

it is technologically driven and vice-versa.

Both categories (econometric and technological) are considered to be “Top-down”
approaches since they treat the residential sector as a single consumer or as an energy

sink (Béhringer and Rutherford, 2009}. Thus, the employment of aggregated data,
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which are often historical data and widely available from different sources such as
national agencies, is sufficient for long-term national or regional energy
consumption/demand forecasting (Krysiak and Weigt, 2015}. However, we have
noticed the non-congideration of approaches which utilise crogs-sectional or panel
data to estimate the energy consumption of different homogeneous consumer
archetypes at the disaggregated level. For example, Druckman and Jackson, (2008)
extracted socioeconomic characteristics of homogeneous households (e.g. blue collar)
from existing geodemographic segmentation system databases (e.g. Mosaic), to
predict the average energy consumption at the neighbourhood level with their
developed top-down model. Therefore, we propose to complement the invaluable
effort of the above authors by reviewing existing and the suggested approaches under
two main categories namely; aggregated and disaggregated as shown in Figure 3-1.
First, in the aggregated models section, macro-econometric and technological models
will be addressed. On the other hand, household energy segmentation approaches

and micro-economic models will be analvsed.

3.3 AGGREGATED MODEL

3.3.1 Macro-econometric models

The prediction of residential energy consumption using a macro-econometric
approach was first initiated by Houthakker (1951), although its adoption proliferated
in planning since the 1970’s energy crisis (Swan and Ugursal, 2009). In general,
macro-econometric models are utilised to understand past relationships between
energy expenditure and macro-economic predictors, including energy price, weather,
gross domestic product (GDP}, and population. This in turn would enable the
forecasting of future energy trends of this sector {Roberts, 2008; Baker et al., 1939;
Berkhout et al., 2004; Meier and Rehdanz, 2010). Subsequently, develop appropriate
energy policies both at the regional and national levels or estimate the financial effect

of economic shocks. Furthermore, enable international comparisons to be made. As
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such, these models often necessitate minor details of energy consumption processes

{high aggregation level) {Min et al., 2010).

3.3.2 Technological models

Technological models explain energy consumption by factors related to technological
changes such ag appliances ownership, efficiency and their patterns of usage. The
main goal of using this type of models is to help policy makers develop strategies
targeting the production, distribution, and households’ choice of appliances (e.g.
higher-efficiency appliances). However, technological modelling still suffers from
contradictive views with regards endogeneity degree of technological change. The
first group of scholars argue that technological change is endogenous. This implies
that its related factors interact with socio-economic parameters, mainly price
(Loschel, 2002). On the other hand, the second group, who represent the majority,
claim that technological change is exogenous. This means that technological
improvements are non-price driven and are usually represented by autonomous
energy efficiency parameters (e.g. The number of appliances) or exogenous future
technological assumptions known as “Backstop” {Gillingham et al., 2008; Ermoliev

et al., 2012).

The below section discusses the main drivers of aggregated energy usage through
analysing the relationship between energy consumption and the main macro-
economic and technological predictors in major developing countries including the

UK.

3.3.3 Factors affecting aggregated residential energy consumption

A- Gross domestic product (GDP) per capita
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Figure 3-2.variation in energy consumption in function of GDP per capita in major developed countries
between 1972 and 2008 adapted from (Reinhart and Rogoff, 2009)

Figure 3-2 is a multiple line graph which represents the wvariation in energy
consumption in function of GDP per capita in major developed countries between
1972 and 2008. Overall, it is clear that there is a positive relationship between GDP
and energy consumption in most countries. The exception applies the United States
whose energy consumptions decreased over considerable periods. Conversely, the
energy usage in Germany and the UK remained relatively stable over this period

despite the GDP growth in both countries.

In Spain, there has been a close tie between the GDP growth and energy consumption
growth with both increasing by an average of nearly 3% annually. Similarly, Italy,
Norway, and France witnessed a GDP per capita growth of 1.7%. 3.5%, and 2.56 %
accompanied with 0.7%, 4%, and 2.3% increase in energy usage per year,
correspondingly (Platchkov and Pollitt, 2011). As for Germany and the UK, who
witnessed an annual GDP growth of around 1.7% and 1.8% vearly over this period,

respectively, while the energy consumption remained relatively stable. This could be
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attributed to a combination of offshoring and energy efficiency measures. Finally, in
the case of the US, this decrease could be due to the energy price shocks that occur
in the mid-1970°s and 1980’s. Indeed, there has been a 1% yearly increase in energy

consumption accompanied with 3% increase in GDP since 1986.

In the light of the above, it is clear that gross domestic product (GDP) represents a

major determinant of energy consumption.

B- Energy price

Figure 3-3 shows the relationship between the average energy intensity (kg oil
equivalent per $2000GDP) and the average energy price in some developed countries
including the EU 15 countries between 1990 and 2005. In general, it is evident that
countries with higher energy prices consumed less energy and vice-versa.
Furthermore, across a range of countries, every 10% difference in energy price of a
country in comparison to another is associated with 10% less average energy
intensity. This suggests that the “price elasticity”, which is a measure of countries
response to the price change, is approximately -1. However, an exception to this rule
applies to Russia and the former Soviet countries due to other factors which

complicate this comparison and makes it non-meaningful.

For example, the USA with approximately half energy price of Japan used more than
the double of energy output per $2005 GDP unit of the latter. On the other hand,
France and Germany had almost half energy intensity due to their high energy prices,
which are almost 1.75 times the price in the USA. However, at the national level,
elasticities are typically smaller than the ones at the international scale. More
precisely, elasticities at a national scale often vary between -0.2 and -0.5 (Grubb,
2014). Moreover, a 10% increase in energy price is usually associated with 3-5%
energy reduction in the long-run. The persistence of higher energy prices in the long-

term provokes supply chain responses since hoth consumers and producers will
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gravitate towards less energy intensive products. This will also lead innovators to

introduce efficient products to the market (Kilian, 2008}.

Based on the above facts, it is clear that energy price is a major macro-economic
determinant of energy usage since it can change not only an economy direction but
also its production in the long-term. From this perspective, in the undertaken
research, all households’ energy expenditure will be transformed to energy quantities

to avoid any misinterpretation of the results.
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Figure 3-3. The effect of energy price on energy intensity in some developed countries between
1990 and 2005, adapted from (EEA, 2013).

C- Population and number of household

In the literature, a positive relationship between population and residential energy
consumption is usually reported (BEIS, 2013). For instance, as shown in Figure 3-4,
which represents the residential energy consumption against the urban population
growth in China between 1990 and 2012, the domestic energy nearly tripled as urban
population doubled (EIA, 2016). However, for certain developed countries with small
population growth rate, this effect is not explicit due to the implementation of energy

efficiency strategies. For example, the UK domestic energy usage slightly decreased
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by an average of roughly 1.35% despite a 0.85% annual growth in the number of
households between 2000 and 2014 according to the department of energy and
climatic change report (DECC, 2015b). Similarly, the US energy information
administration indicated that residential energy usage in US homes remained fairly
constant since the implemented energy measures did offset the increase in the number

of housing units, as depicted in Figure 3-5.
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Figure 3-4. Domestic energy consumption and the growth of Chinese urban population, 1990-2012 (EIA, 2012)
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D- Appliances ownership level and efficiency
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Figure 3-6.The change in the UK residential electricity consumption in relation to the increase in the total
number of appliances from 1970 to 2015 (BEIS, 2016).
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Figure 3-7. The degree of change in the annual energy consumption (KWh) of three appliances namely; washing
machine, television, refrigerator, in the UK between 1990 and 2030 (DECC, 2014a).

Electrical appliances have a considerable contribution to the overall domestic energy
consumption (Jones and Lomas, 2016). In particular, appliances ownership, which
has been extensively addressed in the literature, is seen as a prominent factor. Several

studies have acknowledged a positive relationship between the number of appliances



126 Energy planning approaches for supporting techno-socio-economic measures

and domestic energy use {Nielsen, 1993; Bedir et al., 2013; Wiesmann et al., 2011},
For example, Nielsen, (1993) after his research on the Danish residential sector,
concluded that 1 % increase in the number of appliances in Danish dwellings led to

(.35% rise in electricity usage.
Similarly, as illustrated in

Figure 3-6, there has been a rise of roughly 43% in the UK residential electricity
consumption as a result of a notable (1.5 billion increase in the number of electrical
appliances between 1970 and 2000. However, from 2010 to 2015, the overall electricity
usage dropped by roughly 10% despite a 0.1 billion increase in the number of
appliances during this period. This could be partially attributed to the improved
efficiency of some appliances including light bulbs (BEIS, 2016). For example, as
shown in Figure 3-7, which depicts the variation in energy consumption of certain
appliances between 1990 and 2030, the average annual energy of television dropped
from around 225 KWh in 1990 to approximately 150 KWh in 2016. Similarly, the
annual consumption of a refrigerator and washing machine decreased by 200 kWh

and 60 KWh, respectively, over the period from 1990 to 2006.
E-Use of appliances

The frequency and duration of usage of appliances have been included in certain
technological models {Saha and Stephenson, 1980: Haas and Schipper, 1993); due to
their impact on the overall domestic electricity consumption. Indeed, Bedir et al.
(2013) conducted a study on the determinants of the Dutch residential energy
consumption and found out that the duration of using certain appliances such as
HVAC and wet-appliances (e.g. washing machine), explained around 35% of the
variation in electricity consumption between dwellings. Similar findings were reported

by Bartiaux and Gram-Hanssen, (2005) for the Belgian and Danish residential sector.

In general, there is a positive correlation between duration and frequency of

appliances use and residential energy consumption; electricity more precisely (Jones



127 Energy planning approaches for supporting techno-socio-economic measures

et al., 2013). For instance, Sanquist et al.(2012) found a moderate positive
relationship between the use of laundry appliances and household size. However, this
relationship was not found significant for certain appliances. For example, Parker,
(2003) and McLoughlin et al. (2012) concluded that the frequency and usage of the
main cooking appliances such as electric oven, did not have any significance on the

Irish and US domestic electricity usage.

F-Degree days

Degree days is a commonly emploved index to determine the heating or cooling
requirement for keeping a comfortable indoor temperature, which 15.5 °C in the UK
(Li et al., 2012}. There are two types of degree days namely; Heating degree days
(HDD) and Cooling degree dayvs (CDD). HDD occurs when the average daily ontdoor
temperature falls below 15.5 °C or 18°C. On the other hand, CDD becomes applicable
if the outdoor temperature rises above this standard indoor temperature. HDD is
calculated by deducting the daily average temperature from standard indoor
temperature, whereas CDD, is the average daily temperature minus the base indoor

temperature Equation 3-1 and Equation3-2 {Ali and Yano, 2004).

HDD = Z T — T ;0 Equation 3-1
nd
CDD = 2 T,—T";0 Equation 3-2
nd

Degree days’ indexes are crucial for urban energy planning since without them it is
impossible to track or assess the effectivity of energy policies nor compare the energy
consumption of residential sector across different regions or countries given the
changing or different climatic conditions. This is because they enable the weather
normalisation of energy consumption through statistically regressing past energy

consumption data with HDD or CDD {(Li et al., 2012}.
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3.3.4 Structure and prediction process of top-down models

The majority of top-down residential energy models utilise computer general
equilibrinm models (CGE} which in turn operate on the general equilibrium
framework {Honkatukia, 2013). The equilibrium concept is based on the idea that
supply should balance demand while taking account of different energy demand and
supply characteristics. Demand is usually determined by utility function maximising
of a representative household while considering a given budget constraint. On the
other hand, consumption is retrieved based on the relationship between fuel type and
price. Thus, the equilibrium is attained via endogenous price changes arising from

utility maximising agent strategies and firms’ profit maximising rationale.

In general, top-down models, including GCE, often rely on historical aggregated data
which are independently or concurrently obtained from ditferent sources {Williams,
2011). This could include gross or monthly energy values from energy providers,
degree days’ history from weather stations, and data from national agencies {e.g.
Department of Energy and Climate Change in the UK) (Swan and Ugursal, 2009).
As discussed at an earlier stage, once these data are available, statistical methods,
mostly regression, are applied to predict the energy consumption or CO2 emission in
function of macro-economic or/and technological parameters using one or several
equations. However, there has been some recent studies such as the one of Canyurt
et al. (2005}, which have attempted to utilise artificial intelligence approaches,
genetic algorithms more specifically. Due to their high level of aggregation, CGE
models are adequate for long-term assessment of energy policies (e.g. energy taxation)
and estimating the needed energy supply at national or regional scales such as energy
taxation, during the operational stage of the building life-cycle. Furthermore,
predicting the implications of a given economy on residential energy consumption

{Bergman, 2005}.
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The structure of computer general equilibrium models is hierarchical where inputs
and outputs are associated in a nested fashion (Krysiak and Weigt, 2015). In other
words, the overall model is composed of different modules {sub-models) whose
outputs feed directly into the model equation as the primary inputs. For example,
Hirst et al. (1977) developed a macro-economic residential energy model which was
composed of 4 modules as shown in Figure 3-8 namely: housing module, elasticity
estimator module, past demographic and socio-economic condition module, and

tinally technological module (engineering cost).
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Figure 3-8.Structure of the technological model developed by Hirst et al. (1977)

3.3.5 Relevant examples

Bentzen and Engsted, {2001} utilised aggregate data obtained from the Danish
Energy Agency and Statistics Denmark, to test three regression models (Equations
(Equation.3-3, (Equation.3-4, (Equation.3-s} for predicting the annunal energy

consumption of the Danish residential sector;

Ean,t = b + ClEan.t—l + Czldisp,t + C3PCt (Equation.3—3)

Ean,t = b + ClEan.t—l + Czldisp,t + C3PCt + C4 HDDt (Equation~3'4)
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Ean,t = b + ClEan.t—l + Czldisp,t + C3PC£— + C4 HDDt + C5PC£—_1 (Equation'3_5)

Where E is the energy usage corresponding to a vear t, I depicts the household
disposal income, Pc is the energy price per unit, HDD is the heating degree days, b
is the intercept, and ¢ are coefficients. The researchers concluded that the long-term
energy consumption in all the three models was strongly influenced by income, the
energy consumption of the previous vear (lagged energy consumption), and price.
Furthermore, suggested that future energy prices should rise in line with income to

maintain the present energy consumption figures.
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Figure 3-9. Comparison of annual energy consumption values of China with the ones of the USA, Canada, and
Japan (Zhang, 2004)

Zhang, (2004) compared the annual energy consumption per household (UEC) values
of China with the ones of the USA, Canada, and Japan (Figure 3-9). The researcher
calculated the UEC wvalues for different regions in China based on the overall
residential energy consumption and the household number of each region. After that,
the average UEC values of each country were normalised using heating degree days

{HDD) and then compared. The findings suggested that the USA consumed roughly
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double the UEC of Japan and Canada, which could be attributed to the high urban
density of Japan. On the other hand, China UEC represented only around 4 of the

north American UEC owing to possible low-adoption of space heating appliances.

Similarly, Leticia et al., (2012) utilised aggregated data covering 47 Spanish provinces
between 2000 and 2008 to predict the domestic energy consumption of each region
in relation to fuel price, income, and weather conditions. Their model, which is shown
below in (Equation.3-6) , includes the following variables namely; Eit represents the
aggregate electricity consumption while Fif-1 is the aggregate electricity consumption
pertaining to the previous vear. Yif is the disposable income of the residential sector
in euros and PEit depicts the real average price of electricity. HS% is household
number calculated by dividing the total population POPit by the number housing
units. HDD and CDD are heating degree days and cooling degree days,
correspondingly. DT is a vector of time dumimy variables, whereas eit, is the residual.
Since the sample size was small, the authors compared the accuracy of three
statistical regression methods namely; ordinary least squares (OLS), fixed effects, and
Generalized Method of Moments {GMM}. The latter regression type was found to
me be the most adequate for their model since all its results were in good agreement
with previous studies. These comprised a long-term price elasticity of -0.24, a
disposal income elasticity of -0.3, 0.03 and 0.01 elasticities for HDD and CDD,
respectively. However, despite the fact that the authors claim on the dynamic nature
of their model, it is not sensitive to changes in disposable income and fuel prices.
This is because the model only included the average income and electricity prices
based on the vear 2006, instead of the whole period.
InE;; = fp + BEPInE;;_1 + fpp In PE;; + By InY;, + FPOPIn POP;; (Equation.3-6)

+ BHSInHS;; + BGAS GAS;; + BHDD In HDD;,
+ BCDDIn CDD;; + BDT DTt + &

On the other hand, Saha and Stephenson, (1980} developed a technologically oriented

model to predict the energy consumption in the New Zealand residential sector


http://www.econ.ku.dk/metrics/Econometrics2_05_II/Slides/13_gmm_2pp.pdf
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between 1960-2000. This was in function of fuel type, ownership, rating, and use of
major appliances namely; space heating appliances, domestic hot water equipment,

and cooking, as shown in (Equation.3-7).

Ean,e,f =S. Ce,f- Re,f- Ue,f (Equation.3-7)

Where Eis the electricity consumption of end-users, S is the number of housing units,
('is the appliance ownership level, R represents the rating of the appliances, and U
is the use parameter. Their model had satistactory predictions until late 1970's. This
owing to the fact that their model did not account for dwelling physical improvement
such as insulation levels. Young, {2008) developed a technological model, which
utilises a national survey data on appliances SHEU-2003, to inspect the impact of
macro-economic variables, including household income, on the retirement pattern of
appliances. Their study concluded that dishwashers and freezers had the lowest and
highest replacement patterns, respectively. Moreover, 40% of the Canadian
households used their fridges at least for 20 years before being replaced with new
ones. Although their appliances replacement patterns were different from previous
studies, the authors reported that these patterns are sensitive to change in the
household disposable income, average household size, and weather conditions. This
suggests that the need for the development of new policies which target earlier

replacement of old domestic appliances with new efficient ones.

In contrast to the above studies which encompass statistical methods, recent studies
(Sézen and Arcaklioglu, 2007, Geem and Roper, 2009; Ekonomou, 2010; Kucukali
and Baris, 2010); employed artificial intelligence techniques such as artificial neural
network (ANN), genetic algorithm, and fuzzy logic. For example, Ozturk et al.,
(2004) and Canyurt et al. (2005} used a genetic algorithm (GA) to forecast the energy
demand in the residential-commercial sectors in Turkey in function of macro-
economic including gross domestic product (GDP), population, export, and import.

Genetic algorithm, which mimics the concept of biological evolution and natural
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selection process, is an artificial intelligence technique for solving optimisation
problems. The role of this algorithm is to modify a group of individual solutions.
Thus, in each phase, it randomly picks individual solutions from the group and
employs them as parents to generate children for the following generation. This
Generational succession principle enables the evolution of the initial population which
will in turn generate optimal solutions {MathWorks, 2016}. The researchers
concluded that the prediction accuracy of their genetic algorithm models were in
good agreement with national energy models such as (MENR, 2016}, with an average

of 1% error.

Conversely, Ekonomou (2010} developed an artificial neural networks (ANN) model
to forecast the Greek residential electricity consumption from 2005 to 2015 based on
heating degree days (HDD), GDP, and the average electricity consumption per
household. The model had good prediction accuracy when compared to recorded
values with only 2% error. Based on Erdogdu (2007} argument on the limited price
elasticity of the domestic electricity consumption in Turkey, Ginay {2016}, emploved
historical data from different sources such as Turkish FElectricity Transmission
Company, Turkish Statistical Institute, Organization for Economic Cooperation and
Development, to attain the following objectives, First, investigate the significance of
fuel price, population, unemployment rate, and inflation percentage on the gross
domestic electricity consumption using multiple linear regression. Secondly, model
the electricity demand of the Turkish residential sector using artificial neural
networks approach by only including significant variables. The study concluded that
only population, gross domestic product (GDP), inflation, and average sumimer
temperature, were significant. Furthermore, their contribution to overall electricity
demand was as follow; 44%(population), 46%(GDP}, 7.9% (price inflation), and 5%
(average summer temperature). Finally, the developed ANN model had a better
prediction ability in estimating past electricity trends (1975-2006) and the future
ones in comparison to previous studies (Akay and Atak, 2007), since its root square

mean error {RMSE) was the smallest 5.7,
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3.3.6 Advantages of Top-down approaches

e Due to the limited number of inputs involved in the model and the availability
of macro-economic indicators {e.g. GDP), technological, and climate data, top-
down models are easy and cost-effective to develop (Swan and Ugursal, 2009,

McFarland et al., 2004},

e Top-down models allow the understanding of the implication of energy policies

on the economy at the regional or national levels (Herbst et al., 2012).

e Due to their reliance on historical data, top-down approaches are adequate for

analysing long-term residential energy demand.

3.3.7 Weaknesses of Top-down approaches

e Despite their long-term forecasting capability, top-down models falter if
discontinuity is faced. This could include supply shocks or technological

breakthroughs.

e By considering the gross energy use of the residential sector or the average
domestic energy consumption per household in the forecasting process, they
subsequently assume the homogeneity of the households. Therefore, they are not
able to capture the effect of the variation in the household socio-economic

characteristics, which is a major drawback.

e Although some aggregate technological factors {e.g. appliances ownership level)
are included in certain top-down models, they are unable to represent
technological progress. This owing to their lack of technological details on end-
uses. Moreover, the indirect modelling approach of technological progress via

elasticity of substitution, which is the responsiveness of the consumer of a
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particular technology to the change in the price of other alternatives {Herbst et

al., 2012;Karjalainen et al., 2014).

3.4 DISAGGREGATED APPROACHES

3.4.1 Micro socio-economic model

In contrast to macro-socioeconomic models, micro-socio-economic models are based
on analysing the change in individual households’ energy usage patterns in response
to the variation in different socio-economic factors {e.g. income and employment
mode) (Eakins, 2013). Besides their benefit of helping the development and
evaluation of energy tax and welfare policies, another prominent motivation behind
developing these models is to find answers to the uncertainties and contradictions
about the degree of influence of different socio-economic factors on domestic energy
in the literature. This argument was widely supported by Frederiks et al. (2015) who
argued that “ Despite an expanding literature, we find that empirical evidence of the impact
of these variables has been far from consistent and conclusive to date.”. These opposing

views, will, in turn, be discussed in detail in the coming section.

In addition to the above, we have noticed that these models are highly dependent on
cross-sectional and longitudinal data which are usually collected using large-scale
household surveys. For example, Brounen et al.,, (2012} utilised a national cross-
sectional data which comprises 300000 dwellings in Netherland to study socio-
economic factors affecting gas and electricity consumption. On the other hand, Meier
and Rehdanz (2010) used the British household panel {longitudinal} data to
investigate the impact of income and household type on energy expenditure.
Statistical methods such as pooled linear regression, fixed effects regression, random
effects regression, and generalised method of moments (GMM}, are often involved in

the analysis of such type of data.
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3.4.1.1 The determinant of domestic energy consumption in Micro socio-

economic models

Households size, household reference person age, level of education, the presence of
children and teenagers, patterns of presence at home, emplovment mode, socio-
economic status, income, household tvpe, and tenure type, are the parameters that
are often discussed in the literature. However, their significance and extent remain

debated among scholars, as discussed at an earlier stage.

Household size

Generally speaking, the increase in household size is usually associated with a rise in
the annual energy usage{Jones and Lomas, 2016; Brounen et al., 2012; Bedir et al.,
2013). Jones and Lamas {2016} on their research on appliances’ ownership in the UK
residential sector, concluded that families with 3 or more occupants should consume
more electricity than those with 1 or 2 inhabitants. Schroder (2015} claimed that.
doubling the household size would result in a 25% to 36% increase in their energy
expenditure (Schréder et al., 2015). Similarly, Tso (2014) found that the annual
household energy usage in the US is expected to rise by 488,741 kWh/yvear, for one
unit increase in the mean household size per square root {Tso and Guan, 2014). Leahy
and Lyons {2010) on their research on the Irish residential sector, suggested that one-
person household consumes around 19% less electricity per week than a two-person
household. Similarly, (Tiwari, 2000) acknowledged that the energy expenditure of a
five-member family in India is 23% higher compared to a two-member family. Zhou
and Teng (2013} concluded that an increase of one member in the household results
in 8% rise in energy consumption. Conversely, Longhi (2014} found a negative
relationship between per-capita energy expenditure and household size in the UK as
a two person household, for instance, have 47 % less per-capita energy expenditure

than a one person household.

Age of Household reference person (HRP)
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As for the age of household reference person (HRP), the literature advises that it has
a significant influence on domestic energy consumption. Furthermore, suggests that
the energy consumption of HRP aged between 50-65 vears is high, whereas the one
of HRP aged above 65 vears is low {Jones et al., 2015; BRE. 2013; Longhi, 2014).
This could be attributed to the fact that mid-aged HRP have more children, whereas
older HRP are more conscious about energy savings and possess fewer appliances
(McLoughlin et al., 2012: Kavousian et al., 2013). Similar findings were reported by
Brounen et al. (2012} and Bedir et al. (2013). However, other scholars including
Abrahamse and Steg (2009} and Huebner et al. (2015} found no significance between

the age of HRP and households’ energy consumption.

Level of education

The effect of education on the household energy consumption in the literature is
controversial and quite unclear (Brohmann et al., 2009). However, education is
usually reported to be associated with the extent of environment-friendly behaviour

{McFall and Garrington, 2011).

For instance, Zhang et al. {2011} , who conducted a study on the Chinese residential
sector, found out that the householder’s level of education is a prominent factor that
defines the change in the residents’ energy usage patterns. Similarly, Zhou and Teng
(2013) determined that households with an educational level higher than primary
education in China had larger energy consumption figures due to their high-income
levels. Conversely, Gram-Hanssen et al. {2004) claimed that the householders with
primary school education consume an additional 200 KWh per annum than the ones
with higher education. Similarly, Harold et al. (2015} found that householders with
lower educational achievement used less gas on average. Longhi (2014} argued that
households with at least one member holding a university degree consume 2% less

per-capita on the overall energy consumption. Other authors Bedir et al. {2013),
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Mills and Schleich (2010) and Guerra Santin {2010): however, found no statistical

gignificance between the level of education and households’ energy usage patterns.

The presence of children

The presence of children in the household has been reported to be significant by
many researchers. For instance, Brounen et al. (2012} suggested that Dutch
households with children consume a fifth more electricity than the ones without
children. Moreover, claimed that this effect has a positive correlation with the
children age since older children use certain appliances for longer hours {e.g. TV,
personal computers, game consoles, etc..). Shirani et al. (2016) shared a similar view
but suggested that child age has a more considerable effect than child presence. On
the other hand, Bartiaux and Gram-Hanssen {2005} compared the effect of children
presence aged between (-9 years on the mean energy consumption in the Danish and
Dutch residential sector. Their findings suggested a negative and positive impact on

the Danish and Dutch domestic electricity usage, correspondingly.

Bedir et al. (2013}, Leahy and Lyons (2010}, and Longhi {2014); on the other hand,

reported no significant difference between households with and without children.

The Socio-economic status of household reference person

Socio-economic status is usually defined by a combination of occupation, education,
and income {APA, 2017). However, despite this fact, its effect on domestic energy
consumption remains ambiguous in the literature. For example, McLoughlin et al.
(2012) found a significant effect of households’ socio-economic status on the Irish
residential energy consumption with higher-grade professional consuming more than
the lower-grade ones. The authors referred this difference to the fact that higher

grade professionals often possess larger dwellings and appliances which also suggests
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a possible income effect. In contrast, Leahy and Lyons (2010} found socio-economic

status to be insignificant.

Tenure type

In general, the literature advises that home owners consume more energy than the
renters (Harold et al., 2015; Meier and Rehdanz, 2010). Indeed, Ndiaye and Gabriel
(2011) reported that rented dwellings had the highest energy consumption due to a
possible inclusion of utility bills in the rent. On the other hand, Yohanis et al. (2008)
suggested that households who own their dwellings consume 25% more electricity
than the ones living in rented accommodations. They argued that this effect was
because a large proportion of rented accommodation in Northern Ireland was
occupied by low-income tenants. Similarly, Wyatt (2013} compared the mean annual
electricity consumption of British households under different tenure modes. The
study reported that the lowest electricity annual mean was observed in housing
associations and council homes around 3700 KWh, whereas the highest {roughly 4600

Kwh) was seen in owned dwellings.

Income

Income has been widely reported to have a positive influence on households energy
consumption by various scholars (Druckman and Jackson, 2008); {Genjo et al., 2005;
Bartiaux and Gram-Hanssen, 2005; Wiesmann et al., 2011; Guerra Santin et al., 2009;
Zhou and Teng, 2013; Santamouris et al., 2007; Jimenez and Yépez-Garcia, 2016).
For instance, Longhi (2014) found that 1000 £ increase in the UK monthly household
income is accompanied with 1.5%-2% increase in expenditure on overall energy
consumption. Chun-sheng et al. {2012) found a moderately positive relationship
between income levels and total energy consumption both in urban and rural areas
in China. Wyatt (2013) advised that the annual electricity consumption of

households earning around £75,000 a year was almost double of the oneg on low-
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income (£.10,000). Similarly, Burholt and Windle (2006) conducted a study on low-
income elderly households in Wales and concluded that the proportion of income
spent on energy was higher for those earning less than 1404 per week. However, some
anthors including ; Tso and Yau (2007}, Kavousian et al. {2013} and Carter et al.
(2012), found no significant relationship between household income and domestic

energy consumption.

3.4.1.2 Relevant studies

Dresner and Ekins {2006) utilised the following data namely; the English survey data
of 1996 as well as the family expenditure survey of 1999 and 2000, to investigate if
certain compensation mechanisms (e.g. Tax and benefit system) would reduce the
(CO2 emission in the residential sector without harming low-income households. In
other words, they explored the possibility of utilising household carbon tax to
compensate low-income households, especially single-elderly who might pay more tax
due to their poorly insulated dwellings and high energy bills, as an attempt to tackle
fuel poverty. The authors incorporated the above data into POLIMOD, a micro-
gimulation model developed by Cambridge University, to evaluate the impact of
actual or future tax and benefit reforms. The study concluded that the impact of
income on energy expenditure and usage is negligible. Furthermore, the energy usage
patterns of low-income households variated widely. Indeed, the analysis of the
national energy efficiency data framework report (DECC, 2015¢) suggested that
households earning less than £10,000 annually consume between 2500 to KWh and
20000 KWh of gas annually. Therefore, it is not practical to enable all low-income
families to get access to the benefits system to be compensated on any carbon tax

that they might have paid previously.

Similarly, based on the principle that a successful C02 emission policy should not
negatively affect marginalised households, Jamasb and Meier (2011} employed a

household panel data covering 17 years from 1991 to analyse the energy expenditure
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of low-income groups (e.g. Pensioners and lone parents). In addition to the
probability of poor dwelling insulation as well as the existence of inefficient
appliances, the authors claimed that these vulnerable households are the most
affected by increasing energy prices. Indeed, this argument is supported, since the
majority of these family tvpes are on prepaid tariffs which are 5-10% more expensive
than direct debit payment plans. Moreover, allocate a large proportion of their
income to energy bills. From this perspective, Jamash and Meier (2011) suggested
that decision makers should take into account the equity aspect of envisaged
increasing energy prices when developing policies to narrow the inequality as well as
the “energy gap” amongst different households. This could, for instance, comprise a

financial support and social tariffs.

In contrast to the above examples, Fawcett (2016) argued that the most effective
way to empower vulnerable households is to re-orient the UK residential energy
policy from efficiency improvement towards tackling excessive energy consumers.
This is due to the fact that policies on energy efficiency cannot ensure a consistent

reduction in energy consumption in the future, as claimed by the author.

On the other hand, Meier and Rehdanz (2010} utilised longitudinal (panel) data.,
which encompasses around 5000 households interviewed annually between 1991 and
2005, to identify the type of households who are more likely to be affected by fuel
price increase and change in income. The researchers emploved a random effect
regression model (Equation.3-8) which predicts heating energy expenditure in
function of fuel type (Fit), building characteristics (Bijt), socio-economic

characteristics (Si,t ), regions (Ri,t), weather conditions(Wi,t), and time (Ti,t).
Eiy = a+ BrFit + BeBi¢ + Bs Sie + BrRit + PuWie + BrTie + Vi + €1, (Equation.3-8)
It was found that owners reacted differently to the variation in income and energy

price than renters. More specifically, renters’ income and price elasticities were in

general lower than those of owners. However, there was an exception for flats and
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terraced houses where the elasticities of owners and renters were very similar. Based
on this argument, the authors suggested that this difference might he due to the
difference in the dwelling type since owners tend to usually dwell in detached or semi-
detached houses which are less efficient than flats. Recently, Jones and Lomas (2015)
carried out a survey covering 315 dwellings in the city of Leicester to explore the
gocio-economic factors influencing the high electricity demand of particular
consumers. The researchers concluded that household size was significant with
households of 3 or more are likely to be high consumers. Moreover, households with
at least one child are twice more likely to be high electricity consumers than

households without children.

Similarly, a significant positive relationship was found between the number of
teenagers in the household and high electricity usage. The age of household reference
person (HRP) was also found significant as the ones aged above 63 vears were
unlikely to be high consumers, whereas the ones aged between 36 and 30 years have
a high chance of using a lot of electricity. This might be because households aged
above 65 often use gas as a primary heating fuel instead of electricity. However,
despite the significance of these factors in addition to income, employment status

and level of education were not found relevant.

3.4.2 Household Archetyping (segmentation) approaches

In contrast to macro-economic models, Archetyping approaches, like micro socio-
economic, acknowledge the variation in energy consumption across households.
Furthermore, they recognise that the implication of energy policies will vary from
one consumer to another. However, the Archetyping approach has taken it one step
further by tryving to build segments of homogeneous consumers instead of focusing
on households in isolation. This, in turn, will provide expanded opportunities to
better target energy policies that address the need of different sub-groups (DECC,

2013). Furthermore, identify segments with excellent opportunities for the
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deployment of certain policies. Studies under this approach, employ different
clustering analysis techniques, which are often statistical or artificial intelligence
methods, to group households based on socic-economic, demographic, or even
hehavioural characteristics (Guerra Santin, 2011}. However, there have been few
studies, such as the one of Druckman and Jackson {2008}, where geodemographic
segmentation principles have been applied.

The Geodemographic segmentation umbrella encompasses a wide range of methods
which classify neighbourhoods based on the assumption that households living close
to each other should have similar socio-economic and demographic characteristics
(Troy, 2008). One major disadvantage of the Archetyping approach is that it requires
comprehensive and high-resolution data about representative households to generate
reliable archetypes at the national scale which is costly and time-consuming. This

“..each archetypes

was widely supported by Zhang et al. {2012) who arguned that:
referring to more specific and effective energy interventions, although this requires high-

resolution dote about local houscholds...”

The below sub-section will address the process of building archetypes while

highlighting some examples from the literature.

3.4.2.1 Process of building household archetypes and relevant examples

The conventional process (Figure 3-10) usually begins with either collecting
disaggregated household data at the national scale through surveys or obtaining
secondary data. Such data are often collected by governmental agencies such as the
department of energy and climate change (DECC) in the UK. For example, Guerra
Santin et al. (2009} utilised a survey previously conducted by OTB Delft University
comprising 315 households across different districts in the Netherland. It included
four main sections, building characteristics, households characteristics (e.g. income},
and occupant behaviour (e.g. Ventilation frequency). On the other hand, Hughes

and Moreno (2013) analysed the Household Electricity Usage Study, which comprises
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250 English households interviewed between 2010 and 2011, to retrieve a set of
distinctive archetypes. Once data is obtained, factor analysis, which is a statistical
method used for data reduction purposes, is applied (Torres-Reyna, 2010). The aim
of factor analysis is to retrieve a small group of uncorrelated variables with major

effect on the dependent variable (e.g. energy usage).

This procedure is beneficial when the complex data with numerous socio-economic,
demographic, and psvchological variables, are involved in the Archetyping process
(Blight and Coley, 2013). Hughes and Moreno (2013}, for instance, embraced factor
analysis to determine the most prominent factors from an overall of 29 variables
related to the environmental belief and actions of the participants. They discovered
that the householders’ current beliefs, current actions, and future beliefs were the
most influential on their energy expenditure patterns. Similarly, Guerra Santin (2011)
used factor analysis to reduce the number of behaviour variables; consequently,
simply the Archetyping process. The researcher concluded that only five factors were
considered since their contributions to the variation in energy consumption were
15.2%, 10.3%, 8.8%, 8.1%, and 5.9%, correspondingly. After identifving the most
influential factors, different clustering techniques will be applied to the database with

reduced variables.

Many technigques can be employed at this stage but K-mean is the most popular due
to its simplicity, cost-effectivity, and suitability for large databases. The main focus
is to produce k clusters while every participant belongs to only one cluster. However,
the disadvantage of this technique is that the number of clusters needs to be assumed
a priori (Haben et al., 2016: Chatterton et al., 2016). The second step after defining
the number of clusters involves determining one centroid for each cluster randomly.
Afterwards, each data point needs to be associated to the nearest centroid. This will
be followed an iterative process which consists of re-calculating new centroids and
associating them with the same data points until centroids do not move anymeore, as

shown in Figure 3-11. Finally, clustering optimisation methods such as scree plots,
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or comparative assessment of square root errors of a different number of clusters, will
be involved to define the optimal number of clusters (Jain, 2010). An example of
studies using K-mean clustering includes the work of Hughes and Moreno (2013)
where seven optimal archetypes namely; peak-time users, off-peak consumers,
practical considerations, modern living, lavish lifestyle, thrifty values, profligate
potentials, were defined. Another example is the study of Kubota et al. {2015) who
utilised this clustering technique to group 297 Indonesian households based on two
major determinant factors (identified using factor analysis) namely; income and
household size. This helped the authors build a detailed energy consumption profile

for each cluster.
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Figure 3-10. Conventional process of building households' energy consumption archetypes.
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Figure 3-12.Illustration of clustering process using SOM (self-organising maps) algorithm, adopted from (IVAP3, 2015)

In contrast to the above conventional process, there has been a growing interest in
using self-organising maps in recent vears, especiallv for domestic electricity load
segmentation {Martin-Merino and Roman, 2006). This could be mainly attributed to
the new data collection potentials offered by smart metering infrastructures. Self-
organising maps or Kohonen's Self Organizing Feature Maps, as referred by others

in the literature, are a type of artificial neural networks which aim to map high


http://www.ai-junkie.com/ann/som/som1.html
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dimensional data into 1 or 2-dimensional space while preserving distances between
data points (Figure 3-12). Therefore, they are adequate for solving clustering issues

(Kohonen and Somervuo, 1998}.

Unlike, K-mean, the number of clusters £ is not assumed a priori but instead
computed automatically by the algorithm which in a way reduces human bias
introduced in the K-mean initialisation stage (Villmann, 1999}. From analysing the
literature, most of the examples utilising self-organising maps for electricity consumer
segmentation, first cluster based on electricity consumption or expenditure and
explore the socio-economic characteristics of each group, afterwards. For example,
MecLoughlin et al. (2012) employed an extensive smart metering database of Treland
comprising around 4000 households monitored for one full day. After grouping the
households into nine distinct clusters using SOM, the authors claimed that the
variation in electricity consumption among certain groups is due to the difference in

their socio-economic and dwelling characteristics.
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Figure 3-13.Employment mode of the household heads, adopted by Beckel et al. (2012)

Similarly, Beckel et al. (2012} applied SOM to cluster 3488 households which were

monitored for 18 months using smart meters as part of the Smart Metering Electricity
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Consumer Behaviour Trial of Ireland. After that, with the help of stacked bar charts
(Figure 3-13), the distribution of certain socio-economic factors such as income,
employment status, and number of appliances across different groups, were examined
to explore their impact on electricity consumption. However, despite the potential of
this approach in terms of reducing the complexity of smart metering datasets and
automatically extracting energy consumer segments, studies utilising SOM are prone

to some issues.

First, the significance and the extent of the examined socio-economic factors are
questionable since the inspection of their impact was conducted visually. Secondly,
it is believed that is not possible to classify a given household with particular socio-
economic characteristics into existing groups. This is simply because the produced
clusters are not homogeneous as their generation was based on energy consumption
figures in the first place. In other words, a cluster can include all income bands,
dwellings types, and household sizes, for instance, as illustrated in Figure 3-13.
However, this limitation was overcome by recent studies which tried to utilise the
potential of existing geodemographic segmentation systems in terms of grouping
neighbourhoods with similar demographic, socio-economic, or even lifestyle
characteristics (UKGeographics, 2016}, as discussed at an earlier stage. In this
regards, it is worth pointing out Druckman and Jackson (2008) study which
compared the energy consumption and C02 emission resulting from two distinct
approaches namely: top-down (macro-econometric} and bottom-up (Archetyping).
First, aggregate data namely; Expenditure and Food Survey {(EFS), was used to
retrieve the average household energy expenditure on different fuel types before being
converted to energy quantities with the help of the energy price matrix developed by
the Centre for Sustainable Energy (CSE}. In addition to that, the average CO2
emissions were also calculated based on the emission index of each fuel. Afterwards,
the overall UK residential energy consumption and CO2 emission were estimated by
multiplying the average household figures by the number of UK households. This

was followed by a correlation analysis of various socio-economic factors such as
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disposable income, with energy use to determine their effect; consequently, predict

the energy use given particular households characteristics.

Conversely, the second approach involved retrieving homogeneous socio-economic
household characteristics from a geodemographic system (Output Area
Classification), which was in turn developed by applying different clustering
techniques to the 2001 England & Wales census data including K-mean. The average
household energy consumption belonging to each group was then calculated based on
their socio-economic characteristics using the regression equation developed in the
first approach. Once obtained, the overall energy usage of each group was computed
by scaling up the average energy consumption by the number of the group’s
households. Despite the mapping capabilities of this study, which could help in
identifving and targeting households with potential energy savings, it suffers from a
lack of future demographic and socio-economic updates. This owing to its reliance on
census data which are collected every 3-10 years. This issue was supported by many
scholars including Gale and Longley {2013) who claimed that “.census-based
classifications such as, the 2001 OAC are uniformly unrelioble because there is no temporal

updating of input data”.

3.4.3 Advantages of disaggregated approaches

e Since the effect of various socio-economic and demographic factors on the
households’ energy usage can be defined, bottom-up models have the ability not
only to target but also to assess the effect of implemented measures on different
household groups {e.g. low-income lone parent)}.

e In contrast to top-down approaches, disaggregated models have a better

prediction accuracy.

e If combined with existing geodemographic segmentation systems, disaggregated
models can be easily integrated into GIS systems to serve as an effective energy

planning support system.
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e Although still not matured yet, bottom-up models showed their ability to utilise

the potential of smart metering data.

3.4.4 Limitations of disaggregated approaches

e (Owing to their reliance on large-scale household surveys, the development of
disaggregated models is costly, time-consuming, and usually, involves

governmental agencies.

o  There is a lack of universal micro-econometric models which is indeed evident in
the opposing views on the significance and magnitude of different socio-economic

and demographic factors.

e (One major drawback of the current residential energy Archetyping approaches
is their insensitivity to households’ behavioural and socio-economic

characteristics future changes.

3.5 CONCLUSION

This chapter has extensively reviewed the energy planning and forecasting
approaches supporting the development of techno-socio-economic policies according
to their conventiconal prediction process, strengths, weaknesses while analysing some
relevant studies from the literature. Furthermore, proposed a new classification based
on the frequent intervention scale of each approach into top-down (aggregate) and

bottom-up {disaggregated) models.

First, as indicated in Table 3-2 and Table 3-1, ageregate models are relatively easy
to develop since only a few macro-economic and technological inputs (e.g. GDP) are
involved. These indicators are widely available from different sources such as
government data repositories. Regardless of their type, technological or macro-

econometric, these models have a great ability to assess the long-term implication of
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an economy on the national or regional residential energy demand and vice-versa.
Furthermore, they are powerful tools to compare the effect of implemented energy
policies across different regions or countries. However, they are not seen relevant to
the undertaken research. This iz because all households, regardless of their
demographic and socio-economic characteristics, are considered to consume the same
amount of energy {often an average). In this way, it would be difficult for energy
planners to estimate the energy usage patterns at the building scale. Subsequently,
the targeting or evaluation of the implication of energy policies directed to particular

households (e.g. the ones on fuel poverty}, is not possible.

In contrast to the above, disaggregated approaches have a great ability to account
for the variation of the individual household energy consumption in function micro-
econometric indicators such as household size, annual income, level of education, and
socio-economic status. Furthermore, if an Archetyping approach based on
geodemographic segmentation systems is combined with a micro-econometric model,
it is possible to forecast the energy consumption at the regional or national levels via
extrapolation, as discussed in the previous section. Also, such approach can be easily
integrated into existing urban planning support systems such as GIS, where energy
planners could employ mapping capabilities to identify areas with possible socio-
economic improvements or analyse the impact of applied measures such as energy
tax compensation. However, the major problem with this approach is its reliance on
historical data. This could be problematic knowing that the impact of socio-economic
or demographic factors (e.g. children dependency) on domestic energy is not constant
and could widely vary over-time due to other external factors. Therefore, conducting
regular household panel surveys is necessary to overcome this drawback. The main
advantage of this data type is that it is possible to model dynamic relationships.
Certain authors such as Longhi {2014) realised this potential and tried to model the
change in micro-econometric indicators across three years. However, it is believed
that studies pertaining to the disaggregated umbrella have not fully explored the

potential of panel data. More specifically, both model types, either micro-econometric
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or energy archetypes, are static since they do not account for households transitions
over their life-cvcle. For example, from “single non-elderly” household to “Couple
without children” or to “Lone parent”. Undoubtedly, the concept of household life-
cycle has been widely emploved in other fields such as marketing, as a determinant
of consumer behaviour and a prominent principle in market segmentation {Du and

Kamakura, 2006). Based on that, the following questions arise;

How will the different British houschold structures evolve in the next 5-10 years?

o s there a significant relationship between houschold transitions and encrgy usage

patterns?
o Ifso. to what extent it does affect the households’™ energy conswmption figures?

o  What are the benefits that household life-cycle analysis could bring to wrban

enerqy planning?
All these questions will be addressed in depth in chapters 6 and 8. On the other
hand, the next chapter will discuss in detail the suitability of different research
methodologies, methods, and instruments for answering the above research questions.
Furthermore, will examine the research walidity, reliability, and limitations in

addition to any ethical considerations.

Table 3-1.(part 1) energy planning and forecasting approaches supporting the development of techno-socio-economic
measures

Approach Purpose of use Type Datatype Flrr?gldtegt exgg)?éjd
Aggregated Evaluating the Macro- Historical -GDP
(top-down) long-term econometric aggregate data  -Fuel price Statistical
models implications of fromnational  -Employment methods;
an economy on  Technological agencies, -number of -Regression
regional/ weather households analysis
national energy stations, or -Appliances -Artificial
demand energy ownership, intelligence
providers efficiency,and  methods;
usage patterns  Artificial
-Degree days neural
networks
Fuzzy logic
Genetic

algorithm
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Table 3-2.(part 2) energy planning and forecasting approaches supporting the development of techno-socio-economic

measures

Frequent M ethod
Approach Purpose of use Type Datatype Inputs employed
Households
size, household  Statistical
age, level of methods;
education, -pooled
presence of linear
Large scale children and regression
_ surveys, panel teenagers, -fixed
-Forecasting . data surveys, patterns of effects
Micro- ; )
energy : cross-sectional presence at regression
consumption/ BCONOMEATIC  jta. annual home, -random
demand at the expenditure employment effects
building scale surveys mode, socio- regression
o economic -generalised
-Identifying status, income,  method of
Disaggr egated ho_;ﬁehol d§| marital status,  moments
(Bottom-up) gci ol—)gcsgno?ni . household type, (GMM)
Models improvements and tenure type
P ' -Statistical
. methods
-Analysing the Large scale including;
impact of )

. surveys, panel . -Data
applied data surveys, Socio- reduction
measures (e.g. > economic,

smart metering . procedures
energy tax data: demographic, (e.9. factor
compensation) Archetyping a . and 9. 14

geodemographic . analysis)

4 environmental :
segmentation . - Regression
) atitude )

systems; annual variables analysis

expenditure -Clustering

surveys algorithms;

K-

mean; SOM




RESEARCH METHODOLOGY

The fourth chapter intends to address in detodl the methodological choices made in this

research. Following an inverted pyramid structure, it first discusses the philosophical

position of this rescarch based on its epistemological and ontological foundations.

Furthermore, explores, justifics and clarifics the adopted research methodology ond

methods hased on the philosophical research position and the nature of research questions.

Finally, the chapter expounds on the research design and practical implementations while

highlighting any cthical considerations and research limitations.
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155 Research Methodology

4.1 INTRODUCTION

Chapters two and three have focused on analysing energy planning and forecasting
approaches supporting physical and techno-sociceconomic improvement strategies in
the residential sector, correspondingly. Ovwverall, the analysis of key studies in both
chapters has demonstrated the fragmentation of existing energy forecasting tools and
the absence of integrated mechanisms assisting urban planners in their energy

planning decision-making.

First, the examination of different approaches in chapter two has permitted to
develop a framework which outlines the main components of the envisaged 3D urban
energy prediction tool. Moreover, highligchts the nature of outputs of each module

and the interaction between different components.

On the other hand, the study of methods assisting techno-socioeconomic measures in
chapter 3 has allowed reinforcing the statements made in chapter one about the static
nature of techno-socio-economic approaches. Furthermore, it has led to the
questioning of the impact of households’ demographic evolution on domestic energy

usage patterns and its significance.

Based on that, chapter four aims to thoroughly discuss the philosophical position of
the undertaken research in relation to other perspectives while setting its ontological
as well as epistemological foundations. Furthermore, it expounds on the current
research strategy comprising the research methodologies, methods, and instruments

emploved to achieve the research objectives and address the research questions.

4.2 CHAPTER STRUCTURE

This chapter follows an “inverted pyramid” structure as depicted in Figure 4-1, which
means that its analysis will flow from broad to narrow. Thus, section 1 aims to tackle

the research paradigms by analysing its ontological and epistemological positions.
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After that, section 2 discusses the methodological choices based on the philosophical
research position, the nature of research questions, and the strengths as well as
weaknesses of each research methodology. This will be followed by addressing the
research design and practical implementation in section 3. Finally, section 4 will

highlight ethical considerations and research limitations.

Data collection

Research instruments,
— sampling, ethical issues,
validity and reliability.

Figure 4-1.Structure of the methodology chapter

4.3 PHILOSOPHICAL POSITION OF THE RESEARCH

It is indispensable to discuss priorly the research philosophical positions, known as
paradigms, by establishing a clear ontological position as well as taking account of
the epistemology. Creswell (2013) and Slife & Williams {1995) stress that although
some philosophical thoughts are implicit in research, it is necessary to identify them
since they have a particular influence on its design. Similarly, Sapsford and Jupp
(2006) argue that “a philosophical stance of worldview underlies and informs a style of
rescarch”. Ontology refers to “the science or study of being” where the primary focus
in on the study of the nature of reality (Blaikie, 2009). In simple terms, ontology

reflects a personal belief and perception of what constitutes reality and how social
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entities should be perceived: objectively or subjectively (Crotty, 1998). On the other
hand, epistemology is “the theory of knowledge” which deals with the type and forms
of knowledge (Cohen et al., 2013). Furthermore, it examines “what can be known about
the world and how can it be known” {Furlong and Marsh, 2010). In other words,
someone’s epistemological assumptions denote how knowledge can be generated,

assimilated, and communicated (Guba and Lincoln, 1994).

Table 4-1.Philosophical position of the undertaken research in relation to other positions (partl), adapted from
(Creswell, 2013)

Paradigm Ontology Epistemology Considered Why?
in the
resear ch
Post-positivism  Ciritical Modified objectivist/ Yes

realism- one dualist; researcher - Oneredlity

reality but position is neutral; determined based on

with fallible findings might be true. testing the following

apprehension hypothesis
household transitions
affect their energy
usage”

-Future transition
patterns are governed
by some socio-
economic and
demographic factors.

- Knowledgeis
shaped by
observational data.

Constructivism / Multiple Subjectivism: No -The primary
interpretive realitieswhich interaction between purpose of the
are socialy participants and research is not to
constructed researcher(s) develop an
constitutes knowledge understanding of
and values. urban planners but
instead provide a

new useful tool to
help them meet the
CO2 emission
targets.
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Table 4-2.Philosophical position of the undertaken research in relation to other positions (part2), adapted from
(Creswell, 2013)

Paradigm Ontology Epistemology Considered in Why?
theresearch

Critical theory/  Historical/virtual  Subjectivism; findings Yes -Closely
Transformative  realism shaped are based on values. collaborating with
by economic, urban energy
social, ethnic, plannersto
and cultural develop together a
values. new urban energy
planning support
system.

- Extend the
capabilities of the
developed system
in the future to
include public
engagement
aspects; e.g.
empower
vulnerable
consumers such
as, fuel pauvre.

Pragmatism Not devoted to any philosophical system No -No rationale for
the employed
methodologies
and methods.

- Dubious validity

Based on the possible combination of different ontological and epistemological
assumptions in addition to discipline orientations, there are four to five main
philosophical paradigms that have been widely discussed in the literature. These are
Positivism/PostPositivism,Constructivism,Critical/ Transformative /Participatory,

and Pragmatism (Lincoln et al., 2011; Creswell, 2013; Merriam and Tisdell, 2015).

Table 4-1 and Table 4-2 summarise the ontological and epistemological assumptions
of the main philosophical paradigms. Traditionally, the positivism movement
congiders that there is always only an absolute and objective reality which can be

unravelled through understanding the set of laws and causal statements that govern
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the world. This is achieved by applying natural science principles and methods which
are empirical and based on hypothesis testing. However, the emergence of Post-
positivism in the middle of the 20th century has widely challenged the positivism
notion of “Naive realism”, claiming that there is no absolute truth. This is simply
owing to the fallibility of observation and measurement arising from the sensory as

well as intellectual limitations of human beings.

From this perspective, Post-positivism paradigm will be considered appropriate for
this research since there is only one objective reality which can be unravelled through
testing the hypothesis “The future demographic evolution patterns of British household
affect their energy consumption”. Furthermore, the process of supporting or rejecting
this hypothesis relies primarily on predicting the future demographic evolutionary
patterns which are in turn governed by the nature and the extent of influencing
factors. In the undertaken research, this knowledge is shaped by observational data,
proof, and relevant considerations where information about a representative sample
of the UK households will be first collected and analysed. However, despite the fact
that the resulting predicted transition models can be generalised, they are expected

to be prone to error as they are based on empirical enquiry.

On the other hand, constructivism or interpretive paradigm, whose origins go back
to the work of Berger and Luckmann {1967), posits that social issues cannot be
studied through positivism/post-positivism. Indeed, constructivists believe that the
world is versatile and that are multiple realities constructed and elucidated
differently. This is because individuals, who desire to comprehend the world they live
in, establish subjective and intuitive meanings of their experiences considering the
diversity of their backgrounds (Creswell, 2013}. In addition to that, these realities
are not fixed and can be changed as soon as the participant becomes more cognizant.
A typical constructive research can comprise multiple, competing, and even opposing
realities of the participants including the researcher(s) (Guba and Lincoln, 1994).

Therefore, the role of researchers is not neutral as they recognise the influence of
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their backgrounds on their own interpretation. Moreover, position themselves with

the participants to attain a new developed and sophisticated constructions.

The constructivism paradigm was not considered relevant to this research because
the purpose of this study is not to develop an understanding and structuring of the
subjective meanings of urban planners’ experiences. In other words, urban energy
planning approaches are well documented and understood despite their fragmentation
(DECC, 2012a). Instead, the current research focuses on developing a useful tool that
could assist urban planners in their sustainable urban energy planning decision

making.

Critical theory/ Transformative paradigm, which goes beyond unveiling the
participants’ understanding and perception of their environment, evolved in Germany
in the 1920’s {Campbell and Bunting, 1991}. In essence, critical theory inquirers claim
that constructivists have neglected advocating for action agenda to empower
marginalised and oppressed people {Lincoln et al., 2011). Furthermore, believe in
historical realism and argue that there exist multiple realities shaped by cultural,
gocial, economic, gender, and ethnic factors. For these reasons, the goal of a research
belonging to this paradigm is not only to understand society but also change and
develop a new reality {Merriam, 2014). One advantage of this paradigm is that it
acknowledges the participants’ expertise in their respective areas and positions the

researcher among them to promote and stimulate change (Ford-Gilboe et al., 1995).

In the light of the above, it is clear that the critical theory paradigm is appropriate
for the undertaken research since the majority of its principles align with certain
research objectives. For example, as discussed at an early stage, one of the pillars of
this research consists of closely collaborating with urban energy planners and energy
experts to develop together a 3D urban energy prediction tool which considers
different “decarbonisation” strategies; physical and socio-economic. However, this is

not the only intention as one of the future objectives is to extend the capabilities of
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developed 3D urban energy prediction tool to address the value of public engagement.
More precisely, there will be an attempt to encompass and empower different types
of consumers, including the one resistant. to change and the fuel “pauvre”, since their

contribution is vital to the overall sustainable development strategy.

In contrast, pragmatism paradigm, whose roots go back to the work of Charles
Sanders Peirce, John Dewey, and Herbert Mead, is not devoted to any system of
reality or philosophy according to Creswell and Clark (2007). In fact, it is built upon
actions and outcomes instead of antecedents (Creswell, 2013). In other words,
pragmatists hold the idea that the research problem is central. Moreover, think that
all available approaches can be emploved to derive knowledge about this issue
without being loval to any philosophical paradigm (Rossman and Wilson, 1983).
Pragmatism is often referred to as the mixed-methods’ fundamental philosophical
framework {Teddlie and Tashakkori, 2003: Somekh and Lewin, 2003). However, other
mixed-methods scholars, including Mertens {2010}, oppose this argument and place
themselves with the transformative paradigm. The major issue with this paradigm is
that it does not discuss the process of choosing mixed methods nor justify their
suitability in the research {Hall, 2013). In other words, it lacks a clear and consistent
rationale on “what works” (Bryman, 2008). For those reasons, some researchers found
some disagreement between the declared research rationale and practice {(Bryman,
2007). Moreover, claimed that researchers adopting this paradigm encountered
barriers in analysing and interpreting the outcomes (Bellotti, 2014). For the above
reasons and other related to the dubious validity pragmatic research {Robson and
MeCartan, 2016), pragmatism paradigm is not taken into account in the undertaken

research.

4.4 METHODOLOGY RATIONALE

The undertaken research embraces a combination of quantitative and qualitative

research methodologies for the following reasons. The first reason is related to the
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philosophical position of the undertaken research which is a mixture of post-
positivism and transformative. More specifically, positivists/post-positivists
predominantly embrace a quantitative research methodology (Table 4-3), whereas
transformative/critical theorists, primarily adopt qualitative research methodology
with action research principles. However, transformative scholars can use
quantitative research methodology to add more breadth to understanding the

research problem.

On the other hand, the second reason is related to the nature of research questions
handled by each research methodology (Table 4-4). First, quantitative research
methodology is seen adequate because it concentrates on cause and effects as well as
empirical data integration. Furthermore, it is characterised by its generalisability and
excellent control over samples, and it is deductive, (Balnaves and Caputi, (2001). In

the context of this research, quantitative methodology enables the following actions;

e To test hvpothesises to explain the association between different factors. For
example, in the case of the current research, the relationship between predicted
household demographic evolution and energy consumption variables will be
investigated through testing this following hypothesis “There a significant
relationship between household transitions and energy usage patterns.” (Table

4-4),

e When the developed hypothesis or research questions necessitate numerical
answers, which applies to the study second research question {Table 4-4) as the
focus is on finding the degree of influence of one variable over another.

e To analyse trends in different sectors such as economy and education. For
instance, the patterns of demographic evolution for various household types in

the future 5-10 vears (Table 4-4}.
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Table 4-3. Existing worldviews with their respective main research methodologies

Paradigm Adopted in this M ethodology (Primarily)
research
Positivism/Post-positivism Yes Quantitative
I nter pretivism/ Constructivist No Qualitative
Transfor mative/ Critical theory Yes Qualitative with critical and action

research principles. However, other
approaches can be employed to
complement the overall picture
(Henry and Kemmis, 1985)

Pragmatism No Qualitative and Quantitative

Table 4-4. The adequate methodologies to address the study research questions based on their type

Resear ch questions Type of Nature according to Adequate
question (Trochim and methodology
Donnelly, 2006)

How will the different British Open-ended descriptive Quantitative

household structures evolve in the

next 5-10 years?

Isthere asignificant relationship Research relational Quantitative

between household transitions and question

energy usage patterns?

If s0, to what extent it does affect the Open-ended Causal/ predictive Quantitative

households’ energy consumption

figures?

In contrast to the above, qualitative research with action research principles seeks to

interpret and document a given phenomenon from an individual’s viewpoint or

reference frame in an exploratory process {Creswell, 2013). Furthermore, it allows an

in-depth understanding of the studied subject while enabling the sharing of

information among participants to change a current situation. In the context of this

research, this methodology is seen relevant because it facilitates the involvement of
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urban planners to collaboratively benchmark the developed 3D urban energy

prediction tool that helps their energy planning decision making.

4.5 RATIONALE FOR RESEARCH METHODS

Table 4-5. Most frequent research methods under the post-positivism and transformative paradigms according to
Merriam and Tisdell, (2015).

Paradigm Common resear ch methodsin the Chosen research Type of
literature methods envisaged data
Positivism/Post- Experiments, surveys, observation Secondary data Quantitative
positivism studies, content analysis, Quasi- analysis

experiments, secondary data analysis,
systematic reviews and meta-analysis,

audits,
Transfor mative/ In-depth interviews, focus groups, Case-study analysis, Qualitative
Critical theory participant observation, field-notes, participatory

content analysis, case-study analysis, workshops

participatory workshops and

conferences

Table 4-5 outlines the most common research methods emploved under the
positivism/ post-positivism and transformative/ critical theory paradigms.
Furthermore, highlights the chosen one for this investigation and the type of the

desired data.

First, the main reason behind choosing secondary data over primary data was because
it is impractical to conduct a longitudinal study monitoring a large sample of
households across the UK and over several vears with limited time and resources.
Indeed, Ghauri and Grenhaug (2005) suggested that the advantages of secondary
data are their accessibility, quality, and feasibility for longitudinal since regular
government or organisational studies (e.g. census, surveys) are widely available from

the web.
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Secondly, although case study analysis has been criticised for its bias, the lack of
robustness and generalisation (Yin, 2013), it is adopted in this research for validation
purposes. More specifically, by selecting a geographic area and gathering information
about some residents’ socio-economic, demographic, and energy usage patterns, it is
possible to compare the predicted outcomes against real energy consumption figures.
Subsequently, assess the prediction accuracy of the developed 3D urban energy

prediction tool.

Thirdly, Participatory workshops (focus groups) were selected in this research since
thev are powerful collaborative, interactive, and evaluative tools (Chambers, 2002).
Indeed, workshops offer the possibility to bring a group of local urban planners and
energy experts together to share their opinions and expertise on EvoEnergy.
Maoreover, give them the chance to challenge the set agenda, raise new issues, and
most importantly work in close collaboration with the researcher to change or

improve certain aspects of the 3D urban energy prediction tool {e.g. user interface).

On the other hand. other research methods were not considered. For example, in-
depth interviews were excluded since they are costly and time-consuming to recruit
and conduct {Boyce and Neale, 2006). Indeed. the number of aspects addressed when
evaluating the developed 3D urban energy prediction tool (e.g. interface), might
result in a large volume of information, which is challenging to analvse. Apart from
that, experiments were omitted because they might create artificial situations.
Moreover, they do not necessarily represent real-life context due to their tight control
imposed over samples. Indeed, exposing participants under such conditions might
influence their real energy related behaviour. Similarly, direct observation was not
considered due to the various challenges associated with installing smart meters and
analysing their data at the neighbourhood scale. In fact, this requires sophisticated
hardware, analytical tools, and the involvement of big data analytics experts (Depuru

et al., 2011}.
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4.6 RESEARCH DESIGN

After exposing the nature of the philosophical position of this study and the emploved
research methodologies, it is indispensable to discuss the choice of the appropriate
research design in this section. Please note that this section contains a concise
justification of the adopted research design. For a more in-depth explanation on
different research designs and their degree of relevance to this investigation, please

consult appendix A.A.2.

Level 1:
QUAN

Level 2:
Overall

QUAL

Interpretation

Level 3:

QUAN

Data collection, analysis, results

Figure 4-2. The multilevel model (Tashakkori and Teddlie, 2010)

From the premise that both quantitative and qualitative were embraced in the
research, a mix-methods research design will be implemented. However, the mixed-
methods umbrella is rich as it groups four types of different designs namely;
exploratory sequential design, explanatory sequential design, the embedded design,

and finally the triangulation design (Creswell and Clark, 2007).

In this research, a triangulated design has been adopted because it allows merging
the strengths of quantitative methodology with the quantitative one. Moreover,
eliminate their weaknesses. This research design is adequate when the main aim is to

validate or further develop quantitative outcomes with qualitative data {Patton,
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1990). Another advantage of the triangulation design is its flexibility since it is
possible to collect and analyse each data type independently. For those reasons, it is
regarded suitable for the undertaken research. However, the triangulated design has
many variations such as the convergence model, transformation model, the validating

quantitative data model, and multi-levels model.

The multi-levels model was selected because it divides the research into
complementary phases. In each stage, a particular methodology and methods for data
collection and analysis are emploved. Once an initial analysis is performed, outcomes
from each level will be combined as one unit to be interpreted (Figure 4-2), which
provides a lot of flexibility and control (Teddlie and Tashakkori, 2003). Based on
that and considering that this research is comprised of complementary objectives and
different types of research questions, it is more practical to divide the whole practical

implementation process into different phases.

4.7 PRACTICAL IMPLEMENTATION

Following multi-level triangulation design model principles, this research has been

carefully structured around 5 major phases.

4.7.1 Phase 0

Goal and purpose: The main intention in this stage, which allineates to objectives
one and two of this research, is to examine the structure, strengths, weaknesses,
prediction pipelines, and life-cycle applicability of existing energy planning
approaches. Thig will, in turn, help unveil gaps in the pertinent literature. Moreover,
facilitate the development of a framework which defines the structure of the envisaged
3D urban energy prediction tool, its development process, the nature of relationship

between its different modules, and outlines its prediction process.

Research methodology: Mixed-methods methodology {mostly qualitative}
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Research method: Content analysis

Sources of content and analysis of data: this entails the analysis of recent book
chapters, conference proceedings in addition to journal and review articles on energy
planning and forecasting approaches. First, approaches supporting physical
improvement strategies such as retrofit were analysed in Chapter 2, whereas the ones
supporting techno-socio-economic measures were discussed in Chapter 3. The
examination of each approach in both chapters was in accordance with its structure,
its prediction pipeline, its relevance in the building life-cycle, strengths, and

weaknesses.

4.7.2 Phase 1

Goal and purpose: the main ambition in this stage, which aligns with the third
objective of this research, is to study past demographic evolution patterns of British
households. Furthermore, investigate the demographic and socio-economic factors
impacting them. This, in turn, will enable the prediction of future household

transition patterns over the next 10-15 vears.
Research methodology: Quantitative.

Research methods: An analysis of official secondary data, the British household

panel data survey (BHPS), more precisely.

Research instruments: Stata, which is a multi-purpose statistical software
package with a wide range of capabilities including statistical analysis, data
management, and programming, has been adopted in this study. The main
motivation behind this choice is due to its user-friendliness and excellent handling of
survey data analysis including panel data. Furthermore, its support to external

packages developed by other users. SPSS has also been employed along with Stata
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because of its great data manipulation capabilities such as cases filtering, reshaping

data, recording, transforming, and computing new variables.
Characteristics of the British household panel data survey (BHPS)

The ability to analyse complex dynamic relationships represents the major advantage
of panel data (longitudinal data). Moreover, the main motivation behind its adoption
in this study. Although the UK longitudinal data survey (UKHLS) is the most recent
household panel data survey and has a larger sample size (40,000 households), the
British household panel data survey was preferred because it monitors households

over a longer period (18 years).

The British household panel data survey (BHPS) was conducted by the Institute for
Social and Economic Research (ISER). at Essex University from the period between
1991 and 2009, It comprises more than 5000 UK households aged at least 16 vears,
who were randomly selected from a Postcode Address File. Furthermore, interviewed
each year over this period on different socio-economic as well as demographic aspects.
Owerall, this encompasses household composition, dwelling conditions, residential
mobility, education, employment, socio-economic values, health conditions, social
relationships, consumer behaviour, and expenditure. In particular, energy
consumption related questions include; the existence of central heating, type of main
heating fuel, type of payment plan {e.g. pre-payed. direct-debit, etc.), monthly and
annually energy expenditure for gas and electricity. Furthermore, the existence of

renewables and different appliances (e.g. dish washer) in the dwelling {ISER, 2016).

The BHPS database was downloaded from the UK data service repository as a zip
file containing the 18 waves {UKDataService, 2016). Wave 6 had been omitted since
it does not contain any energy expenditure variables before the rest of waves were
merged into one database using the households’ unique ID and with the help of SPSS.
Since this study is part of our research project on the city of Nottingham, which is

characterised by a considerable proportion of Single households aged 64 or below
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(roughly 25%), we decided to focus solely on the transition patterns of this household
type. For those reasons, only the householders who were single aged 64 or below in
wave 1, were considered. This resulted in an initial sample size of 399 households
making a total 6700 across 17 waves after dropping the ones with all bills included.
An extensive analysis of the demographic and socio-economic characteristics of the

6700 BHPS households is included in appendixA.3.1.

The parentage of missing data in the BHPS dataset was very small representing
approximately 1.58% of all values, 17.35% of the cases, 61.54% of the variables {Figure
43). However, since the percentage of missing data in the overall database (1.4%)
and particularly in the majority of variables is less than 5%, this proportion can be
tolerated according to {Bennett, 2001). Nevertheless, the missing values were
predicted using multiple imputations method initiated by Rubin, (2004).

W Complete Data
21} Incomplete Data

Variables Cases Values

Figure 4-3. Overall summary of missing data in the BHPS database

Data screening and transformation

The following data screening procedures were performed before data analysis. First,
knowing that domestic energy prices in the UK variated significantly from 1991 to
2008 as shown in Figure 4-4, we decided to isolate the price effect on the households’
energy consumption. This was achieved by converting energy expenditure to

quantities measured in KWh using official inflation index namely; RPI (retail price
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index) for domestic gas and electricity (DECC, 2015d}. Afterwards, all income and
energy consumption related variables such as annual households’ income, monthly
rent, annual electricity and gas consumptions, were normalised by mainly applying
square root transformation, except logarithm 10 for the annual electricity variable.
After that, outliers were checked for in all continuous variables using Hoaglin et al.
(1986) “outlier labelling rule” and deleted. However, all the removed extreme values

were predicted using multiple imputations.

In addition to the above, simplification and transformation were applied to the
household type variable, which originally contained nine categories. These are; single
non-elderly, single elderly, couple no children, couple with dependent children, couple
without dependent children, lone parent with dependent children, lone parent
without dependent children, and +2 unrelated households. This was first achieved
by collapsing the number of categories to five while isolating children dependency as
a separate variable. This was followed by transforming the simplified categorical
variable into four dummy variables to allow performing logistic regression in the

second phase of this study.

In addition to the above, non-logical annual energy expenditure values such as 20
pounds per vear, were encountered. To solve this problem, any electricity energy
consumption value below the minimum threshold (400KWh) suggested by BRE,
(2013) was removed and imputed. Similarly, it was noticed that the majority of non-
logical gas expenditure values were given by households who do not possess central
gas heating but use gas instead for cooking purposes. Therefore, based on the UK
energy demand breakdown chart (Figure 4-5) published by DECC (2012} which
suggested that cooking represents 4% of the total energy usage, any value less than
4% (550 KWh) of the average household gas energy consumption (13800 kwh) will

he not considered.
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Energy unity prices and daily standing charges in the UK

Figure 4-4. Energy unity prices and daily standing charges in pence in the UK from (1991-2015)
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m\Water Heating
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Electronics
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UK domestic energy demand breakdown

Figure 4-5.UK domestic energy demand breakdown (DECC, 2012b).

Analysis of the British household panel data survey (BHPS)
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The analysis of the BHPS dataset comprises two main stages namely; exploratory
data analvsis and inferential statistics. First, exploratory data analysis stage involves
utilising mostly graphical tools including box-plots, stacked bar charts, and line
graphs, not only to maximise ingight into the key features of the BHPS dataset but

also explore existing transition patterns over the whole period from 1991 to 2009.

On the other hand, the inferential statistic stage, which encompasses statistical
techniques {e.g. logistic regression) facilitating the generalisation of the research
outcomes on a wider population (Lowry, 2014), consists of mainly identifying the
socio-economic as well as factors impacting those existing transition. Subsequently,
predict future patterns of demographic transitions covering 10-15 vears. Based on
that and owing to the binary nature of predicted household type variables, two tvpes

of estimation models will be emploved, fixed and random-effects logistic regression.

A-Fixed-effects models

In any panel data model, unobserved heterogeneity across different individuals (e.g.
single non-elderly) is not only central to its analysis but also a major determinant of
the nature of the emploved estimation model {Greene, 2012; Hsiao, 1985). First, fixed
effects models in principle assess how the variation in the dependent variable within
each group (e.g. couples with children} is affected by the change in the independent
variables inside each group. For those reasons, unobserved heterogeneity is controlled
for when variables are constant over time, and so their impact. Moreover, when there
is a correlation between constant variables and the independent variable
(Wooldridge, 2002). In other words, the effect of time invariant variables such as
gender and birth region, is not estimated in fixed-effects models, which signficantly
reduces the risk of bias caused by their introduction in the model and allows more
consistency (Williams, 2013). Fixed-effects logistic model is described in (Equation

4-1) as follows;
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(Equation 4-1)

log (1 fitpit) =u +Pxy +yz; + a;
P;; is the probability that y;; = 1, z; represents the vector of variables describing
the householders. However, it does not vary across time. On the other hand, x;; is
the vector of variables that vary across individuals and time.  and y are vectors of
coefficients while pu; is the intercept which can change over time. a; depicts the
differences between householders who are stable over time and those otherwise, based
on z;. After applying some algebra on (Equation 4-1) as well as assuming the
independence of y;; and y;, given any householder i and its a; value, z; and «a; will
he excluded from the equation as shown in (Equation 4-2). This will lead to the
elimination of householders who do not vary with the response variable and to the
creation of difference scores for all time-varying independent variables (Allison,

2006).

(Equation 4-2)

I (Pr()’u =0,y,=1)

Pr(yy = Ly, = 0) ) = (42 = 1) + B(xiz — x0a)

B-Random-effects models

In contrast to fixed effects models, which allow the correlation of unobserved
individual effects with the included variables, the random-effects ones consider the
unobserved heterogeneity uncorrelated with the observed variables (Greene, 2012}.
This will bring the following benefits. First, it will permit the estimation of the effect
of time-invariant variables such race. Secondly, it will result in a usually smaller
standard error of the estimates than in fixed-effects models (Wooldridge, 2010).
However, omitting pertinent time-invariant variables from the model might result in

biased coefficients {(Allison, 2006).
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A random effects logistic regression model is obtained (Equation 4-3) through the
inclusion of a random intercept {j ~ N(0, ¥} which is assumed to be independent of

the covariates and equally distributed among all householders j.

logit{Pr(yij = 1|xij,)} = Pl + B2x2j + B3x3ij + P4x2jx3ij + ] (Equation 4-3)

It should be noted that the responses yij for any householder j and at any given time,
are independently Bernoulli distributed (Thomas et al., 1998), which could be

formally written while defining;

nij = Pr(yij [Xij ,{j) as shown in (Equation 4-4);

logit(mij) = Bl + B2x2j + B3x3ij + PB4x2jx3ij + (Equation 4-4)
yij | mij ~ Binomial (1, mij)

C-Fixed or random effects model?

On the one hand, it could be initially argued that fixed-effects models are more
appropriate for this investigation, considering that the employed BHPS database
does contain time-invariant variables and that the characteristics of each household
could vary from one vear to another. On the other hand, this assumption might be
violated if the predicted variables vary widely across individuals, which could result
in biased coefficients and large standard errors. Based on that, it is clear that
modelling unobserved heterogeneity is challenging and not a straightforward task
(Longhi, 2014). Therefore, an objective determination of the nature of the model
(fixed or random) namely; Hausman specification test (Hausman, 1978), will be

adopted to avoid any bias, assumptions, or misinterpretation.
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The Hausman test of specification compares fixed and random effects estimates based

on a null hyvpothesis suggesting that there is no correlation between independent

variables and individual specific effects (Hausman, 1978). Furthermore, on the
principle that both models are consistent estimators of the predicted variable since
the difference between their covariance is not statistically different from zero. This
suggests that random effect-models are appropriate if the null hypothesis is not

violated. Otherwise, fixed-effects models are relevant.

4.7.3 Phase 2

Goal and purpose: this stage, which aligns with objectives four and five of this
research, seeks first to investigate the impact of households’ transition patterns on
their energy usage for gas and electricity. Subsequently, future energy consumption
patterns will be predicted while considering the variation in the households’ socio-
economic as well as dwelling characteristics. For feasibility purposes, only electricity

patterns will be predicted.
Research methodology: Quantitative
Research methods: quantitative secondary data analysis

Research instruments: Stata statistical software package will be employed to
examine the effect of predicted transition variables on domestic energy usage patterns

due to its ability to handle panel data analysis, as discussed at an earlier stage.

Data collection method and analysis: After predicting the evolutionary patterns
of households in phase 3, statistical techniques, correlation analysis more precisely,
will be first applied to BHPS panel dataset to test the hypothesis of whether
transitions patterns have a gignificant impact on the energy consumption of
households. Furthermore, to investigate this relationship’s strength, if it exists. Since

the predicted household transition variables are dichotomous (binary) and the annual
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energy consumption variables are continuous, point-biserial correlation is employed.
Although it is considered a special case of Pearson product-moment correlation,
point-biserial correlation can be handled using Pearson correlation in any statistical
software package including Stata and SPSS {Kornbrot, 2005). The point biserial

correlation coefficient 1, is calculated as follows {{Equation 4-3);

ry = Y :Yo N; N (Equation 4-5)
p S, N(N-1)

Y0 and Y1 are means of observations that are coded (} and 1, respectively. On the

other hands, N0 N1 are the number of observation coded (} and 1, correspondingly.
N is the total number of observation, whereas, Sy is the standard deviation of all the

observation.

Like most correlation coefficients such as Spearman's rho, the coefficient of point-
biserial correlation ranges between -1 and +1, in which -1 suggests a perfect negative
association. On the other hand, 0 indicates no association while +1 represents an

absolute positive relationship (Varma, 2006}.

On the contrary, if the investigated association between households’ transitions and
their energy consumption is found significant, future energy patterns will be
estimated in function of the predicted transition patterns, and variation in the
households’ socio-economic and dwelling characteristics. Based on that, two types of
multiple linear regression models will be employved namely: fixed-effects and random-
effects. For more information on the main differences between both estimation

models, please refer to the previous phase.

In a fixed-effects model, which is shown in {Equation 4-6), unobserved heterogeneity

{individual effect) z; is correlated with the vector of independent variables x;; of
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individual i over a period t. a; embodies the group specific constant term in the

model {Greene, 2008).

Vie = XitB + a; + € (Equation 4-6)

Conversely, in a random-effects model, unobserved heterogeneity is assumed to be
uncorrelated with independent variables x;; as shown in the following (Equation
4-7(Equation 4-8). This will, in turn, introduce u;which is a random element specific

to each group.

Vie = XieP + Elzia] + {zja — E[z{a]} + & (Equation 4-7)

=Xiftatu +e (Equation 4-8)

Finally, Hausman test of specification, which is described in detail in the previous

phase, is embraced to decide between both types of models.

4.7.4 Phase 3

Goal and purpose: The main aim of this phase, which aligns with the sixth and
seventh objectives of the undertaken research, is to choose a geographical area
within the city of Nottingham, study its socio-demographic characteristics.
Furthermore, build a 3D city semantic model using the relevant standard and
technologies with the possibility to support data integration across different urban

domains such as CityGML. This will be crucial for the implementation and validation

of the research findings.

Research methodology: mixed-methods methodology but mostly quantitative.
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Research methods: case-study analysis and secondary data analysis of government

official data including census data.

Involved research instruments: 3D modelling tools, open-source gaming engines,

and C# scripting.

Pilot area selection criteria: the following criteria are considered when selecting
the pilot area. First, due to the limited resources present in this doctoral research,

geographic proximity is an indispensable criterion to take into account. According to

Yin (2013), this will enable a more prolonged relationship between the investigator
and the pilot case, which, in turn, allows the regsearcher to study a given phenomenon
from different angles. Based on that, the envisaged neighbourhood should be within
a walkable distance from Nottingham Trent University to enable the researcher easily
access the site and perform different data collection procedures, if needed. Secondly,

data availability is a prominent criterion that facilitates the pilot case selection

process according to Gerring (2008). Indeed, in this research, accessibility to the pilot
area residents’ general information (e.g. name and address), demographic, socio-
economic characteristics and their aggregate energy consumption history, is crucial

for this study in general, and task 3 in particular.

Pilot area’s selection process and data collection methods: Based on the
above selection criteria, the subsequent steps have been performed. First, an open-
source online mapping tool {Figure 4-6) namely; {FreeMapTools, 2017}, will be
emploved to allocate all neighbourhoods within a 1-mile radius of Nottingham Trent.
University. Subsequently, generate a list of postcodes based on google maps database.

After that, the availability of official secondary data sources, recent government

census data, more precisely, on all the suggested neighbourhoods will be checked.
Based on this, areas with no or not enough data will be excluded from the list.

Thirdly, in collaboration with Nottingham energy partnership, the area with most
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data on the households’ demographic, socio-economic, and dwelling characteristics,

in addition to energy consumption patterns, will be selected.

Radius From UK Posicode
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Figure 4-6. The user interface of "Radius from UK postcode" tool (FreeMapTools, 2017)

Analysis of the pilot area socio-demographic characteristics: Once an area

is selected, a quantitative secondary analysis of UK census data is used to analyse

its demographic, socio-economic, and dwelling characteristics. This involves mainly

descriptive statistical procedures such as frequency analysis, measures of central

tendencies (e.g. mean, median), measures of dispersion {e.g. standard deviation), and
cross-tabulation. Moreover, graphical tools such as bar charts and line graphs to
compare the socio-demographic profile of the pilot area with the one of Nottingham

city. This would be in turn so beneficial since it enables exploring the degree of
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representativeness of the selected area for future work covering the city of
Nottingham.

Development of the pilot area 3D semantic model: the analysis of chapter 2
has unravelled the key features of the envisaged urban energy model. In particular,
it has suggested that CityGML, with a minimum level of detail (s} of LOD3, is the
standard for urban energy modelling. Based on that, it is evident that the 3D
modelling process should articulate on the digital tools and technologies that support
this standard. However, it should be noted that BIM software packages, including
Revit, will be excluded from this analysis owing to their interoperability issues with
CityGML LOD3 models, as discussed in chapter 2. In addition to CityGML LOD3

criterion, the developed 3D model should also meet the subsequent criteria;

e Interoperability with major open-source game engines: Since open-source
game engines such as Unity3D or Unreal engine, will be the main platform for
the developed urban energy modelling, the employed 3D modelling software
packages have to fully interoperable with their standards without the loss of

information and the involvement of geometry repair tools.

e Geo-location support: One of the requirements when choosing a 3D modelling
software is geo-location and mapping capabilities. More specifically, it should
contain a GIS coordinate system, so that the modelled dwellings are correctly
positioned according to the global coordinate system. This, in turn, enables
further semantic querying such as post-code queries. On the other hand. mapping
capabilities (e.g. Topographic maps generation) permits a faster, realistic, and

accurate 3D modelling.

e DPortability: Since a future goal of this research is to address the aspect of
public engagement in urban energyv planning, the developed 3D urban energy

prediction tool needs to run on different platforms including smart phones,
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tablets, and the web. Therefore, the file size is a crucial determinant of the

involved 3D modelling technologies.

Level of complexity: this comprises the number of steps involved in the possible
3D production pipelines and the level of difficulty of each of the encompassed tools
and technologies. Furthermore, the level of support (e.g. availability of online

resources, training, and forums).

4.7.5 Phase 4

Goal and purpose: the main intention at this stage, which aligns with objectives
6 and 7, is to build a 3D urban energy prediction tool (EvoEnergy) based on the 3D
semantic model of the pilot area and the statistical models developed in phases 1 and
2. Moreover, to benchmark EvoEnergy in collaboration with energy experts and

urban planners.

Research methodology: mixed-methods

Research methods: This involves 3D modelling and scripting. Moreover, action-

research through conducting a participatory workshop.

Urban 3D semantic energy modelling: after accomplishing the pilot area’s 3D
CityGML model and statistical models, the semantic energy modelling occurs. This
mainly encompasses integrating the developed mathematical models into the
CityGML model while wrapping up different functionalities and components in an
intuitive and user-friendly interface. This will be attained by using games engines
and some scripting. The former serves as the main platform for navigating through
the model, accessing different household information, performing semantic querying
and predictions. Moreover, visualising the estimated energy usage patterns at

different scales (e.g. building scale}). On the other hand, scripting will be employed
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to set some rules that govern the behaviour of the different 3D urban energy
prediction tool’s components including; socio-economic and physical in addition to

its user-interface.

Participatory workshop: Once the 3D energy semantic model has been
accomplished, a participatory workshop, involving the researcher and urban planners,
will be held. The main objective of this workshop is not only to obtain experts’
opinions on the developed semantic model but also enable them to challenge and help
improve its functionalities. For instance, this could include; proposing new features
and re-organising different elements of the user-interface. Based on that, the
workshop has been carefully planned around three mains stages namely; planning,

conducting the workshop, and finally post-workshop.

A-Planning the workshop: According to Elliott et al. (2005), the first step
towards planning an effective workshop is to ensure that a minimum of 3 staff
members are involved. Thus, the researcher and the supervisory teams will work
collaboratively during this stage. After securing staff members, the next step consists
of finding 4-8 potential urban energy planners and energy experts based in
Nottingham to be recruited. Thanks to Nottingham energy partnership for providing
contact details of some potential participants. Next, the workshop’s logistical matters
are planned. First, owing to the specific nature of the discussed topic, the workshop
will take no longer than 2 hours. Secondly, owing to its convenient location for the
participants, the workshop will be held at Nottingham Trent University {(city
campus). Moreover, catering will be arranged while considering special dietary

requirements such as vegetarian.

After arranging logistics, all questions and activities supporting an active
participation in the workshop are planned, piloted, and improved, accordingly. The
workshop is divided into three main parts namely; introductory part, question and

answers, and participatory evaluation.
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Introductory part: entails delivering a 3-10 minutes PowerPoint presentation
which aims to provide some background information and a brief overview of the

topic. The presentation covers the following points;

e  The overall project’s aim and relevant objectives.

e The strengths and weaknesses of existing urban energy planning approaches.
e  The contribution made by the researcher to existing body of knowledge.

o How will the developed 3D energy semantic model support energy planning

decision-making?

Questions and answers part: After the main researcher has delivered the short
presentation, participants will be asked 3-5 open-ended guestions. This will cover the

below areas;
e  Their preferences on the type of existing urban energy planning system.

e The type of information needed for effective residential energy planning decision-

making, based on their experience.

e Their opinions on the importance of household transitions in urban energy

planning decision-making.

The questions follow a hierarchical order based on their complexity in which the
general ones are placed first and the specific ones towards the end. This will allow
getting a sense of the participants’ level of knowledge. Moreover, gaining a deeper
insight into their perception/ misconceptions about residential energy forecasting
{Elliott et al., 20053). This part will take approximately between 30 to 50 mins

including time for group discussion.

Participatory evaluation: Once the participants’ answered all the questions, the

researcher will briefly, in 10 mins, present findings of the impact of household
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transition on domestic energy consumption. However, this analysis will be simplified
using diagrams and tables. This will be followed by a demonstration of the developed
3D urban energy prediction tool. In this instance, participants have the option to
follow and practise on the provided laptops. Alternatively, thev practise at the end
of the demonstration and ask for additional help, if necessary. After that, the
researcher will open a power point slide containing the layout of the developed
forecasting model and kindly ask the participants to evaluate it in relation to energy
planning decision-making. This will be achieved through performing the following

actions;

e Propose new features: by drawing a solid filled rectangle to show its size and
location within the interface. Each created feature should include a title and one-

line comment to explain its purpose.

e Re-arrange existing components: participants may re-allocate the location of
different components in order to improve the process of urban energy planning

decision-making.

e Suggest the improvement of visualisation as well as graphical aspects of the user-
interface components. Moreover, propose other visualisation patterns or

graphical representations by using text boxes with some comments.

Once the workshop session has been planned, a pilot study comprising the researcher,
supervigory team, and two urban design PhD students, will occur. Any encountered
challenges and feedback obtained from these participants will be taken into account
to improve the workshop planning. Once the necessary changes have been made, a
pack containing the participants’ information sheet as well ag consent form, will be
emailed to the participants who are then required to confirm their attendance by
replying. The information sheet explains in detail the purpose of the study, the nature
of participation, what the participation entails, how information is recorded, the

benefit of the study, and the right of participants {(e.g. withdraw}.
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B-Conducting the workshop: Upon participants’ arrival, the researcher and the

supervisory team will greet them. Moreover, make (s} a small talk which is not
directly related to the addressed topic. According to Stewart and Shamdasani {2014},
this will allow the moderator quickly evaluate the communication styvles of
contributors. Next, the moderator starts recording the session and introducing
himself to the participants while highlighting that the workshaop is an opportunity to
express their opinions and improve existing energy forecasting tools. Moreover,
explains the importance of results in the current research and outlines some ground
rules such as sessions’ outline, maintaining anonymity and confidentiality. After that,
the moderator follows the plan made in phase A while being assisted by the
supervigory team in managing discussions. For instance, a flip chart can be emploved
to write down some dominant participants’ opinions/ answers to help stimulate ideas
from less dominant contributors. At the end of the workshop, the researcher
summarises the main viewpoints and confirms its accuracy with the participants.
Furthermore, answers any questions from the participants. Finally, contributors will
be thanked for their invaluable contribution and informed what will happen in the

coming stages.

C-Post-workshop: According to Stewart and Shamdasani (2014} the process of
analysis should start during the workshop. In other words, the researcher should pay
attention to inconsistent or vague comments and seek for possible interpretations.
This could be easily achieved by paraphrasing or summarising key questions to obtain
confirmation. Immediately after the workshop, a diagram of seating arrangements
will be drawn. This will serve as a referential point to help remember all the
participants’ names when transcripts are being prepared (Morgan, 1996). Next, the
participants’ written answers and PowerPoint files will be analysed. Finally, a report.
written in a question-by-question format will be prepared. Moreover, discussed with

the supervisory team and revised, accordingly.
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4.8 VALIDITY AND RELIABILITY OF THE RESEARCH METHODS

A.

The British household panel data survey (BHPS): the suitability,
superiority, and reliability of BHPS data for social science analysis have been
well justified in the literature {Lambert, 2006; Rose and Pevalin, 2000; Scott et
al., 2001). Indeed, Lambert (2006) claims that BHPS was initially designed to
provide support for British research and open new doors for them to analyse in
more depth different processes across the field of social science. This is evident
in numerous studies utilising BHPS data to address previously irresolvable issues
or introduce innovate research questions. This statement was supported by
Laurie (2010) who claims that “The BHPS has been a huge success over the past

cighteen years and is highly values as a longitudinal deta resource for the UK”.

Participatory workshop: focus groups and participatory workshops are
usually prone to reliability issues due to their small sample sizes and specific
context. This prevents their outcomes from being generalised on a wider
population (Morgan, 1996). However, since the role of participatory workshops
in the study is only to obtain initial invaluable feedback from experienced urban
energy planners and to generate new ideas through the group dynamics,
generalisability is not central. Nevertheless, the workshop(s} questions will be
carefully formulated to be relatively specific and a pilot workshop will be

conducted to avoid any arsing reliability issues.

On the other hand, workshops and focus groups are well- known for their high
content validity since they allow the analysis of participants’ opinions, behaviour,
and attitude (Babbie, 1992: Morgan, 1996; Freitas et al., 1998). Therefore, the
results obtained from this workshop(s) are indisputably valid despite their lack

of generalisability, as addressed previously.
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4.9 ETHICAL ISSUES

Although the undertaken research might unintentionally and unavoidably involve
vulnerable household heads namely: people aged above 65 vears and pregnant women,
there are no ethical issues arising because the nature of the topic is not sensitive and
do not cause any harm or discomfort to the participants. Furthermore, there is NO
intimate or close examination of the participants nor intrusion of their privacy.
Nevertheless, the following measures and precautions will be taken to prevent any
arising issues. First, participants will be not visited at home at any time or under
any circumstances. In fact, the researcher or the supervisory team will only contact
them via mail/ email or phone at their convenience. Secondly, although the
researcher and supervisory team are aware that the question related to the existence
or type of benefit might be intrusive for a respondent, it is impossible to exclude
them since they are indispensable to address fuel poverty. Apart from that, NO other
sengitive questions will be asked at any point. Thirdly, to ensure the compliance with
data protection act 1998, informed consent and information sheet briefly explaining
the purpose of the project, the voluntary nature of the contribution, its extent, and
benefits gained from taking part in the study, will be first sent to the participants to
seek their permission. In addition to their right to withdraw at any time, all
participants will be treated equally and with respect. Urban planners, who will attend
the workshop(s) taking place at Nottingham Trent University, will be contacted to
arrange a convenient time. Moreover, asked whether they have specific access needs
{e.g. Wheelchair and hearing impairment) to receive the required assistance. Finally,
participants’ confidentiality and anonymity will be maintained at any stage. Any
audio or video content will be stored in a secured folder which will be only accessed

by the researcher or the supervisory team.
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4.10 CONCLUSION

This chapter has addressed in detail the methodological choices made in this research
to adequately answer the research questions. First, the philosophical research position
was discussed in relation to existing paradigms through defining the study ontological
position. Moreover, examining the epistemological assumptions of the research
process. Based on that, two philosophical paradigms namely; post-positivism and
critical theory/ transformative were considered relevant. Post-positivism was chosen
gince empirical inquiries shape part of the research generated knowledge. More
precisely, the impact of household transitions on residential energy consumption
patterns can be only measured using statistical methods. On the other hand, critical
theory/transformative was adopted since it perfectly aligns with one of the study
objectives, which is closely working with urban energy planners and energy experts
to benchmark FEvoEnergy. Furthermore, to possibly engage different consumer
segments in the process of urban energy planning and empower vulnerable households
{e.g. households on fuel poverty) in the future. Based on that, a mixed-methods
methodology was embraced. In particular, a multi-level model triangulation design
was preferred over other designs because of the complementary nature of the research
objectives and its great flexibility. There is a total of 5 stages of implementation in
which secondary data analysis, 3D modelling, and participatory workshops are the

main utilised research methods.

The next chapter (5) aims to analyse in depth the demographic and socio-economic
factors affecting single non-elderly household transitions to different household types

in the next 10 years.
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5.1 INTRODUCTION

The previous chapter has discussed and justified important methodological choices
made in the study based on its philosophical stance and the nature of research
questions. This, in turn, enabled the evaluation of different research designs and the
development. of an overall research strategy to ensure addressing the research

questions adequately.

On the other hand, this chapter analyses the demographic evolution patterns of
British households. Moareover, highligchts the socio-economic, demographic, and
dwelling related factors contributing to those transitions. In particular, there will be
a focus on the transition patterns of single non-elderly households given their large
proportion in the selected pilot area and the city of Nottingham with 32% and 25%,
correspondingly. Based on that, the British household panel data survey (BHPS) has

been utilised to predict future transition patterns.

5.2 CHAPTER STRUCTURE

Chapter 5

' }

Section 5.4 : analysis of existing transition patterns in Section 5.5 : investigation of demographic and socio-
the BHPS dataset from 1991 to 2008 economic factors influencing existing transitions

Figure 5-1.Structure of chapter 5

This chapter has been divided into two parts (Figure 5-1). The first section explores
and examines the transitions patterns that occurred in the BHPS dataset from 1991
to 2008 of households who were single non-elderly in 1991. On the other hand, the
second section investigates the demographic and socio-economic factors that have

influenced existing transitions to predict future 40 transition models covering a 10-
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yvear frame. It should be noted that each model represents the transition to a
particular household type (e.g. lone parent) in one-yvear time. However, for
simplification purposes, only the models of years 1, 5, and 10 are reported in this

chapter. To consult the remaining models, please refer to appendix A.3.3.

5.3 THE BRITISH HOUSEHOLD PANEL DATA SURVEY
CLASSIFICATION OF HOUSEHOLDS

In the British household panel data survey (BHPS), households are classified into;

e single non-elderly

e gingle elderly

e couple no children

e couple with dependent children

e couple without dependent children

o lone parent with dependent children

e lone parent without dependent children
e {2 Unrelated adults

e  (Other households

According to the British household panel data survey user manual published by
Taylor and Change (1995), the above classification is influenced by three factors
namely; household size, presence of couple in the household, and existence
of dependent children. However, since categorical variables with many groups can
inflate the dimension of the analysed dataset as indicated by Shmueli et al. {2016),
the number of categories in the household type variable have been collapsed into 6
categories while isolating children dependency as a separate variable in the database
(for more information please consult appendixA.3.1}. The new resulting 6 categories

are as follows:

e Single non-elderly
e Single elderly

e Couple without children
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e (Couple with children
e Lone parent
e 2 Unrelated adults

e  (ther households

In order to follow the analysis of different household transition models in this chapter
without any confusion, it was thought that it would be extremely helpful to define

each household type according to the British household panel data survey manual.

A single non-elderly: refers a household that is occupied by one person only. This

could either a male or female and must be under the pensionable age, which is 65.

A single elderly: It is a household type that is occupied by one person only (male

or female) and whose age must be over the pensionable age (65).

A couple without children: It is a household type which encompasses 2 people of
different or similar gender and who do not possess any children. The type of
relationship that governs this household can take various forms such as legal

marriage, cohabitation, and civil partnership {ONS, 2014a).

A couple with children: Tt is a household that is composed of 2 people of different
or similar gender and who must have at least one child. In the children are under the
age of 16 or 18 (if they are in full-time education), they would be classified as
dependent. On the other hand, if the children are aged over 16 or 18 (if on full-time
education), they are independent to their parents. Like couple without children
households, parent’s relationship can take various forms such as marriage or

cohabitation (Whiting, 2010; ONS, 2014a; ONS, 2014h).

A Lone parent: It is a household type occupied by a person (male or female) and
who has one or more than one child but no partner or husband/wife living with them

(Whiting, 2010; ONS, 2014a).
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+2 Unrelated adults: it refers to a household type that does not comprise children
or couples. Instead, it consists of more than two unrelated adults living together.

Typically, friends, students, flatmates, and co-workers (Whiting, 2010; ONS, 2014a}.

5.4 SINGLE NON-ELDERLY HOUSEHOLDS TRANSITION PATTERNS
FROM 1991 TO 2008
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Figure 5-2.Change in the number of different households in the BHPS dataset between 1991 and 2008.

Figure 5-2 is a multiple line graph that represents the overall change in the number
of various household types in the BHPS dataset over the period 1991-2008. In general,
it is evident that there was a decrease in the number of single non-elderly households
during this period. Furthermore, the number of couples with children and elderly
households increased. On the other hand, the proportion of other and lone parent
households remained relatively stable. These facts suggest the existence of hidden

transition patterns in the analvsed dataset. Thus, we utilised the stack bar chart
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(Figure 3-3) to help closely investigate the occurring inner transition patterns of

single non-elderly households over 5, 10, and 15 vears.

From 1991-1997, there was a 60% drop in the initial number of single non-elderly
households of 599. On the other hand, the number of couples without children,
couples with children, and single elderly households increased from 0 in 1991 to reach
84, 51, and 26 in 1997, respectively. This could be explained by the fact that each
year, around 20% of single non-elderly households moved to other household types,
of which 6% were couples without children, 1.8% single elderly, and 4% shared among
couples with children, other, and lone parent households. Considering the 20% yearly
transition, the decrease in the proportion of single non-elderly households would have
been greater, if there were no transition from the other family types to single non-
elderly types. For instance, it was found that around 6.5% of couples without children

transitioned to single non-elderly households.

From 1997 to 2002, the number of single non-elderly and couple without children
households decreased by 35% and 32%, respectively. Conversely, there were 100%
and 40% increases in the proportion of single elderly and couple with children
households, respectively. The decline in the proportion of single non-elderly
households was not as significant as in the previous period, as there was a 7.5%
decline in their annual transition rate. In addition to that, the rise in the number of
single elderly households is due to the increase in yvearly transition rate to this family
type, from 1.75% to 3.48%. Similarly, the surge in the proportion of couple with
children households was affected by the lack of transition of a considerable proportion
of this household type (roughly 93%) during this period despite the decrease in the

transition rates from other household types to this family type.

Finally, between 2002 and 2008, there were no major changes to report from the
precedent period except 20% and 74% declines in the percentage of couples without
children and single non-elderly households, respectively. Thus, the proportion of

couples with children increased between 2002 and 2004, before stabilising.
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Figure 5-3. The observed transition possibilities of single non-elderly households to different family types over 5, 10, and
15 years.

5.5 SOCIO-ECONOMIC AND DEMOGRAPHIC FACTORS
AFFECTING HOUSEHOLD TRANSITIONS

5.5.1 Transition to single non-elderly households

General trend

Table 3-1 and Table 5-2 represent the logistic regression models of transition to a
single non-elderly household in the next year, 5 and 10 years, respectively. In general,
the analysis of the ten transition models suggested that single non-elderly are so
unlikely to remain within the same household structure after five vears, as expected.
Furthermore, income variables had a negligible effect on this type of transition.
Finally, the significance and magnitude of the majority of variables were not
consistent over the ten models. For example, the dwelling size variable was significant
in years 1. 5, and 8 but insignificant in remaining years. However, certain factors
were consistent over the period from 1-5 vears or 6-10 years. For instance, factors
namely: cohabiting couples, household size, and householder age were compatible
across the years 1 to 5. Moreover, their magnitude was relatively stable. For instance,

the odds ratio of the variable householder age decreased by only 20% from year 1 to
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yvear b. Similarly, householder age, single non-elderly, log1{) annual household income,

the square root of benefit income, were consistently significant during the period from

years 6 to 10. The models of vears 1, b, and 10 will be analysed in the subsequent

section.

Table 5-1.Logistic regression transition models to single non-elderly households in the next year, five and ten years

(partl)
(vear 1) (year 5) (vear 10)
Single non-elderly  Single non-elderly  Single non-elderly
Cohabiting couples 5.173™ 4.68™ 0.261*
= (1.614) (2.680) (0.187)
.%‘ Widowed 3.168 2.887 -
2 (3.117) (2.929)
@\
2 Divorced - 2.718 -
7 (1.779)
Householder Age 0.745™ 0.56™" 0.363™
3 (0.0206) (0.0221) (0.0272)
a >
§ @ Single non-elderly 4.516™ 0.149™" 0.421
o @ (1.835) (0.0584) (0.312)
a 3
=2 Lone parent - 0.0686" -
3 (0.0714)
Household size 0.547 - -
(0.167)
Terraced house 2.455" - -
(0.873)
> Purpose built flat or - 0.164™" 0.272
9 mai sonette
o (0.0897) (0.210)
g Converted flat or - 0.0171™" -
é ) mai sonette
g- & (0.0152)
o = Semi-detached house - 0.45° -
B S or Bungalow
2 Dwelling size 0.842* 0.833*
'é_’ (0.0836) (0.102)
Owned outright 1.458 - -

(0.519)
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Table 5-2.Logistic regression transition models to single non-elderly households in the next year, five and ten years

(part2)
(year 1) (year 5) (year 10)
Single non- Single non- Single non-elderly
elderly elderly
Higher-grade professionals 0.569 - 2.461
0 (0.181) (1.227)
o
o Lower-grade professionals - - 2.609"
gig (1.144)
o
3 Routine non-manual 0.256™ -
3 employees
o (0.134)
o
ﬁ Foreman or technicians 0.379 - -
= (0.191)
o
3 Personal service workers - 0.0903™ -
o 0.0768
g ( )
5 Log 10 total income 0.497 0.59 0.124"
—. (0.208) (0.28) (0.0847)
&
3 Receiving benefit - 0.733* -
(0.258)
Square root household - - 1.015
annual benefit income
(0.00630)
McFadden’s R2 0.553 0.457 0.568
Type of employed models Fixed-effects Fixed-effects Fixed-effects
Sample size 1755 1382 1100

Note: standard errors in parentheses

*Significance at the 95% level

**Significance at the 99% level

Transition in the next Year
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The analysis of the model outlining the transition to single non-elderly in the next
vear has suggested that the independent variables explained 55.3% of the variation
in the dependent factor. In addition to that, the subsequent results are reported.

First, for cohabiting couples and single non-elderly households, the odds of remaining
single non-elderly is higher by a factor of 5.173 and 4.516, correspondingly. The high
odds ratio for cohabiting couples could be attributed to the fact that at least 18% of
couples in the UK are prone to separation, according to a recent study on around
21000 UK cohabiting couples (BBC, 2016a). In addition to that, Benson (2013}
reported a 5.3% annual break-up rate amongst couples based on their analysis of
understanding society panel data. This, in turn, reinforces the undertaken research
findings with regards cohabiting couples’ transition patterns. On the other hand, the
large odd ratio for single non-elderly households was expected since the proportion
of the ones making transitions (20% vearly) is far lower than of those remaining after
one vear, as discussed previously. Apart from that, the odds ratio for being single
non-elderly was higher by 2.455 for households living in terraced houses. Again, this
could be due to several factors such as income and personal preferences. For instance,
a recent English housing survey report suggested that households in poverty, of which
20% are single non-elderly {The poverty site, 2016}, are more likely to live in terraced
houses. Indeed, managers and professionals, who usually have high levels of income,

tend to dwell in detached or semi-detached homes (ONS, 2015¢).

Householder age, household size and dwelling size; on the other hand, had a
significant negative effect on this transition. This was expected from analysing the
characteristics of the initial sample. More specifically, for a 1-year increase in the age
of the householder, the odds ratio of being single non-elderly is lower by 25.5%. This
implies that a considerable proportion of the initial population is more likely to move
to different household structures after one vear, especially after knowing that the
majority of the sample population (58%) is aged between 26 and 45. Similarly, for
an additional member in the household, the odd of becoming single non-elderly in a

vear time is lower by 45.3%. A possible interpretation of this figure could be related
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to the fact that female householders with children are very likely to be lone parents
with dependent children after divorce or separation {Finch, 2002). Finally, the odds
of becoming single non-elderly was lower by 15.8% for an additional bedroom in the
dwelling, which suggests a possible relationship between household size and dwelling

size.

In contrast to the above, different socio-economic status, housing tenure, and income
variables were not significant. However, the odds ratios of certain variables including;
foreman technicians and higher-grade professionals, were significant at the 10% level.

Thus, not reported in this study.
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Figure 5-4. The percentage of annual break up rates between couples in function of the length of relationship in years
(Rosenfeld, 2014)

Transition after 5 yvears

The analysis of the logistic regression model representing single non-elderly

transitions after five years has advised that the independent factors are responsible
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for 45.7% of the variation in the dependent variable. In addition to that, the

examination of this model has unravelled the subsequent points.

First, unlike the previous models, only the “cohabiting couples™ variable was
gignificantly positive. However, its odds ratio was 2.37 higher than in year 4 transition
model. Based on Rosenfeld (2014} findings on the relationship between break ups
rate and time (Figure 5-4), the increase in the odds ratio of cohabiting couples
becoming single non-elderly could be due to a rise in the percentage of new cohabiting

couples from the vear 1995 to 1997,

On the other hand, several variables had a significant negative effect on this type of
transition. In addition to household age and “single non-elderly” variables, this
encompasses other factors such as lone-parent households, dwelling size, purpose built
flats, converted flats, and semi-detached dwellings. Moreover, the following socio-
economic classes namely: routine non-manual and personal service workers in
addition to households receiving benefit. The odds ratios for purpose built and
converted flats were 0.164 and 0.017, respectively. These findings were in line with
the centre for sustainability energy report which suggested that 48% of UK couples
without children dwelled in purpose built and converted flats in 2011. The odds of
becoming single non-elderly in five vears was lower by 74.4% for routine non-manual
classes. Similarly, for personal service workers, the odds of being single non-elderly
in b vears was lower by 91%. A possible interpretation of this figure is related to the
fact that more than 40% of households with personal service occupations are aged
hetween 25 and 44, whereas only 19% are between 16 and 25 years {Begum, 2004).
This means that a large proportion of this class is more likely to be in different
household types other than single non-elderly (e.g. couple with children). Finally,
households who were on benefit are less likely to be single non-elderly in 3 years by

an odds ratio of 0.733.
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In contrast to the above, income and the remaining socio-economic status, marital
status, dwelling type, and dwelling size variables were not significant at the 5 and

1% levels.

Transition after 10 years

The examination of year ten single-non-elderly transition model has shown that the
variables included in the model are responsible for 56.8% of the variation in the
dependent factor. Furthermore, the model analysis also suggested a similar effect of
the variable householder age but with a superior magnitude as the odds ratio is ().363.
Furthermore, it has advised a contradictory effect of the variable cohabiting couples
since the odds of being single-non-elderly in the next 10 years was found to be lower

by 73.9%.

Apart from that, the odds ratio for moving to a single non-elderly household in 10
years was higher by a factor of 2.609 for lower-grade professionals. This could be
owing to a posgible divorce occurrence amongst this socio-economic class of which
60% of them tend to get married {Goodman and Greaves, 2010). Indeed, despite the
family stability of households with professionals and managerial occupations, a recent
UK official report claimed that the average marriage length in the UK ranges between
8.9 and 12.2 years (ONS, 2013e}. For those reasons, it is believed that this odds ratio
is logical and consistent with existing governmental reports. Similarly, for a one-unit
increase in the square root of the household annual benefit income, the odds of being
single non-elderly in 10 years is higher by 1.5%. Conversely, the variable household
annual labour income was found to have a minor negative significant effect. More
precisely, for one-unit increase in the square root of this variable results, the odds
ratio for becoming single non-elderly is 0.124. Finally, variables pertaining to the
householder socio-economic class, employment mode, and dwelling type, were not to

found be statistically significant.
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5.5.2 Transition to couple without children households

General trend

Table 5-3, Table 3-4, Table 5-5, and Table 3-6 illustrate the logistic regression models
pertaining to the transitions to couples without children over one, five and ten years.
Overall, from analysing these models, it is evident that the type and number of

significant variables were not consistent.

From year 1 to vear 5, there have been some changes related to the proportion of
positively and negatively significant variables. Moreover, the change in the odds ratio
of certain variables. These can be reported in two stages. In stage 1 which covers the
models of vears 1-4, the number of positively significant factors was relatively smaller
than the one of the negatively significant variables. Apart from that, the odds ratio
of the variable “On pension” decreased by an average of 1.67 annually. Conversely,
the odds ratios of the variables namely; householder age and the square root of annual
benefit income remained small and relatively stable over those models. Finally, the
factors namely: not the main householder, other households, and foreman technicians,

were not significant across the four years.

On the contrary, stage 2 (model of year 5} witnessed significant changes in the
direction of the association between certain variables and the dependent factors. For
example, the odds ratio of the variable “couple with children” was 0.0527 in vear 1,
whereas in year b, it was 4.230. This stage was also characterised by the significance
of new variables namely; living in purpose-built flats, dwelling in converted flats, and

living in semi-detached houses.

From vear 6 to 10, there were changes in the magnitude and the direction of the
association between the dependent and independent variables. These can be, in turn,
reported in three distinct stages. In the first stage, which covers year 6, there was an

increase in the number of positively significant variables. As a result, there is was a
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balance with the negatively significant ones. Apart from that, the direction of
relationship between the variable “never married” and the dependent factor changed
from being negative to positive. This phase also witnessed the significance of a new
variable namely; lower-grade professionals. However, other variables such as routine
non-manual and on pension were found insignificant. Finally, the magnitude and
direction of some factors such as high-grade professionals and foreman technicians
were consistent with the previous models. As for phase 2, which covers the models of
yvears 7-8, the odds ratio of certain variables fluctuated. For instance, the odds ratio
of the variable “couple with children™ increased by 3.23 in year 7 and then decreased
by 1.78 in the following model. Apart from that, the variables namely; higher-grade
professionals and semi-unskilled manual workers remained consistent in comparison
to the previous phase. Conversely, phase 3, which encompasses the models of yvears
9-10, has known the insignificance of marital status, dwelling type, and tenure mode

variables.
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Figure 5-5. The proportion of workless adults across different UK household types (ONS, 2015d)
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Table 5-3. Logistic regression transition models to couple without children households in the next year, five and ten

years (partl)

(Year 1) (Year 5) (Year 10)
Couple No Couple No Couple No
- Couple with children 0.0527"" 4.230" 2.891
(@]
g (0.0158) (1.646) (2.264)
<} Lone parent - - -
o
—
<
'8 Other households - - -
Divorced 0.0389™ - -
(0.0169)
Widowed 0.0183" - -
< (0.0164)
92
3 Separated 0.0690" 6.343" 0.4158
g (0.0319) (4.667) (0.3825)
—
c
§ Never Married 0.0359" 1.986 0.900
o (0.0118) (0.977) (0.8798)
Q
T
Not main householder 1.792° - -
(0.458)
Age of the householder 1.106™ 11" 1.551"
(0.0274) (0.0285) (0.0767)
0.476 0.22 0.150
McFadden’s R2
Type of employed Fixed effects  Fixed effects Fixed effects
models
1846 1251 662
Sample size

Note: Couple No= couple without children / standard errors in parentheses

*Significance at the 95% level  **Significance at the 99% level
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Table 5-4.Logistic regression transition models to couple without children households in the next year, five and ten
years (part2)

(Year 1) (Year 5) (Year 10)
Couple No Couple No Couple No
Dwelling owned with 0.484™ 0.517 0.551
mortgage
(0.131) (0.179) (0.239)
Renting from loca 0.335 0.129 -
authorities
(0.239) (0.118)
Renting from housing 0.171 - -
associations
(0.190)
O
S Renting from private - 0.317* -
= landlords
S
«Q (0.197)
W,
B Dwelling size 1.060 - -
o (0.0916)
—
<
'8 Purpose built flat - 7.456" 0.7568
(4.214) (0.7241)
Converted flat - 8.086" 1.6932
(5.987) (2.1283)
Semi-detached house or - 1.856" -
bungalow
(0.573)

Note: Couple No= couple without children / standard errors in parentheses
*Significance at the 95% level ~ **Significance at the 99% level
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Table 5-5.Logistic regression transition models to couple without children households in the next year, five and ten

years (part3)

(Year 1) (Year 5) (Year 10)
CoupleNo Couple No Couple No
Higher-grade professionals 1.126 0.455* 0.304™"
(0.384) (0.164) (0.135)
Lower-grade professionals 1.528 0.560 0.269™
0 (0.470) (0.187) (0.119)
g- Routine Non-manual 1.576 0.431* 0.491
g (0.617) (0.198) (0.286)
o
3 Foremen technician 2.400 0.384** -
8 (1.173) (0.184)
% Small proprietors with employees - - 0.105
<
%_ (0.126)
Q
(=X .
87 Skilled manual workers - 2.207 -
(2.273)
Semi-skilled manual workers - 0.227* 0.450
(0.132) (0.331)

Note: Couple No= couple without children / standard errors in parentheses

*Significance at the 95% level

**Sjgnificance at the 99% level
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Table 5-6.Logistic regression transition models to couple without children households in the next year, five and ten
years (part4)

(Year 1) (Year 5) (Year 10)
Couple No Couple No Couple No
On Pension 7.922%* 4.254** 1.7955
(3.710) (2.292) (1.6206)
On Benefit 0.506* - 1.362
— (0.141) (0.5998)
>
Q
®} Square root of total 1.022% 1.005 -
CBD household annual
= income
@ (0.00961) (0.00329)
=4
8— Square root of 0.978** 0.988** 0.997*
S household annual
=. benefit income
%!’ (0.00596) (0.00407) (0.00456)
B Square root of 0.985 - -
household labour
income
(0.00779)
Working Full-time - 0.459* 1.4626
(0.151) (0.6469)

Note: Couple No= couple without children / standard errors in parentheses

*Significance at the 95% level  **Significance at the 99% level

Transition after 1 year

Overall, the analysis of the model representing the transition to couples without
children in the next year has advised that the independent factors cause the
dependent variable to variate by 47.6%. Apart from that, the analysis of this model

suggested the following points.
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First, it is evident that the majority of variables had a negative impact on this
transition. In particular, for households with a never married marital status, the odds
of moving to couples no children was lower by 96.41%. This result was excepted since
only 8.1% of single non-elderly in the BHPS dataset moved to couple without children
in 1992. Similarly, the odds were lower by 96.11%, 98.17%, and 93.1% for divorced,
widowed, and separated households, correspondingly. These findings align with a
recent study from the insurance company Aviva (AVIVA, 2014), which claimed that
36% of the divorced and separated respondents preferred to stay single in the future.
This argument was influenced by the high hidden costs of divorce or separation.
Moreover, the time required to settle which can be up to 2 vears. Apart from that,
the reason behind widowers preferring to stay single no-elderly could he associated
with the ageing of this population over the period from 1981 to 2011 according to a
recent official UK report (ONS, 2014c¢). In addition to that, as expected, for couples
with children. the odds ratio for becoming couples without children after a vear was
lower by 94.73%. The variable dwelling owned with mortgage also had a significant
negative impact as its odds ratio was lower by a factor of 0.484. A possible
interpretation of those findings is based on the fact that 53% of couples without
children are more likely to own their properties outright, whereas only 34% of them
prefer to own their dwellings with a mortgage. Finally, for households receiving
benefits, the odds ratio for being couples without children in one vear is lower by
49.4%. However, the impact of square root annual benefit income on this type of
transition was negligible since the odds ratio for one additional unit of this variable
was lower by 2.2%. The low odds ratio for “receiving benefit” variable is directly
related to the fact that couples without children are amongst the least likely to be
workless, as illustrated in Figure 3-3 (above). Thus, they are less entitled to benefits

than those with children according to the institute for financial studies (IFS, 2015).

In contrast to the above, variables namely; not the main householder, householder
age, on pension, and logl( total household annual income had a positive effect on

this type of transition. More precisely, the odds ratio was 10.6% higher for one
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additional year in the householder age. This could be associated with the age of the
initial population of which 58% are aged between 26 and 45. Indeed, recent UK
official reports suggest that the average age of couples with children at the first child
birth is 31.6 years {ONS, 2015a}. Similarly, for household members other than the
main householder, the odds ratio for becoming couples without children is higher by
a factor of 1.792. After a closer inspection of this unexpected result in the BHPS
dataset, it was found that over 18 vears, 46% of household members other than the
main householder became couples without children. Furthermore, around 70% of
those are females. Apart from that, households on pension are more likely to be
couples without children in the next yvear. A possible interpretation of this outcome
could be linked to the fact that 48 % of the total UK pensioners are couples without
children according to the family resource survey {ONS, 2012). Finally, the log 10 of
gross annual household income was significant, but its effect was weak as the odds
ratio for being couples without children was higher by 2.2% for a one-unit increase

in this variable.

Finally, all variables on the dwelling type and householders’ socio-economic status

were not found significant.

Transition after 5 years

The examination of the logistic regression model of transition to couples no children
after five vears has shown that the independent factors are responsible for 22% of the
variation in the dependent variable. In addition to that, the analysis of this transition
model has advised fundamental changes in the direction of the association between

certain independent variables and the dependent factor.

First, the odds ratios of the variables couples with children and separated households
were 4.230 and 6.343, respectively. These results are reasonable because there was an

increase in the odds ratios of these variables over the four previous models. Indeed,
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a recent report on divorces in England and Wales claimed that the average length of
separation before the divorce or reuniting is between 2 and 3 Years {ONS, 2013b).
Similar findings were also reported in the US by Bramlett and Mosher (2012). This,
in turn, suggests that the time needed to embark on a new relationship, especially
after divorce, might be slightly bevond three vears, which is in line with the model’s
odds ratio for separated households. Apart from the above variables, the odds ratios
for being couples without children in 5 years were 7.456 and 8.086, for households
living in purpose built and converted flats, correspondingly. This could be attributed
to the fact that over 50% of the UK cohabiting couples prefer to live together at least
5 years before the first child birth, hence prefer to remain in flats {Goodman and
Greaves, 2010}. Similarly, the odds ratio was also higher by a factor of 1.856 for
households dwelling in semi-detached houses. This finding is considered valid since
these dwelling tvpes are very popular to middle-income households, who are mostly
couple without and with children {ONS, 2015b; WhatPrice, 2017). The age of
householder did not only have a significant positive effect, but also its odds ratio
{1.1} was consistent with previous models. After a closer inspection of this result
using an age groups variable instead, it was found that for householders aged 26 and
36, the odds ratio for becoming couples no children was higher by a factor of 1.745,
Indeed, this aligns with the Births by Parents' Characteristics in England and Wales
report which suggests that the average age of couples with children at the first birth

was 31.6 vears (ONS, 2015a}.

In contrast to the above, the odds ratios were lower by 54.5%, 56.9%, 61.6%, and
77.2%. for the variables namely: higher-grade professional, routine non-manual,
foreman/ technicians, and semi-unskilled manual workers, respectively. This could
be because roughly 45 % of households from these socio-economic classes prefer to
have at least 1-2 children given their financial stability (Whiting, 2010). In addition
to that, for households working full-time, the odds ratio for being couples without
children in 5 years was lower by 54.1%. This, in turn, could be interpreted in two

distinct ways. The first argument advises that households with full-time jobs have
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more income stability {JRF, 2005). As a result of that, they are more willing and
prepared to have children. Conversely, the second possible interpretation might be
related to the fact that some future parents prefer to work part-time to avoid paying
the prohibitive annual childcare cost of £11,000 on average according to NCT,
(2014). Indeed, around 35% of women with dependent children are in part-time
employment {ONS, 2014b). As expected, the odds ratios of variables related to tenure
mode namely; renting from local authorities and renting from private landlords, were
0.129 and 0.317, correspondingly. These findings were in good agreement with the
UK recent official report on home ownership and renting {ONS, 2013d)}. Finally, the
square root of total annual benefit income was significant but had a minor effect,

whereas the log10 of household annual gross income was insignificant.

Other insignificant variables include; other households, lone parent, widowed,
divorced, never married, terraced, dwelling size, on benefit, farmers/small holders,

small proprietors with and without employees, and lower-grade professionals.

Transition after 10 years

In comparison to the above model, the examination of the model representing the
transition possibilities to couple without children households in the future ten vears
has advised that the independent factors cause the dependent variable to variate by
only 15%. In addition to that, this analysis also suggested the insignificance of
variables namely; never married and semi-unskilled manual workers. This, in turn,
indicates that the emploved dataset could not capture the transitions of never

married households as well as semi-unskilled manual workers beyond 10 vears.

On the other hand, for one additional year on the householder age, the odds ratio for
being couples without children after 10} vears was higher by 53%. Conversely, for
higher and lower-grade professionals, the odds ratios for becoming couples without

children in 10 years were lower by 69.6% and 73.1%, respectively. The odds ratio of
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the square root total benefit income: however, was relatively stable (lower by 0.3%)

in comparison to the previous models.

Finally, variables namely: On pension, working full-time, living in purpose built flats,
living in converted flats, separated, divorced, widowed, owned with a mortgage, and
renting from a private landlord, and renting from local authorities, were not

statistically significant.

5.5.3 Transition to lone parent households

(General trend

Table 5-7, Table 3-8, Table 5-9, and Table 5-10} represent the logistic regression
models of the transition to a lone parent household in one, five, and ten vears. Again,
the significance, magnitude and the direction of association of the models’

independent variables were not consistent.

During the period from year 1 to year b, marital status, gender, age, socio-economic,
dwelling type, and tenure mode variables, were found significant. In particular, the
changes in the odds ratios and direction of these variables over this period could be
summarised in four distinct stages. First, stage 1, which entails the model of vear 1,
was characterised by the weak effect of household type variables. For example, the
odds ratio for being lone parents in the next vear was lower by 99.37% for couples
without children. In addition to that, the variables namely; female, divorced, aged
46-55, household size, renting from a private landlord, routine non-manual, foreman
technicians, skilled manual workers, and the square root of annual benefit income
had a significant positive effect. However, in stage 2, which encompasses the model
of year 2, witnessed the change in the odds ratios of many variables. For instance,
there was a decrease of 1.84 and 5.185 in the odds ratios of diverced and household
size, correspondingly. Apart from that, the variable “living in an end-terraced

dwelling” was significant. In stage 3, which includes the model of vear 3, the majority
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of household types variables, except “couple with children”, were not significant.
Apart from that, the following factors; Living in terraced houses, Farmers- small
holders and renting from local authorities, were found statistically significant.
Finally, the odds ratios of the variables namely: living in terraced houses and aged
46-55 decreased by 53% on average. On the other hand, phase 4, which entails the
fourth and fifth vears of transition, was marked by the insignificance of many
variables. For example, in year 4, the following variables namely: rented from local
authorities, farmers smallholders, working full-time, and age wvariables, were
insignificant. This phase has also witnessed the significance of the factor “higher-
grade professionals”. Moreover, a dramatic increage in the odds ratio of the variable
“divorced” which went from 4.334 in vear 4 to 27.83 in year 5. The reason behind
this surprising rise could be because couples divorcing at the early years of their
marriage are less likely to have children {ONS, 2013b). As a result, they are unlikely

to move to a lone parent household.

In contrast to the above, the changes from year 6 to year 10 could be reported in
two different stages. First, in phase 1, which involves the models of vears 6 and 7,
new variables were found significant in comparison to the models of years 1-5. For
instance, the factors namely; aged 26-35 and dwelling size were significant in year 6.
However, other factors such as living in terraced houses were insignificant. In addition
to that, this phase has also known changes in the odds ratios of certain variables.
For instance, there was a 2.209 increase in the odds ratio of the variable “single non-
elderly™ in vear 6. In stage 2, which covers the models of years 8, 9, and 10 witnessed
the significance of new variables namely; skilled manual workers, working full-time,
small proprietors without employees, aged 36-45 and aged 46-55. Furthermore, unlike
the previous phase, many variables such as female, higher-grade professionals, skilled
manual-workers and working full-time, were consistent in terms of significance and
magnitude. Finally, the factors namely; on pension. rented from local authorities,

and small proprietors with employees were inconsistent during this phase. For
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example, the variable “on a pension” was significant in the model of vear 9 but

insignificant in the models of vear 7 and 8.

Table 5-7.Logistic regression transition models to lone parents in the next year, five and ten years (partl)

(Year 1) (Year 5) (Year 10)
Lone parent Lone parent Lone parent
Single non-elderly 0.130™ 3.736" -
(0.0691) (2.059)
E Couple without children 0.00626" - -
c
§_ (0.00792)
% Couple with children 0.000639"* - -
~—+
5 (0.000729)
D
= Other households 0.00888" - -
Q
3 0.0123
3 (0.0123)
=,
';&* Female 3.558" 4.542° 3.261°
4 2.184
) (2.184) (3.160) (2.826)
c
2 Divorced 4.415 27.83" -
Q
=
g (3.206) (18.98)
R Separated 3.739 - -
(4.257)
McKelvey & Zavoina'sR2 0.3032 0.181 0.125
Type of the used model Random effect Random effect ~ Random effect
Samplesize 5551 3670 2229

Note: standard errors in parentheses

*Significance at the 95% level  **Significance at the 99% level
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Table 5-8.Logistic regression transition models to lone parents in the next year, five and ten years (part2)

(Year 1) (Year 5) (Year 10)
Lone parent Lone parent Lone parent

T Aged 26-35 - 1.727 -
o
% (0.948)
% Aged 36-45 1.833 0.7152 0.359"
Q
Q (0.926) (0.5568) (0.481)
D
Q
8_ Aged 46-55 5.615" 1.13523 0.260"
W,
% (2.969) (0.61640) (0.208)
<
g Household size 7.733" 2.93" -
E% (2.398) (0.612)

Renting from private 7.455™ - -

landlords

(4.558)

g Renting from local - 0.115" 0.412
D authorities
= (0.0875) (0.400)
(@]
5_ Living in end-terraced - 2.968 2.011
Q) dwellings
Q (2.252) (1.680)
<
Q Living in terraced - 4.408" -
Q dwellings
% (2.557)

Living in purpose built - 6.684" -

flats

(4.981)

Note: standard errors in parentheses
*Significance at the 95% level  **Significance at the 99% level
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Table 5-9.Logistic regression transition models to lone parents in the next year, five and ten years (part3)

(Year 1) (Year 5) (Year 10)

Lone parent Loneparent  Lone parent

Higher-grade professionals - 0.0701" 0.187"
(0.0759) (0.138)
Routine non-manual employees 3.903 0.263 -
(2.550) (0.232)
Small proprietors with employees 2.093 51.33"
0. (2.150) (62.04)
Q
g Small proprietors without 0.102 10.96"
S employees
% (0132 (12.00)
o ;
o Farmers/small holders 0.0893 0.0244 -
2 (0.146) (0.0411)
Q
g Foreman technicians 7.191" 3.009" -
R (7.217) (2.416)
Skilled manual workers 6.047 8.692"
(5.288) (9.392)
Semi-unskilled manual workers 7.136" - -
(5.498)

Note: standard errors in parentheses
*Significance at the 95% level ~ **Significance at the 99% level




218 Socio-economic and demographic factors affecting household transitions

Table 5-10.Logistic regression transition models to lone parents in the next year, five and ten years (part4)

(Year 1) (Year 5) (Year 10)
Lone parent Lone parent Lone parent
On Pension 0.186™ 0.267" -

3 (0.117) (0.216)

5

5] Square root of total annual 1.023™ 1.0134" -

5_ benefit income

Q (0.00723) (0.006863)

< Square root of annual 0.991 0.984 -

Q investment income

Q (0.00856) (0.00932)

=2

8 Working full-time 1.380 1.2363 0.559"
(0.671) (0.644) (0.323)

Note: standard errors in parentheses
*Significance at the 95% level  **Significance at the 99% level

Transition after 1 Year

The analysis of the logistic regression model representing transition probabilities to
lone parent households in one vear has advised that the impendent variables
explained 30.32% of the total variation of the dependent factor. Apart from that, the

subsequent points were concluded.

First, although they were significant, the impact of household type variables on the
dependent variable was very small. More specifically, for single non-elderly
households. the odds ratio for becoming lone parents in one year was lower by a
factor of 0.130. Similarly, the odds ratios were 0.00626 and 0.000639 for couples
without children and with children, correspondingly. Also, the variable “Other
households™ had an odds ratio of 0.00888. Apart from that, for households on pension,
the odds for being lone parents in the next year was lower by 81.4%. This aligns with

the findings of couples no children transition models, where 48% of the UK pensioners
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were couples without children (ONS, 2012). Another evidence is based on the fact
that lone parent households had the lowest pension wealth in comparison to other

household types, such as couple without children {ONS, 2015b).

On the other hand, marital status, age, and socio-economic variables had a
considerable positive effect on the dependent variable. In particular, for female
householders, the odds ratio for becoming a lone parent househeld in the coming year
was higher by a factor of 3.538. Indeed, lone female parents accounted for
approximately 91% of total lone parent households (ONS, 2014b). Divorced
householders were also very likely to be in a lone parent household as the odds ratio
of this variable was 4.415. This was consistent with the government report on lone
parents, suggesting that roughly 30% of lone parents are divorced {ONS, 2015f). Even
though the continuous age variable was not found sgignificant, householders aged
between 46 and 35 years were more likely to be lone parents next year with an odds
ratio of 5.615. This could be attributed to the fact that the around 50% of all the
UK divorces were for householders aged between 40 and 53 (ONS, 2013b}. In addition
to that, for one additional member in the household, the odds ratio for being a lone
parent household in the coming year was higher by a factor of 7.733. This could
imply that lone parent households with more dependent children are less likely to
move to other household types. Households renting their accommodations from
private landlords for one year are likely to be lone parents with an odds ratio of
7.733. Although this is not the most common tenure mode for this household type,
some of them, who cannot access social housing or are awaiting decisions on their
applications, can still benefit from housing benefit schemes while living in private
accommodations (GOVUK, 2017c¢). Indeed, almost 653% of lone parents in the UK

rent their accommodations {ONS, 2011b).

Apart from that, the odds ratios were 3.903, 7.19, 6.047, and 7.136 for the following
gocio-economic status namely: routine non-manual, foreman technicians, skilled

manual workers, and semi-unskilled manual workers, correspondingly. According to
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the UK 2011 census report (ONS, 2011¢}, around 20%, 10%, and 25% of lone parents
belonged to the subsequent classes; routine occupations, lower-supervisory and
technical occupations, and semi-routine occupations, respectively. Finally, the square
root of total benefit income was significant but with a weak effect since the odds

ratio was higher by 2.3%.

In contrast to the above, dwelling type variables in addition to the remaining tenure

mode and income variables were not. found statistically significant.

Transition after 5 years

The investigation of the model representing the transition possibilities to a lone
parent household in the next five years has indicated that the independent factors
cause the dependent factor to variate by only 18.1%. Besides, the below conclusions

have been made,.

First, like in the previous model, most of the statistically significant factors had a
positive impact on this transition type. More precisely, for the following variables
namely; single non-elderly, females, household living in terraced and purpose-built
flats, the odds ratio were 3.735, 4.542, 4,408, and 6.84, correspondingly. The same
applies to the following continuous variables namely; the square root benefit income
and household size, in which a one-unit increase in these variables will contribute to
a rise of 1.0134 and 2.93 in their odds ratios, respectively. However, despite having a
positive effect, the odds ratio for divorced was unexpectedly very high (27.83%). This
could be attributed to the fact that almost 48% of divorcees in the UK had at least.

one child under 16 in the household (ONS, 2013b).

On the other hand, the odds ratios were lower by 0.267, 0.0244, 0.0701, 0.115 for
households on a pension, farmer small holders, higher-grade professionals, and the
ones renting from local authorities, respectively. The income stability of this socio-

economic class in the main reason behind these very low odds ratios. Indeed, around
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94% of them are divided between couples with children and couples without children,

including empty nesters {ONS, 2013c).

Finally, the variables; end-terraced, age variables, household type factors, in addition
to the rest of tenure mode and income variables, were not found significant in this

maodel.

Transition after 10 years

The inspection of the regression model representing the possibility of becoming lone
parents after ten vears has advised that the model independent factors are responsible
for only 12.5% of the variation in the dependent variable. Apart from that, the below

points were reported.

First, it is clear that the direction of association of most variables with the dependent
variable was consistent with the precedent models. However, there was an exception
for the variables; on a pension and renting from local authorities, as they were not
found statistically significant. Variables with a positive impact on the dependent
factor, including female, small proprietors with emplovees, and skilled manual
workers, had the following odds ratios: 3.261, 51.33, and 8.692, respectively. In
addition to that, for households belonging to the socio-economic class “small
proprietors without employees”, the odds ratio for being a lone parent family in the
next 10 vears was higher by a factor of 10.96. This might be attributed to the fact
that a lot of lone parents consider setting up their businesses to have more time
flexibility: consequently, dedicate more time to their children. Indeed, a recent report
from CitizenAdvice (2015) suggested that a large proportion of those who are on
part-time self-employment were women. Furthermore, among those, a considerable
proportion is aged 45 or older, which aligns with the findings suggesting that most

divorces occur at an age between 40 and 55 and with at least one child.
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In contrast the above, the odds ratios for the negatively significant variables namely:
working full-time, higher-grade professionals, aged 36-45, and aged 46-55 were 0.559,

(.187, 0.359, and (.260, respectively.

5.5.4 Transition to couple with children households

General trend

Table 3-11,Table 3-12, Table 3-13, and Table 3-14 depict the logistic regression
models outlining the transitions to couples with children in the next vear, five and
ten years. Apart from the inconsistency of the independent variables’ significance,
magnitude, and direction of association, which was shared across all transition

models, the subsequent changes are reported.

During the period from year 1 to year 5, the effect of marital status and income
variables was minimal. Apart from that, other changes in these models could be
further summarised in 3 phases. First, stage 1, which covers the model of vear 1, was
characterised by a large number of negatively significant variables which was almost
the double of the positive ones. Conversely, in stage 2, which entails the models of
yvear 2, 3, and 4, witnessed the significance of some variables as well as the
insignificance of others while certain factors remained constant. For instance, in the
model of vear 2, the variables namely; on benefits, lone parents, higher-grade
professionals, and routine non-manual were found significant. On the other hand, the
factors; living in semi-detached houses, farmers/smallholders, and agriculture
workers, were significant in the model of year 3. However, the majority of significant
factors in the models of years 2-3 were found insignificant in year 4. Unlike phase 1,
stage 3, which entails the model of vear 5, was marked by the dominance of positively
significant factors such as aged 46-53 and living in detached dwellings. In addition
to that, the odds ratio of the variables namely:; unskilled manual workers and lower-

grade professionals doubled in comparison to the previous stage. However, the odds
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ratios of some variables such as other households and aged 46-35 remained consistent
while other factors were not found significant. These include the following; farmers
small holders, living in purpose-built flats, living in converted flats, and rented from

local authorities.

In contrast to the above, the changes between vear 6 and vear 10 could be analysed
in five distinct stages. In stage 1, which covers the model of vear 6, the majority of
independent factors had a positive effect on the dependent variable. In addition to
that, some variables related to the marital status, tenure mode, dwelling type, and
income were insignificant. However, the factors namely; on benefits and aged 36-45
were found significant in this phase. Stage2, which covers the models of vear 7, was
marked by the positive impact of the variable “divorced”. As discussed in the section
pertaining to this model, this might be because 1 in 7 marriages in the UK are for
those remarrving after divorce (ONS, 2013e). Similarly, the variables: aged 36-45,
aged 46-55, owned outright, higher-grade professionals, on benefit, and working full-
time were consistent with the previous phase. As for stage3, which represents the
model of year 8, some variables with a negative effect in the precedent phase were
insignificant. This is the case for; dwelling owned outright, working full-time, and
skilled-manual workers. As a result, the number of positively significant variables
was equal to the one of the negative factors. On the other hand, in stage 4 which
encompasses the model of vear 9, involved only positively significant variables.
However, in stage 5, which represents the model of vear 10, there was a balance

between negative and positive variables.
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Table 5-11.Logistic regression transition models to couple with children households in the next year, five and ten years
(partl)

(Year 1) (Year 5) (Year 10)
Couple CH Couple CH Couple CH
Lone parent - 4.212 -
(4.273)
Other households 0.130" 7.813"
(0.132) (7.550)
Aged 26-35 0.238" 0.0884""
T
o) (0.0578) (0.0387)
c
5:_@ Aged 36-55 - - 0.437*
o
Q (0.147)
<
U * * %
o Aged 46-55 2.416 5.556
&
o (0.879) (1.972)
2
o Cohabiting couples 0.1317 0.148™" 0.0636**
=
Y (0.0481) (0.0789) (0.0567)
=
Q. Divorced 0.00252" 0.0925" -
Qa
g (0.00227) (0.0869)
n
Never Married 0.00660"" 0.259 0.0620*
(0.00361) (0.226) (0.0700)
Not main householder 4.145™ 1.973 -
(1.429) (0.812)
McFadden’s R2 0.554 0.3 0.165
Type of model Fixed effects Fixed effects Fixed effects
Samplesize 1337 781 522

Couple CH: couples with children / Note: standard errors in parentheses
*Significance at the 95% level  **Significance at the 99% level
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Table 5-12.Logistic regression transition models to couple with children households in the next year, five and ten years

(part2)
(Year 1) (Year 5) (Year 10)
Couple CH Couple CH Couple CH
Living in detached dwellings 2.844" 2.601° -
(1.284) (1.305)
Living is semi-detached 1.801 3.025" -
dwellings
(0.733) (1.346)
Living in Terraced dwellings 0.459" - 3.055
> (0.216) (2.205)
Q
Q
% Living in Purpose built flats 0.130" 0.403 -
3
(@] (0.0735) (0.309)
o
Q
o Living in converted flats 0.0679" - -
S
o (0.0717)
2
8 Dwelling size 1.866"
<
g (0.2658)
% Dwelling owned outright 8.214™ 3.225° -
(4.170) (1.852)
Dwelling Rented from employer 0.0371" - -
(0.0443)
Dwelling rented from private 0.245" 0.0769*
landlords
(0.146) (0.0789)

Couple CH: couples with children / Note: standard errors in parentheses

*Significance at the 95% level

**Sjgnificance at the 99% level
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Table 5-13.Logistic regression transition models to couple with children households in the next year, five and ten years
(part3)

(Year 1) (Year 5) (Year 10)
Couple CH Couple CH Couple CH
Higher-grade professionals 0.524 3.817" 7.721%*
(0.187) (1.749) (5.044)
Lower-grade professionals 0.397" 10.18" 3.799*
8’ (0.126) (4.969) (2.101)
Q. Routine non-manual - 7.44™ -
% employees
g (3.56)
S
% Small proprietors without - 4.656" -
o employees
o (3.586)
% Semi-unskilled manual 0.310° 4.096° -
D workers
é (0.164) (2.817)
#‘ . H * %
Q Foreman technicians 0.242 - -
Q
% (0.122)
Farmers/smallholders 0.305 2.482 -
(0.283) (2.159)
Agriculture workers 0.0920 - -
(0.173)

Couple CH: couples with children / Note: standard errorsin parentheses
*Significance at the 95% level  ** Significance at the 99% level
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Table 5-14.Logistic regression transition models to couple with children households in the next year, five and ten years
(part4)

(Year 1) (Year 5) (Year 10)
Couple CH Couple CH Couple CH
On benefit - 1.394 1.053
(0.472) (0.539)
— On pension 0.650 - -
Q
% (0.482)
D
5_ Square root of annual benefit 1.024™" 1.021" 1.026**
Q income
—
o (0.00592) (0.00693) (0.00827)
< * kK
Q Square root of annual 0.973" 0.980" -
g investment income
{i (0.00757) (0.00772)
Working full-time - 2.191° 1.151
(0.851) (0.519)

Couple CH: couples with children / Note: standard errorsin parentheses
*Significance at the 95% level  ** Significance at the 99% level

Transition after 1 year

From analvsing the regression model pertaining to household transitions to couples
with children in the coming year, it is clear that the independent factors explained
55.4% of the total variation in the dependent variable. Moreover, it is evident that
the number of variables with negative effect was the double of the ones with positive
impact. Furthermore, income and marital status related variables had a minimal

effect, since their odds ratios were minimal.

First, for other household structures, including 2 or more unrelated adults, the odds
of being couples with children in the next year was lower by 87%. This was in good
agreement with the findings of couple without children transition models.

Furthermore, the work of Stone et al. (2011) and Daly (2005), advising that
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individuals living in non-family arrangements are more likely to become couples
without children. Householders aged between 26 and 35 were also found unlikely to
be couples with children in one vear given the low odds ratio (0.238}. This is because
the average age of both parents at first child birth in the UK is approximately 31.6
(ONS, 2015a). Similarly, for cohabiting couples, divorced, and never married, the
odds ratios were lower by 0.131, 0.00252, and (L0067, respectively. The lower odds
ratio for cohabiting couples could be associated with the fact that only 199 of this
category had children according to (ONS, 2013¢). On the other hand, the lower odds
ratios for never married and divorced were expected since householders with these
marital statuses frequently move to couples without children and lone parents,
correspondingly, as indicated in the previous models. The same applies to households
living in terraced dwellings, purpose built, and converted flats, in which the odds
ratios were (1459, 0.130, and 0.0679, correspondingly. Again, these results clearly
demonstrate their consistency with the findings of other transition models. For
instance, lone parents and single non-elderly households were more likely to reside in
terraced dwellings, whereas couples without children, preferred to live in purpose
built or converted flats. In addition to that, the odds ratios were lower by 75.5% and
96.29% for those who lived in privately rented accommodations and dwellings
provided by employers, respectively. Premised on the other regression models, it was
logical that households residing in private accommodations are unlikely to be couples
with children. Similarly, given the fact that individuals living in employers provided
accommodations are usually nurses, security agents, carers, and are usually working
night shifts, it could be argued that it is quite challenging for them to have children
especially at the beginning of their career. Indeed, a recent study conducted by the
Berlin social science centre claimed that children of non-standard workers (e.g.
weekend and nights) are more likely to have behavioural problems which in turn
could potentially damage their development {Li et al., 2014). Finally, as expected
given this short time prediction (1 year}, the odds ratio for lower-grade professionals

and semi-unskilled manual workers were lower by 0.397 and 0.310, respectively.
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In contrast to the above, for householders aged between 46 and 55, the odds ratio
was higher by a factor of 2.416. Considering that the average age of both parents at
the first child birth, this outcome was in line with the recent UK government report
suggesting that almost 50% of those aged between 20 and 24 lived with their parents
in 2015 (ONS, 2016). Additionally, for household members other than the main
householder, the odds for being couples with children in the coming vear was high
by 4.145. This could be associated with the fact that almost half of individuals other
than the main householder in the BHPS dataset were mostly females and maoved to
couple without children households, as indicated at an earlier stage. Apart from that,
certain dwelling type and tenure mode variables had also a positive effect on the
dependent variable. More precisely, the odds ratios were higher by 2.844 and 8.214
for households living in detached dwellings and possessing their accommodations
outright, respectively. The former result was in good agreement with the UK home
ownership report suggesting that half of outright homes were occupied by at least
two people (ONS, 2013d). Conversely, a possible interpretation of the latter finding
could be related to the fact that detached dwellings are the second most common
type for couples with dependent children after semi-detached {ONS, 2013d}. Finally,
income variables namely: the square root of benefit income and logl0O of annual
investment income, were significant. However, their effect was negligible since their

odds ratios were 1.024 and 0.973, respectively.

Transition after 5 years

The examination of the regression model representing the transition possibilities to
couples with children in the next five years has suggested that the independent
factors cause the dependent factor to variate by 30%. In addition to that, it is clear
that the majority of significant variables had a positive impact on the dependent
factor. Moreover, it has advised certain changes, which include the significance of

new variables namely; semi-unskilled manual workers and working full-time. What
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is more, the variables namely: farmers/smallholders, purpose built flat, converted

flat, and rented from local authorities, were found insignificant.

In contrast to the above, the remaining variables were consistent with the previous
models, despite some changes in their odds ratios. For examples, for households living
in non-family arrangements, the odds for moving to a couple with children family
was higher by a factor of 7.813. Similarly, the odds ratios were 5.556, 2.601, 3.025,
and 3.225 for the variables; aged 46-53, living in detached houses, living in semi-
detached dwellings, and owned outright, correspondingly. Similarly, socio-economic
status variables had also a significant effect. However, the odds ratio for lower-grade
professionals almost doubled from the model of year 4 to reach 10.18. This implies
that this socio-economic class is more likely to become couples with children with
time. In this respect, it could also be argued that there should be a possible
relationship between savings and planning to have children. Indeed, a recent report
by the insurance company Aviva (2013) claimed that couples who plan to have
children are more likely to be on a saving plan, and around 31% of them save more
than 2000 £ annually. Apart from that, for households working full-time and farmers
smallholders, the odds ratios were 2.191 and 4.096, respectively. This was in line with
the UK report on families in the labour market suggesting that around 60% of couples

with children were in full-time employvment {ONS, 2014b).

On the other hand, like on the previous models, the effect of marital status variables
was very weak. For instance, for divorced and never married householders, the odds
for becoming couples with children in 5 yvears were lower by 0.0925 and (.259,
correspondingly. Similarly, for a one-unit increase in the square root of investment
income, the odds ratio for being a couple with children in 5 years was lower by 2%.
Finally, the odds ratio of householders aged between 26 and 35; however, was slightly

higher with a value of (L1538,

Transition after 10 years
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The analysis of the model representing the transition probabilities to couples with
children in the next vears has advised that the independent factors are responsible
for 16.5% of the total variation in the dependent variable. Moreover, it was noticed
that the number of variables with a positive effect was nearly equal to the ones with

negative impact. Other changes are reported below.

First, the odds ratios were higher by 7.724 and 3.799 for higher and lower-grade
professionals, respectively. Similarly, for a one-unit increase in the square root of
annual benefit income, the odds ratio for being a couple with children household in
10 years was higher by 2.6 %. Finally, the variable receiving benefits was not found

significant.

On the other hand, the marital status variables namely; never married and cohabiting
couples, were significant, but their effect was very negligible. More precisely, the odds
ratios were (.0636 and 0.0620 for cohabiting couples and never married,
correspondingly. The same applies to the variable “rented from private landlords” in
which the odds ratio was 0.0769. This could be explained by the fact that usually,
couples with children are more likely to live in dwellings owned outright or with
mortgage according to the UK office for National statistics (2013b). Indeed, 63% of
the privately rented accommodations were occupied by 1-2-person households.
Finally, unlike the previous models, for householders aged between 36-45 years the
odds of being couples with children in 10 vears was lower by 56.3%. This could be
attributed to the fact that around 50% of UK householders aged between 40 and 55
are prone to divorce, as indicated at an earlier stage (ONS, 2013b). As a result, they
should move to other household types in the future such as lone parents or single

non-elderly.

5.6 CONCLUSION

Chapter five has investigated the demographic and socio-economic factors influencing

the various transitions of single non-elderly households in the next ten years. To
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accomplish this aim, existing transition patterns in the British household panel data
survey (BHPS) between 1991 and 2008 have been first explored using descriptive
statistics. This has, in turn, permitted to understand the overall change in the
proportion of different households over this period. Moreover, allowed to inspect for
the hidden inner transition patterns between various household types and which has,

in turn, informed the change in the number of different families.

After understanding the existing transition mechanisms in the BHPS dataset, the
demographic and socio-economic factors affecting those transitions have been
explored using fixed and random effects binary logistic regression. Although the
results of the transition models were in good agreement with the literature, the
gignificance and magnitude of their independent factors were not consistent across
all years. This provides a strong indication of the complexity of household
demographic transitions and suggests the non-feasibility of statistical approaches in
interpreting such a phenomenon {Carter and McGoldrick, 1988; White and Klein,
2008). In fact, it is believed that a combination of statistical and other qualitative
approaches is indispensable for a holistic interpretation of factors affecting household

transitions.

In addition to the above, the results’ analysis suggested that the BHPS dataset
cannot and should not be emploved to predict transition patterns beyond the 10
years. Indeed, even though most models’ independent factors were good predictors of
the dependent variables, the models’ R2 decreased from being 20-56% in years 1-7 to
below 20% after the 9™ year of transition. Similarly, given the models low R2 values,
the emploved dataset could not capture, to some extent, factors influencing the

transitions to lone parent families.

The next chapter investigates the impact of the predicted transition variables on the

annual electricity and gas consumption of households.
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The sixth chapler explores the effect of various houscholds’ transition patterns on thedr
annual electricity and gas wusage. Bused on those findings, a prediction model which
forecasts the annual clectricity conswmption in function of houschold transitions,

demographic, and socio-economic factors, is developed.

Contents
6.1  INtrodUCHON ...oviiiii e 234
6.2  The impact of household transitions on their annual energy consumption..... 234
6.3  Electricity consumption prediction model...........ccccoeuiiiiniiinnniiinicinen 245

6.4 CONCIUSION «ettteeet ettt ettt e et e e e e e e tteeeeeeseaesseeateeeessesassenateeeessessssneeeeeeeesanans 257




234 The impact of household transitions on domestic energy usage patterns

6.1 INTRODUCTION

The chapter aims to investigate the effect of the predicted transitions on the
household energy consumption patterns for both gas and electricity. This will he
followed by predicting the electricity consumption of different family types in the
next ten vears in line with their estimated transition patterns. Moreover, their

significant socio-economic and demographic characteristics.

6.2 T'HE IMPACT OF HOUSEHOLD TRANSITIONS ON THEIR
ANNUAL ENERGY CONSUMPTION

As indicated in the methodology chapter, the nature and strength of association
between the predicted household transition models and their annual gas and
electricity consumption variables were explored using point-Biserial correlation.
Based on that, this chapter aims to analyse in detail the outcomes of the four
generated point-Biserial correlation tables. Each table encompasses ten columns of a
predicted transition tvpe (e.g. couple without children) and two rows representing
the square root of annual gas consumption and the log 10 of annual electricity usage.
From analysing each table, it is evident that the majority of household transitions
do have an impact on both gas as well as electricity consumption figures. However,
this effect is weak since the majority of point-Biserial correlation coefficients 1y, did
not exceed a value of 0.2. The below subsections attempt to discuss the effect of each

transition type in more detail.
6.2.1 The effect of transition to single non-elderly households

In the light of Table 6-1(below), it is clear that the impact of the predicted single
non-elderly transitions on the log 10 of electricity consumption was significant across
all years. However, this was not the case for the impact on the square root of annual

gas consumption as it was not significant after the fourth year of transition. In
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addition to that, the magnitude of all significant correlation coefficients was positive,

despite the fact it decreased over time.

Table 6-1. The impact of single non-elderly transitions on the annual gas and electricity consumption

Singlel Single Single Single Single Single Single Single Single  Single
year 2years 3years dyears Syears 6years T7years 8years 9years 10
years

Log 10 0.18** 0.154**  0.153**  0.142** 0.07** 0.06** 0.07** 0.052** 0.05** 0.04**
annual
eectricit
y usage
Sig.(2- 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.002
tailed)

Square 0.11** 0.094**  0.069** 0.062** 0.015 -0.003 0.01 -0.001 -0.012 -0.013
root of
annual
gas
usage
Sig.(2- 0.000 0.000 0.000 0.000 0.246 0815 0421 0.928 0.353 0.301
tailed)

Sample 6700 6700 6700 6700 6700 6700 6700 6700 6700 6700
size
Note: * Significance at the 95% level ** Significance at the 99% level

First, the change affecting the point-Biserial serial correlation coefficients of the log
10 annual electricity consumption variable could be reported in 4 different phases.
The first stage, which covers the coefficients of vear 1 and 2, has known a 14.45 %
decrease in the 7, coefficient. This implies that the transition to single non-elderly
after two vears has less effect on the annual household electricity usage than the
transition after 1 year. This was logical given the (0 % transition rates from other
household types such as couples with children, to single non-elderly over the first
vear in the BHPS dataset. Indeed, in the second year, there were around 6.5 %
transitions from other household types, including 1.4% of lone parent households.
Conversely, the second stage, which entails the 2", 3, and 4™ vears of transition,
has known a slight decline in the 7, coefficient. More precisely, from year 2 to year
3, the 1y, coefficient remained fairly stable, whereas from year 3 to year 4. it
decreased by 7.19%. On the one hand, this is due to the fact that the transitions to

single non-elderly after 3 vears from other household types dropped from 6.5 % to
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5.33%. On the other hand, the reason behind the fall in the r,, coefficient of the 4™
yvear of transition could be attributed to the high proportion of transitions from
families with larger sizes such as couple with children. In other words, despite the
decline in the transition rate in this year by 0.78%, transitions from households with
2 or more individuals represented more than 52% of these transitions. As for the
third phase, which includes years 4 and 5, r,, coefficient dropped dramatically by
49.30 % in year 5. This was reasonable given the fact that wave 1996 was omitted
from the BHPS dataset and replaced by wave 1997 as it lacks energy consumption
variables. In other words, the change in rp,, was due to the transition rate of nearly
15% and which covers two waves. Finally, phase 4, which encompasses the 71,
coefficients of year 5 to vear 10, witnessed a fluctuating pattern of minor decline
{0.01 on average). Following an inspection of transition rates to single non-elderly
from other family types in the BHPS dataset, it was found that they also fluctuated

between 6% and 4%.

In contrast to the above, the change in the 7, coefficients pertaining to the square
root of annual gas usage variable could be described over three stages. First, stage 1,
which includes the first and second year of transition, witnessed a 14.5% decrease in
the 7, initial correlation coefficient. This was almost identical to the change in the
Tpp of the variable log 10 annual electricity usage in stage 1. In the second phase;
however, the r,, decreased by 26.6%. Again this could be due to a 1% increase in
the transition rate to single non-elderly from other household types (e.g. couple
without children). In phase 3, which entails the third and fourth transitions, there
was only 10.14% decline in the 7, coefficient. This could be because the transition
rate from other family types to single non-elderly dropped by 2.13% from year 3 to
4. Finally, the r,, coefficients from year 5 to year 10, were not significant which
implies that there is not enough evidence on the nature of the relationship between

hoth variables.
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After analysing the above facts, it is clear that the change in the point-Biserial
correlation coefficients across both electricity and gas was associated with the
transition from other family types such as couple without children. This, in turn, is
strongly affected by the change in certain demographic and socio-economic factors
such as household size, income, age, and marital status, as discussed previously.
Therefore, it is believed that transitions to single non-elderly households do have an

indirect impact on their future gas and electricity usage patterns.

6.2.2 The effect of transition to couple without children

Table 6-2.The impact of couple without children transitions on the annual gas and electricity consumption

CN1 CN 2 CN 3 CN 4 CN5 CN 6 CN7 CN 8 CN9 CN
year years years years years years years years years 10
years

Log 10 0.11**  0.093** 0.098** 0.094** 0.08** 0.04** 0.03** 0.02 0.008

annual .034**

electricity

usage

Sig.(2- 0.000 0.000 0.000 0.000 0.000 0.005 0000 0.006 0.074 0.538
tailed)

Square 0.114** 0.091** 0.068** 0.057** 0.05** -.09** 0.013 0.001 -.008 -.010
root of

annual

gas usage

Sig.(2- 0.000 0.000 0.000 0.000 0.000 0.000 0.290 0.930 0.553 0.419
tailed)

Sample 6700 6700 6700 6700 6700 6700 6700 6700 6700 6700
size

Note: CN: Couple no children  * Significance at the 95% level ** Significance at the 99% level

Table 6-2 represents the point-Biserial correlation coefficient matrix between couple
without children transition wvariables and household energy consumption factors.
Owerall, it is clear that the resulting point-Biserial correlation coefficients were not
statistically significant over the ten vears. Furthermore, the direction of these
associations was positive except for the 6™ year of transition. Finally, the 7, related

to both the logl() annual electricity usage and the square root of annual gas



238 The impact of household transitions on domestic energy usage patterns

consumption decreased in function of time. This variation was marginally affected
by the change in the proportion of couples without children, which suggests that

other factors, including demographic and socioeconomic, could also have an influence.

First, the change in the 7,, coefficients of the log 10 of annual electricity
consumption could be reported in 4 distinct stages. The first stage, which
encompasses the 71, coefficients of vear 1 and 2, has witnessed a decrease of 27.27%
in the initial 7y, coefficient. This outcome was unexpected given the fact that
transition to couple without children is usually accompanied by an increase in the
household size and income levels. However, due to the high proportion of full-time
employment among this family tvpe (67.6% on average), this decline could be

attributed to their patterns of presence at home.

Similarly, the second phase, which covers the 2%, 3* and 4% years of transition, has
known a 1.08% increase in the 7,, coefficient. More specifically, this was split into
5.38% increase from year 2 to 3 as well as 4.08% decline from vear 3 to 4. The increase
of 7, coefficient from year 2 to 3 could be due to a 2% increase in the proportion
of couples without children over this period. However, the decrease in the point-
Biserial correlation coefficient over the period from vear 3 to 4 was not likely to be
related to the change in the proportion of couples without children, which increased

by 15% over this period.

As for the third phase, which entails the 4™, 5% 6™ years of transition, there was not
only a decline in 7, coefficients but also a change in the direction of the point-
Biserial correlation coefficient of year 6. After a careful examination of the transition
rates in the BHPS dataset over this period, it was found that the proportion of
couples without children over this period remained stable. This reinforces the
argument made previously with regards the possible effect of other socio-economic

variables, including patterns of presence at home, income, dwelling type, and others.
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In contrast to phase 3, phase 4, which includes the 6™, 7", and 8" transitions models,
did not only witnessed a 213% increase in the 7, coefficient of year 6 but also a
change in its direction of association with the Log 10 of annual electricity
consumption variable. Considering the 2.4% decrease in the percentage of couples
without children from vear 6 to 7, it is evident that the variation in the proportion

of this family type has little or no effect on the 7, correlation coefficients.

On the other hand, the variation in the 7, correlation coefficients of the square root
of annual gas consumption could be discussed across three distinct stages. In the first
stage, which includes the 1%, 28 34 and 4" vears, there was around 20% yearly
decrease in the point-Biserial coefficient of this variable. Like the variation in the 7,
coefficient for the variable log 10 electricity, these results were controversial given
the increasing percentage of this family type over this period, which implies that
other factors are responsible for this decline. Similarly, in stage 2, which comprises
year 4 and 35, the decrease in the 1, coefficient was not as significant as in the
previous phase with a value of 12.28%. Finally, stage 3, which entails the 5" and 6"
vears, witnessed a 280% decline in the point-Biserial correlation coefficient over this
period and the change in the direction of its association with vear 6. This was in line
with the 4™ stage depicting the change in the point-Biserial coefficient of log 10
annual electricity usage. After analvsing the above facts, it is evident that the
variation in the portion of couples without children over time does have a minor

effect on the 7y,, coefficients of the variable square root annual gas consumption.

6.2.3 The effect of transition to lone parent households

Table 6-3 outlines the association matrix between lone parent transition variables
and annual energy usage variables. In general, it is evident that point-Biserial
correlation coefficients were not significant across all the ten vears and their direction
was mostly negative. In addition to this, the 7y, correlation coefficients pertaining

to both the logl0) of annual electricity usage and the square root of annual gas
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consumption variables decreased over the course of 10 years. Finally, the change in
the proportion of lone parent households does have a negative effect on both
variables. However, it is smaller on the log 10 of annual electricity consumption.

Table 6-3.The impact of lone parent transitions on the annual gas and electricity consumption

LP LP LP LP LP LP LP LP LP LP
lyear 2years 3years 4dyears Syears 6years 7years 8years 9years  10years

Log 10 0.11**  0.12** 0.01 0.03* 0.01 - -.05%*  -05**  -06**  -.053**
annual .034**

electricity

usage

Sig.(2- 0.000 0.000 0.363 0.03 0.494 0.005 0.000 0.000 0.000 0.000
tailed)

Square 0.008 0.005 -05**  -06**  -05%*  -09**  -13** - 13** @ -12** - 116**
root of

annual gas

usage

Sig.(2- 0.509 0.701 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
tailed)

Sample 6700 6700 6700 6700 6700 6700 6700 6700 6700 6700
size

Note: LP:Loneparent * Significance at the 95% level ** Significance at the 99% level

First, the variation in the point-Biserial coefficient of the log 10 annual electricity
consumption could be reported in two distinct stages. In the first stage, which covers
the period from year 1 to vear 5, the 1y, coefficients of vear 3 and 5 were found
statistically insignificant. However, there has been a 72.73% decline in the initial Tpb
coefficient from vear 1 to 4. In particular, this was split inte a 9% increase in the
point-biserial coefficient from vear 1 to year 2. Moreover, a 75% decline from vear 2
to vear 4. Based on the existing transition patterns in the BHPS dataset, it is believed
that the rise in the 7, in year 2 was caused by an increase in the number of lone
parents as a result of single non-elderly transitions. Therefore, it could be argued that
the rise in the household size could have affected the 7,, correlation coefficient over
this period. On the other hand, considering the 30.76% increase in the proportion of
this family type over the period from year 2 to 4, the decline in the corresponding

Tpp correlation coefficient should be related to other demographic and socio-economic
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factors such as income. Secondly, in phase 2, which embodies the period from year 6
to 10, there was a negative association hetween the transition variables and the log
10 of vearly electricity usage. This implies that households becoming or remaining
lone parents after 6 years should have lower electricity figures as a result of a
significant decrease in their income as well as a possible change in their socio-
economic circumstances. Indeed, lone parent households had the second lowest
average annual labour income over the 18 BHPS waves, as shown in Figure 6-1.
Moreover, the ones with low-income consume the least amount of electricity per vear

(2500KWh) according to a recent report from Ofgem (Ofgem, 2014).

In contrast to the above, significant associations between the square root of yearly
household gas usage and lone parent transition variables were negative. Moreover,
their magnitude was prone to fluctuating patterns of decline over this period.
However, despite this fact, the 7y, coefficients did also increase and remain stable
over certain vears. Therefore, it would be beneficial to report this variation in 4
different. phases. First, phase 1, which entails the period from vear 3 to year b,
witnessed a stability in the magnitude of the r,, coefficient despite the 23.53% decline
in the proportion of this family type. Conversely, phase 2, which covers the 5", 6%,
and 7™ years of transition, knew a 260% decrease in the 7, correlation coefficient of
yvear b while the proportion of lone parents remained stable over this period. This, in
turn, suggests the influence of other factors, including socio-economic and
demographic. For example, lone parents who have consistently been in fuel poverty
due to their income insecurity (DECC, 2015a). However, this was not the case for
phase 3, in which both the point-Biserial coefficient 7,, and the proportion of lone
parents remained stable over the period from year 7 to 8. In phase 4, which covers
the 8%, 9% and 10" years of transition, there was a 10.77% increase in the point-
Biserial correlation coefficient of vear 8. This was attributed to a 30.77% decline in
the proportion of lone parents over this period. After analysing these facts, it is clear

that there is a negative relationship between the percentage of lone parent households
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and the point-Biserial coefficients of their square root of annual gas energy

consumption.
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Figure 6-1.The average annual labour income of different household types in the BHPS panel data survey (1991-2008)

6.2.4 The effect of transition to couple with children households

Table 6-4 shows the point-Biserial correlation coefficients between energy consumption
variables and couple with children transition factors. Overall, it is evident that the
existing associations were positive except for the 6™ and 7" years. Furthermore, they
were prone to a decline over ten vears. Finally, the change in the proportion of
couples with children did not have an impact on the ), coefficients pertaining to the
log10 annual electricity consumption. However, it had a minor effect on the 7,
coefficients of the variable square root yearly gas usage but was very inconsistent

across all variables.
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Table 6-4.The impact of couple with children transitions on the annual gas and electricity consumption

CwcC CwcC cwC CwC CwC CwC CwC CwC CwCc cwcC
lyear 2years 3years 4years bSyears G6years 7years 8years O9years 10years

Log 10 0.16**  0.13**  0.14** 0.13** 0.11** -0.03* -04** 0.07** 0.05** 0.05**
annual

electricity

usage

Sig.(2- 0.000 0.000 0.000 0.000 0.000 0.015 0000 0.000 0.000 0.000
tailed)

Square 0.160** 0.135** 0.11** 0.1** 0.09* -.09**  -12**  0.03* 0.010 0.011
root of

annual
gas usage
Sig.(2- 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.011 0443 0.382
tailed)
N 6700 6700 6700 6700 6700 6700 6700 6700 6700 6700

Note: CWC: Couple with children  * Significance at the 95% level  ** Significance at the 99% level

First, the variation in the point-Biserial correlation coefficients of the log 10 annual
electricity consumption could be summarised in 5 distinct phases. In phase 1, the 7,
coefficient of year 1 decreased by 18.76% in year 2 while the proportion of couple
with children households almost doubled over this period. In stage 2, however; the
point-Biserial correlation of year 4 remained stable in comparison to year 2, although
it increased by 7.7% in year 3. At first glance, it was thought that the increase in
the 7, coefficient of year 3 could be associated with the decrease in the proportion
of non-dependent children in the BHPS dataset over this period. However, conducting
a correlation analvsis between children dependency and the annual electricity
consumption variables, revealed no significant association between both factors. In
phase 3, which encompasses the period from vear 4 to 7, witnessed a 130% decline in
the r,, and a change in its direction in years 6 and 7. In parallel to these changes,
there was a 6.38% increase in the proportion of couple with children. In phase 5, the
direction of the 7y, coefficient of year 8 became positive, and its magnitude almost
tripled in comparison to vear 7. This was also accompanied by a 12% rise in the
percentage of this family type. Conversely, in phase 5, the point-Biserial correlation

coefficient of year 8 decreased from 0.07 to (.05 in year 9 and then remained stable
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in vear 10. In the light of the above facts, it is evident that the change in the
proportion of couple with children over time does not have an impact on their

electricity consumption figures.

In contrast to the above, the change in the 7, correlation coefficients of the variable
square root of annual gas usage could be analysed in 3 different stages. First, stage
1. which comprises the period from year 1 to 5, knew a 43.75% decrease in the initial
Tpp coefficient. In more details, from year 1 to 2, there has been a 15% decline in the
Tpp coefficient while the proportion of couples with children almost doubled.
Similarly, from yvear 2 to year 3, the percentage of couples with children rose by
29.16%, and the 1, coefficient decreased by 18%. Based on those facts, it could he
argued that there should be a negative relationship between the proportion of this
family type and the point-Biserial correlation coefficients of the square root vearly
gas usage variable over the first five years of transition. As for stage 2, the 7y,
correlation coefficient. declined from 0.09 in year 5 to -0.12 in year 7. Furthermore,
the proportion of couple with children rose by 851 % from vear 5 to 6, whereas, it
declined by 1.96% from year 6 to 7. This indicates that variation in the proportion
of this household type did not have a consistent effect on 1, correlation coefficients
during this period. Finally, in stage 3, there was a change in the direction of 7y,
correlation coefficient and a 125% increase in its magnitude from year 7 to 8.
Considering the 129 rise in the percentage of this family type over this period, it is

evident that it did not influence the increase in the corresponding 7.

In the light of the above point-Biserial correlation coefficient tables, it is clear that
the change in the proportion of a given household type might have an impact on the
variation in the point-Bigerial correlation coefficient. However, this depends on the
type of household. For instance, the increase in the proportion of single non-elderly
could lead to a rise in the 7,, coefficient of log 10 yearly electricity consumption,
whereas the change in the percentage of couples with children, does not. As indicated

at an earlier stage, it is believed that other socio-economic and demographic factors
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should also have an impact. Therefore, this subsection does not only aim to predict
future energy usage patterns in function of the forecasted transition models but also

the change in the households’ socio-economic as well as demographic circumstances.

6.3 ELECTRICITY CONSUMPTION PREDICTION MODEL

Table 6-5 to Table 6-11{below) represent the estimation results of the multiple linear
regression model of electricity consumption. Overall, it is evident that the majority
of the independent variables had a significant and a positive impact on the dependent
factor. However, there was an exception of few variables such as the logl( of
household total annual income and routine non-manual employees. In addition to
that. all the model’s independent factors only explain 25% of the variation in the log
10 annual electricity consumption in which the predicted transition variables account

for only 6% of the total.

Transition variables

First, for individuals becoming {or remaining} single non-elderly in the next two
years, their annual electricity consumption is more likely to increase by around 13%
holding other variables constant. However, this effect is more likely to decrease
reaching a value of 2.4% for the transition variable corresponding to vear 10.
Similarly, for households becoming couples without children in one vear, their
corresponding annual electricity consumption rises by 16.1% while holding the other
independent factors fixed. As expected from analysing the point-Biserial correlation
coefficients of this household type in the previous subsection, the 16.1% variation in
the dependent factor witnessed a fluctuating pattern of decline over the ten transition
factors. For instance, the annual electricity consumption in year 5 is expected to rise
by 16.41%, as a result of households moving to a couple without children family in
this vear. Conversely, for the ones making this transition in the following year, their

annual usage is more likely to decrease by 4% while making the other variables
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constant. The same applies to the remaining transition variables, including couples
with children and lone parents. For example, households becoming lone parents after
6 vears could experience a 5.47% decline in their annual electricity consumption,
whereas the ones becoming couples with children in the same period, could use 3.5

% less electricity per vear.

Age of household reference person (HRP)

In contrast to the above transition factors, other socio-economic and demographic
variables also had a significant impact on the household annual electricity usage
patterns. First, the yearly electricity consumption is more likely to be lower by 28%
and 9.9 % for householders aged 16-25 and aged 26-35, correspondingly. On the
other hand, if the household reference person {HRP) is aged 46-55 and 56-65, their
vearly electricity usage should increase by 8.7% and 4.95%, respectively. These results
were in good agreement with the work of Jones and Lomas (2015}, Leahy and Lyons
(2010), McLoughlin et al. (2012), and Brounen et al. {2012}, suggesting that
electricity usage is usually higher for HRP aged between 50 and 65. As discussed in
the literature review chapters, this is because middle age householders usually have
a high number of occupants and longer presence at home as they usually live in
couple with children households. Apart from age, occupants other than the main
householder could potentially consume 22.34% more electricity per year while holding
other variables constant. Thig is reasonable given the fact that the main householders
are usually the ones in charge of paying the utility bills. As a result, they are more

willing to reduce their consumption than the ones who do not.
Location

In addition to the above, the location variables had a significant effect. For instance,
the electricity energy consumption of householders living in east Anglia is expected
to increase by 50% while holding the rest of independent factors fixed. According to

the most recent official report on energy consumption in England and Wales {ONS,



247 The impact of household transitions on domestic energy usage patterns

2011a), this is attributed to the fact that this region has the highest proportion of
economy 7 {dual tariff) meters, in which the average electricity consumption is
around 5176 KWh. This is almost 36% more than the average medium yearly
electricity consumption suggested by Ofgem (3300KWh) (Ofgem, 2014). On the other
hand, householders living in the region of South Yorkshire should use 32% less annual
electricity while the remaining factors are held constant. These figures were in line
with a report from the department of trade and industry (DT1, 2005} advising that
the following South Yorkshire areas namely: Barnsley, Sheffield, Rotherham, and

Doncaster, had average yearly electricity figures below 3800 KWh.

Dwelling type and size

Dwelling type variables were also found significant but with a negative impact. For
example, for households living in terraced houses, the corresponding yearly electricity
consumption is more likely to decline by 16.30% holding other variables constant.
Similarly, a decrease of 11.9%, 12.9%, and 14.29% is expected for households dwelling
in semi-detached houses, end-terraced, and purpose-built flats, respectively. These
results were expected given the fact that terraced dwellings and flats have small floor
areas. Moreover, they are mostly occupied by a small number of occupants, as
indicated in chapter five. Furthermore, they stand out as being more efficient than
other dwelling types such as detached houses {BEIS, 2016}. Therefore, the estimated
decrease in the annual electricity consumption of households living in end-terraced
and semi-detached houses was higher as opposed to terraced and purpose-built flats.
Figure 6-2 (below), which shows the average annual electricity consumption per UK
dwelling type, clearly reinforces these findings. On the other hand, for a one
additional room in the accommodation, the household yearly electricity consumption
is more likely to increase by 7.9%. This result was in excellent agreement with the
work of Longhi, (2014) who suggested that an extra room in the dwelling is associated

with 6% increase in the annual household expenditure on electricity. Other studies,
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including (Bedir et al., 2013; Baker and Rylatt, 2008; Leahy and Lyons, 2010), were

also in line with this outcome,

Heating fuel type and previous consumption figures

From analyvsing chapter three, fuel variables were expected to have a significant
impact on the annual electricity consumption. For households using gas and solid as
their main heating fuel, their yearly electricity usage is likely to be lower by 15.28%
and 19.54%, correspondingly, while holding the rest of factors constant. Conversely,
the ones with central electric heating are more likely to have a 61% increase in their
annual electricity consumption while holding other variables fixed. These findings
were in line with the Ofgem report {Ofgem, 2015), advising that households heating
their homes using electricity, consume 6500 KWh on average as opposed to 3200
KWh for the ones using gas. The household electricity consumption of the precedent
year had also an effect on the rise in electricity usage of the subsequent one. More
specifically, for a 1 KWh increase in the actual electricity consumption, the future

one is more likely to rise by 15.35% while holding other impendent variables constant.
Employment mode and socio-economic class

As expected, householders working part-time are more likely to experience a 5.4%
increase in their electricity usage due to their long presence at home during the day.
Similar findings were also reported by Baker and Rylatt {2008) and Fell and King
(2012). Apart from that, householders who belong to the socio-economic class small-
proprietors without employees are more likely to witness a 13.60% rise in their
electricity consumption while holding other independent variables constant. As
indicated at an earlier stage, this could be owing to the fact that a large proportion
of this class are couples with children {CitizenAdvice, 2015). Another possibility
could be related to the high income of some of them as indicated by Ofgem (2014).
This report also suggested that 30% of this socio-economic class should consume

around 5600 KWh of electricity annually. However, the remaining socio-economic
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class variables were not found significant which aligns with the work of Yohanis et

al. (2008) and Cramer et al. (1985).

Income

The log 10 of household total annual income was not found statistically significant.
However, the square root of annual benefit income had a minor significant effect on
the dependent variable. More specifically, for a one-unit increase in the annual benefit
income of the household, the yearly electricity consumption decreases by 0.12% while
holding other independent variables constant. Considering the proportion of couples
with children on benefits (IFS, 2015), this result is consistent with the study of van
den Brom et al. (2017). In particular, this latter suggests that the electricity usage
of couples with children, who are receiving benefits, is higher than those in
employment. Again, this could also be linked to the fact that these households are
more likely to have a longer presence at home during the day; consequently, consume
more electricity {Brounen et al., 2012; McLoughlin et al., 2012; Guerra Santin, 2011).
Another factor could be the old age of the dwellings, poor ventilation, and
inetficiencies of the appliances of certain benefits claimers especially those with low-
income levels (NRDC, 2016; Tunstall et al., 2013). On the other hand, for households
on a pension, the annual electricity consumption decreased by 8.38% holding the rest
of independent factors fixed. Given the fact that those receiving a pension are mostly
aged above 65, this result was in good agreement with the work of Yohanis et al.
(2008), Cramer et al. (1985}, Leahy and Lyons (2010}, McLoughlin et al. (2012},

Kavousian et al. (2013).
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Table 6-5.The multiple regression model of the household annual electricity consumption (partl)

Independent variables Electricity 95 % Confidence
consumption intervals

Single non-elderly transition variables

Single after 2 years 0.0539"" 0.04/0.068
(0.00457)
Single after 3 years 0.049™" 0.036/ 0.062
(.0048633)
%)- Single after 4 years 0.048™" 0.035/0.0616
<
) (.0030135)
3
= Single after 5 years 0.027""" 0.0143/0.045
@
o 0.00495
Q ( )
< : ey
= Single after 6 years 0.02 0.011/0.048
Q
S
2. (0.0035)
—
g Single after 7 years 0.023™" 0.0134/ 0.0485
<
£ (0.005)
&
87 Single after 8 years 0.013™ 0.0094 / 0.0376
(0.00257)
Single after 9 years 0.0115™ 0.00962 / 0.0379
(0.00616)
Single after 10 years 0.0103™" 0.00862 / 0.0354
(0.00681)
Note: Standard errorsin parentheses "p<0.05 " p<0.01, " p

< 0.001




251 The impact of household transitions on domestic energy usage patterns

Table 6-6.The multiple regression model of the household annual electricity consumption (part2)

Independent variables Electricity 95 % Confidence
consumption intervals
Couple without children after 1 years 0.0647""" 0.025/0.095
(.0070651)
Couple without children after 2 years 0.064"" 0.0224 / 0.0945
(.0075472)
Couple without children after 3 years 0.0662"" 0.0226 / 0.0947
O (.0078574)
o
c
% Couple without children after 4 years 0.067""" 0.02254 / 0.0948
=3 (0.0084042)
~—+
>
8 Couple without children after 5 years 0.066"" 0.0224/ 0.096
—
Q
2. (.0088884)
Q
% Couple without children after 6 years -0.01778™ -0.009/ -0.0352
=
Q (.0063607)
2
gﬁ Couple without children after 7 years 0.0370°"* 0.0124/0.0748
S
< .
S (.0085751)
=
%— Couple without children after 8 years 0.0265™" 0.0094 / 0.0678
& (.0092059)
Couple without children after 9 years 0.0210 0.0097 / 0.0679
(.0099222)
ouple without children after 10 years . ) )
Couple with hildren after 10 0135575 0.007/0.0629
(.01073)

Note: Standard errors in parentheses
p < 0.001

"p<0.05" p<0.01,"
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Table 6-7.The multiple regression model of the household annual electricity consumption (part3)

Independent variables Electricity consumption 95 % Confidence
intervals
Lone parent after 1 years 0.1131™" 0.0914 / 0.3897
(.01241)
Lone parent after 2 years 0.1272"" 0.0917/0. 391
(0.0135)
Lone parent after 3 years 0.00591 0.00198/0.00783
(.0064)
Lone parent after 4 years 0.0139" 0.0095/0.037
—
o) (.0064)
>
(9]
8 Lone parent after 5 years .0043518 0.0011/0.007
)
Q (.0063556)
—+
(0]
—+
§ Lone parent after 6 years -0.01778™" -0.009/-0.0323
Q.
= (0.0063607)
o
-
5 Lone parent after 7 years -0.02445™" -0.0095/ -0.0324
2
%!J (.0063496)
& Lone parent after 8 years -0.0285™" -0.0421/ - 0.041
(.0064141)
Lone parent after 9 years -0.0308™" -0.0443 / -0.0405
(.0065652)
Lone parent after 10 years -.0296™" -0.0098/ - 0.053
(.0068216)
Note: Standard errorsin parentheses "p<005 " p<00L, " p

<0.001
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Table 6-8.The multiple regression model of the household annual electricity consumption (part4)

Independent variables

Electricity consumption

95 % Confidence

intervals
Couple with children after 1 years 0.1064™" 0.085/0.240
(0.0078)
Couple with children after 2 years 0.101™" 0.0865/0.231
(0.00846)
Couple with children after 3 years 0.1012"" 0.0858/ 0.227
(.00874)
o
_g Couple with children after 4 years 0.1001"" 0.0832/0.215
) (.00916)
=3
— Couple with children after 5 years 0.0932"" 0.0752/0.121
(@)
=. (.009832)
Q
® Couple with children after 6 years -0.0155™" -0.007 / -0.026
=
.0064
% (.0064)
g: Couple with children after 7 years -0.0225™" -0.0081/-0.032
-
< (.0063468)
2
S Couple with children after 8 years 0.06™" 0.03/0.1
B (.0106408)
Couple with children after 9 years 0.051"" 0.0114/ 0.0862
(.0118341)
Couple with children after 10 0.0504"" 0.012/0.0816
years
(.0118202)

Note: Standard errorsin parentheses

" p<0.001

"p<0.05 " p<0.0L,
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Table 6-9.The multiple regression model of the household annual electricity consumption (part5)

Independent variables

Electricity consumption

95 % Confidence

intervals
> Aged between 16 and 25 -0.143™ -.1830092 / -.1024026
Q
g (0.02056)
o Aged between 26 and 35 -0.0454"" -.0642296 / - 0.265398
3
= (0.009613)
Q
é"— % Aged between 46 and 55 0.0364212"" 0.0196/0.054
o
> — (0.0086)
Q@
Q ®  Aged between 56 and 65 0.021" 0.0024/ 0.039
¢ g
3 (0.00874)
®  Notthe main householder 0.0876" 0.0588/ 0.1163
§ (0.0132)
Livingin east Anglia 0.179™" 0.0557/0.302
(0.0563)
— Living in South Y orkshire -0.153" -0.328 / 0.0206
o
g (0.0771)
o ——
- Living in terraced houses -0.0773 -0.1004 / -0.039
o (0.0142)
8
8 Living in semi-detached -0.055™" -0.0808 / -0.0281
3 dwellings
3
3 (0.0122)
o
8
o Living in end-terraced -0.06™" -0.0985/-0.0211
-] houses
~ (0.0174)
2
o Living in purpose built -0.067""" -0.097 / -.0362
—_ flats
g (0.0142)
Q
wn Number of roomsin the 0.033™ 0.025/ 0.04089
dwelling
(0.00372)

Note: Standard errors in parentheses

<0.001

"p<0.05 " p<0.01, " p
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Table 6-10.The multiple regression model of the household annual electricity consumption (part6)

Electricity consumption 95 % Confidence
intervals
Working part-time 0.0228™"
(0.0124)
8’ Routine non-manual workers 0.0166 -0.0345/0.029
Q.
S (0.0141)
R Farmers smallholders -0.0782 -0.220/-0.011781
% ( )
0.0493
3,
g Small proprietors without 0.0554"" 0.0188/ 0.0921
g employees
4 (0.0186)
Q Log10 of annua household -0.0191 -0.0144 / 0.0527
=3 income
8 (0.0153)
=
2 Square root of non-labour -0.00052™ -.0008 / -0.00024
@ income
% (0.000127)
5 Receiving benefit 0.033™" 0.01104 / 0.0545
)
% (0.00975)
On pension -0.038" -0.071/-0.0045
(0.0150)
R2-
= 0.25
Constant 3.113™ 2.938752 / 3.286249
(0.0651)
Samplesize N 4393
Type of Model Fixed effects
Note: Standard errorsin parentheses "p<0.05 " p<0.01,"

p < 0.001
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Table 6-11.The multiple regression model of the household annual electricity consumption (part7)

Independent variables Electricity 95 % Confidence
consumption intervals
Using gas as the main heating fuel -0.072"" -0.10047 / -.0432
[ (0.0132)
@
S Using electricity as the main heating 0.207"" 0.171/0.243
8 fuel
.3 (0.0159)
=
O 3 Using solid fuel asthe main heating -0.0044™ -0.023/-0.212
=T
0n = fuel
o
S (0.0299)
o
Q Log10 electricity consumption of 0.062"" 0.03123/0.0921
'é_" the previous year
(0.016)
Note: Standard errorsin parentheses "p<0.05 " p<0.01, " p
<0.001
MID FLAT ENC SEMI BUNGALOW DETACHED

TERRACH TERRACE  DETACHED HOUSE

Figure 6-2. The average annual electricity usage in KWh per dwelling type
(OVOenergy, 2014)
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6.4 CONCLUSION

This chapter aimed to answer the following research questions;
o s there a significant relotionship between houwsehold transitions and energy usage
patterns?

o If so, to what extent it does affect the houschold encrqy consumption figures?

To answer the first research question, point bi-serial correlation analysis was adopted.
The examination of the point bi-serial correlation coefficients has shown that the
majority of future transition patterns, except the ones to lone parents, had a positive

but weak effect on the yearly gas and electricity consumption.

On the other hand, multiple linear regression analysis was used to answer the second
research question. Besides the good agreement of the models’ coefficients with the
literature, the analysis of the model also suggested that the transition variables are
only responsible for 6% of the variation in the residential electricity usage. In this
respect, it is argued that the generation of this new knowledge opens the door to
many possibilities. One of the opportunities is to develop a 3D urban energy
forecasting tool that maps the household future energy usage onto their various
transition probabilities. Thus, we present an example (Figure 6-3) showing the
variation in energy usage patterns of single non-elderly households during their

transitions to other family types after five years.

Overall, analysis of the findings indicated that the transition probabilities from
singles non-elderly to couples without children, couples with children, lones parents,
singles elderly, and other households after five years were 19.9%, 12.1%, 3.1%, 46.7%.
and 1.7%, respectively. For the majority of households transitioning to single elderly
households in 5 vears, 67.5% should consume between 1000 and 3000 kWh electricity
annually. On the other hand, of those that become couples without children

households, 4.76%., 42.85%, and 26.19% are expected to consume less than 1000 kWh,
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1000-3000 kWh, and 30004000 kWh, respectively. As for the majority of households
transitioning to couple with children status {53%), their use should be between 2000
and 4000 kWh annually, whereas 19.6% should consume more than 5000 kWh.
Concerning households making transitions to lone parent households, around 57%

should use 2000-4000 kWh, whereas the remaining should use more than

5000 kWh per vear. Interestingly, the annual electricity consumption of the majority
of those who remained single non-elderly households after five vears and consumed
between 1000 and 4000 kWh should increase by an average of 1.02%. Conversely, for
those who consumed 4000-3000 kWh and more than 5000 kWh, a decrease of 1.1%

and 3%, respectively, is expected.

The next chapter aims to discuss the socio-economic and demographic characteristics

of the pilot area. Moreover, discusses in depth its CityGML LODJ3 modelling process.

46.7% Single non-elderly

16.6% Single elderly

5.07% less than 1000 KWh
26.9% 1000-2000 Kwh
27.41% 2000-3000 Kwh
20.3% 3000-4000 Kwh
7.1% 4000-5000 KWh
13.2% more than 5000 KWh

5.7% less than 1000 KWh
38.57% 1000-2000 Kwh
28.58% 2000-3000 Kwh
17.14% 3000-4000 Kwh

10% More than 4000 KWh

100% Single non-elderly

19.9% Couple no children

12.1% Couple with children

4.9% less than 1000 KWh
26.3% 1000-2000 Kwh
24.5% 2000-3000 Kwh
19.9% 3000-4000 Kwh
8.2% 4000-5000 KWh

16.2% more than 5000 KWh

4.76% less than 1000 KWh
14.28% 1000-2000 Kwh
28.57% 2000-3000 Kwh
26.19% 3000-4000 Kwh
26.19% More than 4000 KWh

11.76% 1000-2000 Kwh
21.57% 2000-3000 Kwh
31.37% 3000-4000 Kwh
15.69% 4000-5000 KWh
19.6% more than 5000 KWh

Figure 6-3.Expected annual electricity consumption figures of single non-elderly households before and after their
transition to different family types in 5 years.

1.7% Other households

3.1% Lone parent

38.46% 1000-2000 Kwh
15.38% 2000-3000 Kwh
7.7% 3000-4000 Kwh
7.7% 4000-5000 KWh
30.76% more than 5000 KWh

28.57% 2000-3000 Kwh
28.57% 3000-4000 Kwh
42.86% more than 5000 KWh




ANALYSIS OF THE PILOT AREA AND
THE INITIAL DEVELOPMENT OF ITS
3D URBAN ENERGY PREDICTION
TOOL

The seventh chapler analyses the demographic and socio-cconomic chuaracteristics of the
Sneinton area in relation to Nottingham city. Furthermore, discusses in depth its CityGML

modelling process.
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7.1 INTRODUCTION

The previous chapter has investigated the effect of household transition variables on
their annual gas and electricity usage. Based on that, a linear regression model, which
encompasses the household demographic, socio-economic, and physical factors, was
developed to enable the prediction of future annual electricity usage patterns
accordingly. All in all, the findings of chapter six were in good agreement with the
literature. However, given their current format, they are not enough to utilise because
some urban planners are unfamiliar with raw statistical models. Instead. they are

used to the interaction with 2D maps or 3D models.

In the light of the above, chapters seven and eight address primarily how these
findings are incorporated into an intuitive and user-friendly system. Thisg, in turn,
takes into account the strengths and weaknesses of urban energy forecasting
approaches discussed in chapters two and three. In particular, chapter seven sheds
light on the demographic and socio-economic profile of the pilot area residents.
Moreover, discusses some physical characteristics of its dwelling tvpologies. However,
this chapter only focuses on the initial development of the pilot area 3D semantic

model.

7.2 CHAPTER STRUCTURE

This chapter has been carefully organised into two major sections (Figure 7-1). In
the first one, the rationale behind choosing the Sneinton area, in particular, is
introduced. This is followed by a brief historical overview of this area and a
demographic and socio-economic analysis of its residents. More precisely, the analysis
comprised their distributions of age, gender, marital status, ethnic background,
household type, educational qualifications, socio-economic class, and employment.

mode. In addition to that, their dwelling types and tenure modes are also outlined.
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Finally, based on the Cities Revealed (CR) database developed by
GeolnformationGroup (2017}, the physical characteristics of the Sneinton dwelling
typologies are discussed. These encompass the year of construction, number of floors,

wall and roof type.

On the other hand, the second section examines, in depth, the process of building a
CityGML LOD3 model. This will, in turn, shed light on the emploved data,
interoperability issues and strategies, 3D modelling techniques and technologies, data
cleaning and processing. Each phase will be explicitly supported by illustrations to

allow the reader to follow the sequencing and development of this section easily.

Chapter 7

Demographic and socio-economic analysis of Sneinton Initial modelling of the sematic urban energy model

l l

Age, gender, marital status,
ethnic profile, socio-economic
class, household type,
educational achievement,
employment mode

Sources, modelling techniques,
technologies, interoperability,
data cleaning and management

Dwelling type, tenure mode,
dwelling typologies

Figure 7-1. Structure of chapter 7

7.3 SELECTION PROCESS OF THE PILOT AREA

Figure 7-2 illustrates the areas that are located within a l-mile radius from the
researcher location (Nottingham Trent University, city campus). These include the
following neighbourhoods namely; Arboretum, The park, Hockley, Sneinton, St
Ann’s, Forest Fields. and Hyson green. On the other hand, Table summarises the
proximity of these areas from the researcher location and indicates the availability
of secondary data on the residents’ various characteristics and their past energy

related figures.
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United King

I Nattii

Figure 7-2. Neighbourhoods located within 1 mile of the researcher location, Nottingham Trent
University.

Overall, from analysing Table 7-1, it is evident that none of the areas have fulfilled
the three criteria. For examples, the Arboretum is the closest area and covered by
the 2011 census data, whereas Sneinton, is the furthest but with a wide range of
data. However, given the prominence of secondary data in this study, other
parameters such as proximity, were compromised. Therefore, the Sneinton area was

selected as a pilot area.

The advantage of choosing the Sneinton area as a case study lies in the availability
of extensive information on the local residents’ socio-economic characteristics ancd
energy consumption data. Moreover, the thermal performance of their dwellings in
the form of energy audit reports. This is because the area was selected to
accommodate the European project Rumourban future city demonstrator. Over the
course of this project, around 3 million pounds will be spent on improving the thermal

quality of dwellings of the Sneinton area. This should help the local residents reduce
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their energy bills; consequently, reduce the CO2 emission levels in the city of

Nottingham (Remourban, 2017).

The subsequent section aims to address in detail, the demographic and socio-
economic characteristics of this area based on the 2011 and 2001 census data. In the

same time, the resident profiles will be compared to those of the city of Nottingham.

Table 7-1. Summary of most suitable areas based on their location and availability of related data

Distance from Nottingham Availability of Availability of energy

City centre secondary data related data from

Nottingham Energy
Partnership

Arboretum 0.4 mile (9 mins walking) Y es (census data) Not for the entire area

Hockley 0.6 mile (12 mins walking) No No

Thepark 0.8 mile (19mins walking) Y es (census data) No

Sneinton 1 mile (25 mins walking) Y es (census data) Yes

St Ann’s 1 mile (23 mins walking) Y es (census data) Not for the entire area

Forest fields 1 mile (24 mins walking) Y es (census data) Not for the entire area

Hyson green 1 mile (22 mins walking) Y es (census data) Not for the entire area

7.4 DEMOGRAPHIC AND SOCIO-ECONOMIC CHARACTERISTICS
OF THE SNEINTON AREA

7.4.1 Location and brief history

Sneinton is a Nottingham suburb, bounded by Nottingham city centre to the West,

Bakersfield to the North, Colwick to the East, and River Trent to the south, as

shown in Figure 7-3. Its population was estimated to be around 13,000 inhabitants
in 2011, which is around 5% of the total Nottingham population

{OurNottinghamshire, 2015).
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This area, which was initially a Saxon settlement, remained a small village until the
early 19" Century (industrial era). This is because it witnessed major developments
comprising a plan to build houses that accommodate factories and workshops’
workers. This local industry was dominated mainly by framework knitting and
bobbin net making. However, this expanded into machinerv manufacturing, lace

making, and malting {OurNottinghamshire, 2015).

Sneinton had a mixed social structure staying in a wide range of houses ranging from
back to backs, terraced houses, to genteel houses. However, some older buildings were
demolished in the first half of the 20" Century to make way for new ones. In addition
to that, in 1941 many of the Sneinton buildings were bombarded in an air raid. A
few vears later, in 1975, more precisely, the old village of Sneinton, which contains

the Green’s Windmill, was nominated a conservation area.
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Figure 7-3.Location of the Sneinton area and the surrounding neighbourhood

7.4.2 Gender and age distribution in Sneinton
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Pie charts in Figure 7-4 outline the gender distribution of Sneinton and the city of
Nottingham. Overall, it is clear that the percentage of males in the Sneinton area is
equal to the ones of females, which perfectly matches the gender’s distribution in

Nottingham city.

Gender distribution in Sneinton Gender distribution in Nottingham

= Made = Femde «Male = Femde

Figure 7-4.Percentage of males and females in Sneinton and Nottingham city

On the other hand, the analysis of the age distribution of the Sneinton area in
comparison to the age distributions in Nottingham city and England {Figure 7-5) has
highlighted the following points. First, around 60 % of the Sneinton population is
aged between 20} and 59-year-old. This was divided into 8.5% aged 20-24, 12.2% aged
25-29, 25.9% aged 30-44, and 14.8% aged 45-59. However, there were discrepancies
of 5-6% between the average percentage of age groups in Nottingham and England.
For example, the percentage of residents aged between 20 and 24 was about 2 %
higher than the one of England but 3% lower than the one of Nottingham city. This
is because 15% of Nottingham city residents are full-time University students aged

18 and over {Nottingham Council, 2016).

The proportions of children aged between (-4 years and 5-7 vears were 3% and 0.5%

higher than the ones of Nottingham city and England. Given the impact of children
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presence on energy consumption, higher residential energy figures should be expected

in the Sneinton area.

% ol lotal population

04, 57, 89. 1014, 15, 1617, 1819, 2024, 2529, 30-44 4559, 6064, 6574, 7584, 8589, 90+,
Age group

N Sneinton Nottingham —— England

Figure 7-5.Distribution of age groups in Sneinton, Nottingham, and England

7.4.3 Marital status

Figure 7-6 {below) illustrates the marital status of the Sneinton and Nottingham city
population aged 16 years and over. Overall, it is evident that the majority of the
Sneinton residents were single never married {50%), which was around 6% higher
than the proportion of the ones in Nottingham city. However, there was a 7.9%
discrepancy between the percentages of married of both locations. For example,
Sneinton had 23% married, whereas Nottingham city, had 30.9%. In contrast, the
proportions of the remaining marital statuses namely; divorced (11%), widowed (7%),
re-married (5%), and separated (4%), were in good agreement with the ones of

Nottingham city residents.

In the light of the above, it is clear that the marital status profile of the Sneinton

area is to a large extent representative of the one of Nottingham city. However, given
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the dominance of single occupancy in the Sneinton area, its average energy usage,

especially electricity, is expected to fall below the national average.

Martital status of sneinton population aged over 16.

® Single (never married) ® Married ® Re-married
= Separated ® Divorced = Widowed

Marital status of Nottingham population aged over 16

= Single (never married) = Married = Re-married
= Separated ® Divorced ® Widowed

Figure 7-6.Marital status of Sneinton and Nottingham city population aged over 16, respectively.
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7.4.4 Ethnic background

Figure 7-7 depicts the ethnic profile of Sneinton and Nottingham city. In general, the
majority of the Sneinton residents are white 78% of which 72.8% are white British.
This figure was 7 % higher than the one of Nottingham city, where white residents
constituted 71.1%. Similarly, the percentages of Black British or Black (3.8%), as
well as mixed ethnicities {3.8%), were around 3% below the ones of Nottingham city.
However, the percentages of Asians or Asians British (13.7%) as well as other

ethnicities {0.75%), were almost identical over both locations.

After analysing the above facts, it is evident that the ethnic profile of the Sneinton

area is close to the one of Nottingham city.

Ethnic background of Sneinton area
0.40%
3.80%| 0.30%

= All White = All Mixed Asian or Asian British
All Black or Black British = Chinese = Other ethnic group

| White British

@ White (not White
British)

& Mixed or multiple
ethnicity

@ Asian or Asian British

@ Black/African/
Caribbean/Black British

m Other ethnic group

Source: ONS 2011 Census

Figure 7-7.Ethnic profile of the Sneinton area and Nottingham, Correspondingly (census 2011)
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7.4.5 Household type

Figure 7-8 depicts the households’ composition of the pilot area (Sneinton) in relation
to Nottingham city occupants’ structure. Overall, both Sneinton and Nottingham
city were dominated by a high proportion of single households aged 64 or below, 32%
and 24.6%, reciprocally. As discussed at an earlier stage, this is due to the high
proportion of University students living in this city {around 13% of the population}.
This figure was followed by 15.6% of other households, 14.4% of couples with
dependent children, and approximately 11% of lone parents with dependent children
and couples no children, each. In comparison to the percentages of those household

types in Nottingham city, there were minor discrepancies of 1 to 3%.

After analysing the above facts, it is clear that household type distribution of
Sneinton area is to a great extent representative of the family structure of

Nottingham city.

Sneinton households' composition

Other households

All family members aged 65 or above
Lone parent with non-dependent chil dren
Lone parent with dependent children
Couple with non-dependent children
Couplewith dependent children

Couple no children

Single household aged 65 or more

Single household aged 64 or less

0% 5% 10% 15% 20% 25% 30% 35%

B Nottingham City M Sneinton

Figure 7-8. Distribution of household types in Sneinton and Nottingham city
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7.4.6 Types of dwelling and housing tenure

Figure 7-9 and Figure 7-10 represent the dwelling and the tenure types of Sneinton
and Nottingham city, correspondingly. From analysing the dwelling tvpes of the
Sneinton area, it is clear that it is characterised by a high residential density. This is
because of the large proportion of terraced houses (49.40%). which is about 25%
higher than in Nottingham city. This was followed by 21% and 20% of semi-detached
and purpose built flats, correspondingly, which was around 10% lower than the
proportions of Nottingham City. Conversely, the figures of converted flats (3%) and
other dwelling types (1.2%} in Sneinton were in good agreement with the ones of

Nottingham city.

As for the tenure mode, it is clear that most Sneinton households (30.3%} lived in
privately rented accommodations, which was in disagreement with Nottingham city.
This is because this latter was characterised by the dominance of home owners with
mortgage who represented around 23%. This figure was followed by around 20%
renting from local authorities both in the Sneinton area and Nottingham city.
However, the percentage of dwellings rented from housing associations in Sneinton
was about 6% higher than in Nottingham city. Conversely, the proportion of
dwellings owned outright (around 13%) was 7% lower than the one of Nottingham
city. These discrepancies might be an indication of the difference in income/savings
levels between the residents of both areas. Indeed, Ball {2010} argued that one of the
reasons behind the increasing demand for private housing is the unstable or low-
levels of income of occupants that prevent them from becoming homeowners. The
authors also stressed the importance of current stage of household life-cyele, since it

indicates the household saving level.

In the light of the above, it is evident that Sneinton area is not representative of

Nottingham city dwelling type and tenure mode distributions.
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Types of dwelling in sneinton

other ||

Converted flat or maisonnette

Purpose built flat or maisonnette
Terraced

Semi-detached

Detached
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Figure 7-9. Percentage of dwelling types in Sneinton in comparison to Nottingham city
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Figure 7-10. Tenure type in Sneinton and Nottingham city
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Figure 7-11. Terraced is the most dominant dwelling type in the Sneinton area

7.4.7 Dwelling Typologies

As addressed in chapter two, the majority of research on energy sustainability in the
building sector create typologies based on two key factors; building age and type
(InSMART, 2013). In the UK, Cities Revealed {CR) is the only data source that
provides both dwelling age and type under one database. Considering the most
common dwelling age bands in the city of Nottingham, six age groups can be

identified. These are;

Pre-Victorian and Victorian (Pre 1914)
e Inter-war period (1914-1945)

e Post-war era (1946-1964)

e Sixties/ Seventies houses (1965-1979)

e Modern pre-2000 (1979-2000)

e Modern Post 2000 {Post 2001}.
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The area of Sneinton comprises 16 dwelling typologies namely; Victorian flat,
Victorian terrace, Victorian semi-detached, inter-war semi-detached/terraced, inter-
war detached, post-war semi-detached/terraced, post-war detached, 60s/70s flats,
60s/70s terrace, 60s/T0s semi-detached, 60s/70s detached, post-1979 flats, post-1979

terrace, post-1979 semi-detached, post-1979 detached.

Table 7-2 represents the distribution of the above typologies in the area of Sneinton.
Owerall, it is evident that the percentage of Victorian terraced houses was the highest
by almost 33%, whereas the proportion of Victorian detached, was the lowest
(0.48%). Interwar semi-detached/terraced houses had also an important share in the
area by 25.11%. This figure was followed by interwar detached (11.52%) and 60s/70s
flats {9.13%}. On the other hand, the proportion of the remaining typologies ranged
between 0.48% and 3.95%. For example, the proportions of Victorian flats and

60s/70s terraced were 3.95% and 3.33%, correspondingly.

As for the wall structure of these typologies, it is evident that most of them possess
a brick masonry cavity wall. However, there was an exception for Victorian dwellings
under the typologies T1, T2, T3, T4 and which have a solid brick wall structure.

However, 60/70 flats possess a brick and concrete wall structure.

Regarding the roof type of these typologies, the majority of them have sloped roof.
However, flat roofs could also be encountered in Victorian flats, 60s/70s dwellings,

and post 1979 flats. Furthermore, shed roofs can be found in 60s/70s terraced houses.

After analysing the above facts, it is evident that the majority of dwelling stock at
the Sneinton area have a poor thermal guality. This, in turn, should have a negative
impact both on households’ health and their energy consumption figures, especially
during winter. This justifies why the Rumourban project mostly concentrated on

dwellings’ retrofit in the Sneinton area.
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Table 7-2. Distribution and basic physical characteristics of existing typologies in the Sneinton area

Typology Percentage Year of Number Wall type Roof type
in the constructio  of floors
Sneinton n
area
Victorian flat T1 3.95% Pre 1914 3-5 Brick/Stone Flat/sloped
(no cavity)
Victorian T2 Pre 1914 2-3 Single brick Sloped
terraced 32.96%
Victorian semi- T3 0.64% Pre 1914 2-3 Single brick Sloped
detached
Victorian T4 0.48% Pre 1914 2-3 Single brick Sloped
detached
Interwar semi- T5 25.11% (1914-1945) 2 Cavity wall Sloped
detached/terra
ced
Interwar T6 11.52% (1914-1945) 1-2 Cavity wall Sloped
detached
Post-war semi- T7 0.64% (1946-1964) 1-2 Cavity wall Sloped
detached/terra
ced
Post-war T8 1.82% (1946-1964) 1-2 Cavity wall Sloped
detached
60s/70s flats T9 9.13% (1965-1979) 2-20 Concrete/ Flat/sloped
Brick
60s/70s T10 3.53% (1965-1979) 2-3 Cavity wall  Flat/sloped/she
terraced d
60s/70s semi- T11 2.18% (1965-1979) 2 Cavity wall Flat/sloped
detached
60s/70s T12 0.99% (1965-1979) 1-2 Cavity wall Sloped
detached
post-1979 flats T13 3.60% post-1979 2-10 Cavity Flat/sloped
wall/concre
te panel

post-1979 T14 0.81% post-1979 2 Cavity wall Sloped
terraced
post-1979 semi- T15 2.1% post-1979 1-2 Cavity wall Sloped
detached
post-1979 T16 0.55% post-1979 2 Cavity wall Sloped

detached
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7.4.8 Economic profile

Sneinton households' economic profile

Total Economicaly inactive
Other

I nective students

Looking after home-Family
Longtermsick / disable
Retired
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Total economically active
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Figure 7-12.Socio-economic profile of Sneinton residents in comparison to Nottingham city inhabitants

Figure 7-12 outlines the economic profile of Sneinton residents and contrasts it with
the one of Nottingham city. Overall, it is clear that the majority of Sneinton
households {66.3%) are economically active, which was approximately 3% higher than
the figure of Nottingham city but lower by 12.2% than the UK one. Thus, the
Sneinton area is excepted to contain households living in poverty. Amongst the
economically active Sneinton households, 40% were in full-time employment, 13.2%
working part-time, and 6.3% self-employed. Except for full-time economically active

students, these figures were in good agreement with the ones of Nottingham city.

In contrast to the above, there was 33.7% of economically inactive households, which
was around 5% lower than the figure of Nottingham city. This overall proportion is

shared almost equally between retired (7.2%), disable or long-term sick (8.4%),
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looking after home family (7.83%), inactive students (6.1%), and unemploved

households (9.1%).

7.4.9 Qualifications and socio-economic classes

Sneinton households qualifications

Other

Apprenticeship

Leve 4 ( Bacheor degreeor higher)
Leve 3 (A-levels)

Leve 2 (5 GCSE)

Level 1 (4 GCSE)

No qualification

0.00% 5.00% 10.00% 15.00% 20.00% 25.00% 30.00% 35.00%
H City of Nottingham M Sneinton

Figure 7-13. Sneinton households' level of education in comparison to the one of Nottingham city residents.
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Figure 7-14. The socio-economic profiles of Sneinton and Nottingham city households.
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Figure 7-13 and Figure 7-14 represent the Sneinton households’ qualifications and
socio-economic classes, respectively. In general, the majority of the pilot area
residents, approximately 30%, had no formal qualifications. This justifies why a large
proportion of them (around 50%), either performed routine occupations (e.g. cleaner),
semi-routine {(e.g. Shop assistant) or even have never previously worked. Larger
discrepancies of up to 10% were observed between these figures and the ones of

Nottingham city.

On the other hand, 21.7% had level 4 qualifications (bachelor degree or above} which
are believed to be mostly split between “Higher managerial, administrative and
professional occupations” and “Lower managerial, administrative and professional
occupations” socio-economic classes. In contrast to the above statistics, a good

agreement was found between these figures and the ones of Nottingham city.

7.5 DEVELOPMENT OF THE URBAN 3D SEMANTIC MODEL
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Figure 7-15. strategy of the initial semantic urban energy modelling
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The analysis of chapter two has unravelled the modelling principles of the 3D urban
energy semantic model of the pilot area. The developed strategy takes into account
all necessary stages to create an integrated a 3D urban energy prediction teol. These
comprise the following: data collection, CAD/CityGML modelling, energy
simulation, socio-economic modelling, validation, and visualisation. For more details

on the developed modelling framework, please refer to chapter two.

This section; however, aims to address in more depth a prominent aspect of this
framework, which is urban 3D semantic modelling. This latter does not only spot
light on the modelling pipeline of 3D CityGML LODS3 energy models but also consider
the associated technologies (e.g. software, hardware, and database). However, given
its importance in the undertaken research, urban 3D Semantic modelling would he

briefly defined while highlights its importance in urban planning.

7.5.1 Urban 3D semantic modelling and its relevance

In linguistics, semantics refer to the study of meanings. However, in software
engineering, a semantic model is a conceptual model which describes the meaning of
its instances (data items) and reflects the relationship between them (Koehl and
Grussenmeyer, 2000). Semantic models are adequate for making the relationship
between the stored data items and real world not only explicit but also meaningfully
interpreted with minimal or even without human intervention {(SEMAGIX, 2009).
For simplification purpose, let us consider a database composed of two items; a table
and a cup. The corresponding semantic data model should contain three parts
namely; cup, table, and their relationship which is cup sitting on table. Thus, both

objects are interpreted in function of their relationship.

In the context of this research, urban 3D semantic modelling stands for the process
of representing the thematic and spatial attributes of urban entities and the

relationship between them (Chaturvedi et al., 2017). Building volumes, area, and
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perimeter, are examples of spatial attributes. On the other hand. building name,

function, usage, wall and roof types, are examples of thematic attributes.

In urban planning, 3D urban semantic models can be effectively utilised to support.
the decision-making process as well as promote collaboration and data integration
(Chaturvedi et al., 2017). This is evident in the growing adoption of CityGML
international standards in the 3D semantic modelling of many cities worldwide such
as Vienna and DBerlin. Moreover, the initiatives to integrate the 3D semantic
modelling approach used at the building scale, TFC models more precisely., with

those of urban scale (CityGML models) (Kardinal Jusuf et al., 2017},

Unlike 3D CAD models, 3D semantic models do not only allow the development of
applications supporting various aspects of urban planning (e.g. disaster management
and environmental simulation) but also promote interoperability of shared data and
domain knowledge models (Howell et al., 2017). As such, this facilitates the exchange
of information pertaining to urban entities with users from different disciplines or

across other application domains {El-Mekawy et al., 2011}.

In the subsequent sections, the process of urban 3D semantic modelling, which

comprises four distinct phases (Figure 7-15), will be discussed.

7.5.2 Ordnance survey (OS) data retrieval

To begin with, obtaining geospatial data is without any doubt the first step towards
developing a semantic urban model supporting energy planning decision-making. One
of the benefits of such data is geolocation, which, in turn, enables an accurate
positioning of dwellings on site and also performing semantic querving. Geospatial
data is in turn classified into two distinct categories namely; raster and vector (Figure
7-16). However, vector data were preferred because they have a better representation

of reality given their high accuracy. Furthermore, they offer the ability to alter the
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scale of analvsis and observation, and their file size is smaller than raster data
(OrdnanceSurvey, 2017). Finally, vector data facilitates the spatial analysis process
and allows flexible manipulation of different entities such as layer management and
graphic override. For more information on the difference between raster and vector

data, please refer to appendix A.A.1.

Vector Raster

Point ’ B

I |

Zone of cells

Line

Polygon

Figure 7-16.Main differences between raster and vector data (Fotheringham and Rogerson, 2013)

In the UK, many geospatial data repositories are offering both S vector and raster
data such as ShareGeo Open, Geomatics Group LiDAR, and Edina Digimap.
However, the latter was chosen due to its long tradition of providing ordnance survey
map to tertiary education {since 2000}, including Universities. Furthermore, Edina
Digimap group are partners with national agencies such as Ordnance Survey and

British Geological Survey (BGS}, to provide high-quality maps and spatial data.

After visiting the Digimap website and choosing to download ordnance survey data,
a UK map with different OS data types will appear (Figure 7-17). The following step
involves querying for the envisaged area using the search bar via keywords or
postcode. Omnce attained, the area boundaries can be defined by using: a rectangle

selection tool, easting and northing coordinates, a tile name, or a screenshot of the


http://www.bgs.ac.uk/
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visible area. Next, the type of OS data needs to be gselected before downloading files.
In the current research, three types of OS data namely: Master map topography
layer, building heights (alpha), and OS terrain 5 contour map. are relevant. The
topography laver map encompasses features that represent the physical environment
such as buildings, paths, roads, railways, and rivers. On the other hand, Building
height alpha consists of height attributes for each building in OS Master map
topography layer. OS terrain contour 5 represents a contour dataset, where the
interval between ordinary contour lines is 5 meters. Those maps can be downloaded
in various formats including, SHAPE, GML2, GML3, KML, and DWG. However,
DWG file format was chosen due to its high interoperability across different platforms

such as game engines and GIS software packages (Table 7-3}.
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Figure 7-17. The main components of Digimaps ordnance survey module.
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Table 7-3. Export file formats offered by Digimaps and their supporting software packages.

Standsfor Category Supported software
KML Keyhole Markup GIS -Google earth
Language File (stored - ESRI ArcGIS
in XML) - Blender
-Merkaartor
-Keyhole PRO
DWG AutoCAD drawing file CAD, CAM, CAE plenty of programs
including;

-Adobe illustrator
- ArchiCAD
-Revit

-Sketchup
-Rhinoceros

- ESRI ArcGIS

GML Geography Markup GIS -Merkaartor
Language File -TatukGIS Viewer
- ESRI ArcGIS
- Galdos Systems GML
SDK

SHAPE N/A GIS -Mainly GIS software
packages including;
-ESRI ArcGIS
-QGIS
-Terra Explorer Pro

7.5.3 Filtering, cleaning, and compiling of OS data

Since the imported maps contain a lot of information, Autodesk AutoCAD was
utilised to filter and clean unnecessary information. The main reasons for adopting

this software are its support for GIS data and powerful layer management
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capabilities. Moreover, its ability to export to FBX, DWG, and DXF formats, which

have a high interoperability with different platforms, including games engines.

wooeL [0 B -] - [b @~ - @ ansnnareid | - & A - @ -4 5

Figure 7-18. OS master map topography layer before being cleaned with AutoCAD

Autadesk AvtoCAD 2016 - STUDENT VERSION  Sneint

Outpit A B T

mope. il

Figure 7-19. A snapshot illustrating the process of merging the topography layer with the Building Alpha and OS
terrain contour 5 layers in AutoCAD

Figure 7-18 illustrates S Master map topography layer of the Sneinton area before

being cleaned. First, building line division and building line outline layers were
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merged under one laver named: building footprint. Secondly, road lines, which were
initially fragmented, were joined together to facilitate their draping (projection) onto
the area toposurface. Thirdly, the 3D buildings were imported into the OS Master
map topography layer file. This was achieved by opening up Building height Alpha,
copying them from an origin {e.g. 0,0,0}, and pasting them into the OS Master map
topography layer. Similarly, the OS terrain contour 5-laver file was imported into
the OS Master map topography layer following the same approach {Figure 7-19}.
Finally, since 3D building height alpha laver contains some discrepancies, as

indicated by Edina, some of the buildings were manually adjusted on the map.

7.5.4 CityGML modelling

Once the three maps were combined into one single DWG file, the CityGML
modelling occurs. For more details on CityGML LOD3 structure and classes, please

refer to appendixA.1.3.

Apart from its geolocation support, Sketchup was adopted since it is supported by
many CityGML modelling plugins such as CAD to CityGML by 3DIS (2016). In
addition to this, it gives the possibility to download realistic maps directly from
Google street view and apply them into different dwelling elevations. Given the
limited time and resources in this doctoral project, these maps will in turn permit a
fast and cost-effective modelling of building elements, including; doors, windows, and

even roofs.

The process began by importing the merged file into Sketchup (Figure 7-20). After
that, a location was added, and the generated topography map was aligned with the
existing one (Figure 7-21). Following the above step, the next challenge consisted of
transforming a mass model, which is partially equivalent to CityGML LODI, into a
LOD3 model. Therefore, the subsequent layers namely; roof surface, ceiling surface,
wall surface, building installation, windows, doors, floor surface, ground surface,

interior wall surface, outer floor surface, were first created. Once accomplished,
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dwellings with similar typologies were grouped together with the help of Google street
maps to speed up the modelling process. After that, the street elevations of each

tvpology were prone to a realistic texture mapping, as shown in

Figure 7-22 . On the other hand, textures of other elevations, which are not covered

by Google street maps, were obtained from photos taken during a site visit.
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Figure 7-20. A Sketchup snapshot showing the imported merged AutoCAD file
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Figure 7-21.A Sketchup snapshot showing the process of aligning Sketchup toposurface with the ones of the imported
model.
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Once all textures were mapped onto the elevations of each typology, windows and
doors were created. Furthermore, roofs were generated using the 1001bitdtandard
plugin in Sketchup ({1001bitStandard, 2017). Following the CityGML LOD3
modelling guide, which was developed by SIG3D (2014}, roof, wall, and ground
surfaces were offset, as shown in Figure 7-24 . Moreover, ceiling, floor, and ground
surfaces were created. Any elements belonging to the Buildinglnstallation class such
as chimneys, balconies, and conservatories, were also created. Once the modelling of
all building components was achieved, each element was assigned to the
corresponding layer. For example, outer roof surfaces were assigned to the “roof
surface” layer, whereas the inner ones, were allocated to the “ceiling surface” layer.
Similarly, inner wall surfaces were appointed to the layer “interior wall surface”.
However, the outer ones were assigned to the layer “wall surface”. Finally, door steps
were allocated to the layer “outer floor surface”. Figure 7-24 illustrates the different

CityGML LOD3 lavers of an existing typology in Sneinton.
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Figure 7-22. Realistic texture mapping using Google Street View and Sketchup
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Figure 7-23. CityGML LOD3 modelling principles(SIG3D, 2015)
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Figure 7-24. Snapshots illustrating the different CityGML LOD3 layers of a dwelling typology in the pilot area
(Sneinton)
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7.5.5 Exporting the 3D model to CityGML file format
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Figure 7-25. The main tabs of the CityEditor CityGML exporter user-interface

After accomplishing the CityGML LOD3 modelling of all typologies, the remaining
building masses were replaced by the corresponding typelogy. Furthermore, some
adjustments {e.g. Walls following slope) were applied to comply with the typology of
the pilot areas. The final step involved exporting the whole 3D model to a CityGML
file, which has an XML format, with the help of the CityEditor plugin developed by
{3DIS, 2016). As shown in Figure 7-25, the user interface of CityEditor is composed

of three main tabs. First, the general tab comprises fields dedicated for the model
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name anc some description. The second tab; however, encompasses options describing
the nature and characteristics of the envisaged CityGML file. A CityGML LOD3
version 2.0 was chosen because it is highly recommended by SIG3D (2015). As for
the nature of exported geometry, the model was exported as solid geometry. As
indicated in chapter two, solid geometry is better than the multi-surface one for
energy simulation purposes because it enables an easier calculation of building
volumes. Finally, the 3% tab contains geo-referencing parameters, where the user may
specify the orientation, offset the original model coordinates, and also determine the

coordinate system used.

7.6 CONCLUSION

This chapter has reviewed the demographic and socio-economic characteristics of the
residents of the Sneinton area in Nottingham. Moreover, addressed the initial

development process of the 3D Semantic urban energy model.

First, the analysis of Sneinton residents’ profile in comparison to the one of
Nottingham city households has suggested a good agreement between both profiles
despite minor discrepancies. This implies that the Sneinton area is representative of
Nottingham city. Based on that, it is believed that the developed 3D urban energy
prediction tool could forecast the residential energy consumption and demand of

different neighbourhood areas within the city of Nottingham.

On the other hand, the second section of this chapter has concentrated on the
CityGML modelling of the Sneinton area. The lack of software packages that support
an automated conversion of 3D CAD models to CityGML LOD3, discussed in chapter
two, led the researcher to take an alternative approach. This strategy involves a 4
stage hybrid process, and various digital tools and techniques. In stagel, ordnance
gurvey data of the Sneinton area were imported from Edina Digimap in the form of

vector data. After that, the downloaded three vector maps were cleaned and
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combined. The third phase; however, consisted of converting the mass models of the
dwellings into models complying with CityGML LOD3. Finally, the last stage
involved exporting the created LOD3 models into XML format using a Sketchup
CityGML plugin. However, following this process was not only tedious but also time-
consuming. This is because of the encountered interoperability challenges across
different. platforms and the technical problems resulting from the large size of 3D
CAD file. More gpecifically, it was not possible to handle the 3D model of the whole
pilot area in AutoCAD. Instead, it was subdivided based on the pilot area map tiles
into sub files to save computational power. Based on these facts, there is a need to
develop automated processes to allow an efficient conversion of existing CAD models

to CityGML LOD3.

The next chapter discusses the integration of the research findings from chapters five

and six into the initial CityGML LOD3 model.
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8.1 INTRODUCTION

Chapter 7 has addressed the demographic and socio-economic characteristics of the
pilot area (Sneinton). Moreover, it has shed light on the modelling process of its
CityGML 3D model. Chapter 8; on the other hand, aims to discuss the
implementation of the research findings. More precisely, the CityGML 3D model of
the pilot area would bhe further developed to predict the domestic electricity
consumption both at the building and urban scales. Following that, the 3D urban
energy prediction tool wasg evaluated by a group of experts in the field, as indicated
in Chapter 4. Finally, some improvements were made as a result of their invaluable

feedback.
8.2 THE ARCHITECTURE OF EVOENERGY

EvoEnergy

A 3D virtual environment

User-interface <::> Physical module SOGIcE eorDMK:
module
P LD

Household transitions
and prediction module

Energy Related prediction modules

3D semantic

3D semantic Model mosiel of the
database Sneinton area
(Nottingham)

Figure 8-1.The Architecture of the developed 3D urban energy prediction tool (EvoEnergy)
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A solid software architecture ensures the efficiency, stability, quality, and longevity
of a system. Moreover, reduces its maintenance costs in the long run {(IBM, 2007}.
Based on that, the development of EvoEnergy architecture has carefully taken into
account prominent factors related to the requirements of urban planners who
necessitate robust, stable, and reliable systems. Furthermore, it has considered the
possibility of extending the capabilities of EvoEnergy to cover different energy
consumers by contemplating factors such as constraints imposed by the hardware of

mobile devices.

Figure 8-1 illustrates the architecture of the 3D urban energy prediction tool
EvoEnergy, which is composed of 4 main components namely; 3D wvirtual
environment, Ul (user-interface), energy related prediction modules, and

3D semantic model database.

First, the 3D virtual environment represents the 3D platform where it is possible
to import and interact with any 3D semantic model of a given urban area (e.g.
Sneinton) via the user-interface module. Furthermore, it allows the mapping and
visualisation of different types of information resulting from the energy related
prediction modules such as household vearly energy usage figures and domestic
transport emissions. The 3D virtual environment module is closely linked to the 3D
semantic model database which, in turn, stores the different components of
CitvGML (3D-GIS} models in a hierarchically structured manner to ensure a stable
and reliable data management. In addition to that, it permits to exchange data (e.g.

Import, export, modify, and save) with 3D virtual environment module.

On the other hand, the energy related prediction modules are primarily
responsible for predicting the demographic transition probabilities of different
household types in line with their expected annual electricity usage. To facilitate the
interaction as well as data exchange between such modules and the 3D virtual

environment and the user-interface modules, they were organised into; physical,
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socio-economic, and household transition and prediction module. The
physical module contains information related to the physical and thermal
characteristics of the household dwellings such as type HVAC system and tvpe of
walls. These parameters can be both stored in and retrieved from the 3D Semantic
model database. One unique feature of the physical module is that it could retrieve
geometric parameters (e.g. dwelling size) from the CityGML model (stored in the 3D
semantic model database) via the user-interface. Similarly, the socio-economic
module includes the socio-economic characteristics of the household heads such as
income, level of education, socio-economic class, and monthly rent. Those parameters
can be stored in and loaded from the 3D semantic model database module via the
user-interface module. Finally, the household transition and prediction module
encompasses the transitions and energy prediction statistical models developed in
chapters 5 and 6. Independent factors of those models are directly retrieved from the
physical and socio-economic modules via the user-interface module. As discussed at
an earlier stage, the results of the statistical models can be visualised or mapped onto

the 3D virtual environment module via the user-interface.

The subsequent section aims to cover the development process of EvoEnergy.

8.3 DEVELOPMENT OF THE 3D URBAN PREDICTION TOOL
(EVOENERGY)

First of all, it should be noted that the name of the developed 3D urban energy
prediction tool {EvoEnergy) is a shortened version of {Evolution Energy). It was
chosen because it does consider the evolution of households over time in the
prediction process. The development of EvoEnergy followed five major steps namely:;
cleaning of CityGML model, exporting CityGML to Unity3D, Development of a
selection tool, development of a user-interface, and integrating household transition

and electricity prediction models.
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8.3.1 Cleaning the CityGML model

Since portability of EvoEnergy across different platforms, including mobile ones, is
necessary, minimising the file size is crucial. The first step towards obtaining a light
file size is to clean the CityGML model by erasing any hidden geometry, reducing
the vertices of imported objects (e.g. chimneys, removing duplicated objects, and
purging unused items. For those reasons,Cleanup3 (Figure 83}, which is a powerful
Sketchup plugin developed by {thomthom, 2015), was utilised. This has permitted to
collapse the initial file size of the 3D CityGML model of approximately 80 MB to

46.7 MB.

8.3.2 Exporting the CityGML model to EvoEnergy

& CleanUp® - O >
General FBX Export Options =
Scope:
Geametry
[~ Export only current selection
[T Triangulate all facas
[T Export bwo-sided faces
Optimisations
e [T Separate disconnected faces
*urge Unus
Erase Hidden ¢
: Materials
Erase Duplicate Faces:
[+ Export texture maps
Layers
Geometry to Layer(: Srala
Materials [+ Swap ¥Z coordinares (¥ 1= up)
Merge Identical Materials: f
lgnore Attributes: L"!I'tS-: EMDdEI UI'II'tE- :-J
Model Units
Coplanar Faces
Merge Coplanar Faces:
Ignore Normals:

Millimeters

Ignore Materials:

Centimetars
Miaters
" Kilomaters

Ignore LV:

Edges

Repair Split Edges:

Erase Stray Edges:

Remove Edge Materials Figure 8-2.Sketchup FBX export dialogue box

CleanUp

Figure 8-3. User-interface of Sketchup
CleanUp plugin
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After cleaning the CityGML model, the next step consisted of exporting it to unity
3D while maintaining all materials and layer structure. Two widely used formats
support the export from CAD to game engines platforms namely; Collada and FBX.
First, Collada {collaborative design activity) is an XML based schema which allows
interoperability across different 3D based platforms such as CAD, game engines, and
others {Trimble, 2017). It is well known for its ability to store complex scenes with
multiple U/V sets. However, since it is an XML based, it is prone to precision issues
and a slow parsing in comparison to other formats (Metashapes, 2016}. On the other
hand, FBX (FilmBox}, which is a proprietary file exchange format belonging to
Autodesk, was designed to support scenes comprising polygonal meshes with possible
animations. The possibility to specify the export unit is an advantage of FBX over
Collada (Figure 8-2). In this way, no necessary scaling is needed in Unity3D.
However, one drawback is its large file size and the lack of specification which can
create a lot of issues from a developer perspective (Metashapes, 2016}. Nevertheless,
FBX format overshadowed Collada to become the standard for importing 3D models
in most games engines such as Unity3D and Unreal engine (Ardolino et al., 2014).

For those reasons, FBX file format was adopted as an export format.

8.3.3 Development of a selection tool

Figure 8-4. lllustration of the developed selection tool projecting a red pattern on mouse hover
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Undoubtedly, a vital step towards the development of a 3D urban energy prediction

tool is to create a smart selection tool which can perform the following actions;

e Detects a particular dwelling on mouse hover

e Displays the corresponding address of the detected dwelling

e Highlights the selected dwelling through projecting a pattern on the ground

12 = void Update () {

13 vy ray = Camera.main.ScreenPointToRay (Input.mousePosition});
14 stHit hitinfo;

15 hysics.Raycast (ray, out hitinfo)) {
16

17 Debug.Log ("Mouse is over : " + hitinfo.collider.name);
18

19 GameObject hitObject = hitinfo.transform.root.gameObject;
20

21 SelectObject (hitObject);

22

23 } else {

24

25 ClearSelection ();

26

27 1

28

29 }

30

31 = void SelectObject(GameObject obj){

32 if(selectedObject !=null){

33 if(obj==selectedObject)

34 return;

35

36 ClearSelection();

37 1

38

39 selectedObject=cbj;

40 ¥

a1

42 = void ClearSelection(){

43 selectedObject=null;

44 1

45

a6 +

Figure 8-5. The C# selection tool script developed by the researcher

In order to meet the above requirements, a centralised C# script was first created.

It is based on the idea of casting a ray beam in every single frame. The origin of the
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beam is the camera position in the scene, whereas its direction, is based on the mouse
position on the screen (Figure 8-3). Once the casted ray beam hits a particular
dwelling, it would return its address. Secondly, another script was created to control
the scene projector. More precisely, this permits activating/ deactivating the
projector based on the centralised mouse manager script. Furthermore, it allows for
an automatic positioning, rotation, and scaling of the projected pattern based on the

dwelling dimensions as well as orientation, as shown in Figure 8-4.

8.3.4 Development of a user-interface

A-Tools and techniques

The development of the user-interface entailed different tools and techniques such as
the new Unity 3D GUI (graphical interface) system and C# scripting. For more
information on the tools and techniques involved in the development of EvoEnergy

user-interface, please refer to appendix A.3.4.

B-Main components

After establishing a selection tool, the building of an intuitive and user-friendly
interface occurred. This process was primarily based on EvoEnergy Architecture
{discussed in 8.2) and the analysis of chapters two and three, and the contribution
made by the researcher in this study. For those reasons, the user-interface was
divided into four major components (Figure 8-6). The first module, which is known
as “Dwelling physical and thermal characteristics”, encompasses physical
information, such as dwelling age, type, and size. Furthermore, it includes
information on the nature of a dwelling’s HVAC system (e.g., combi-boiler}, HVAC

controls, insulation, SAP rating, and bills inclusion.
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Main Menu

Dwelling physical/ thermal characteristics

Household socio-economic characteristics

Past energy usage patterns

Household transitions

Exit application

Figure 8-6. The main menu of EvoEnergy

The second part, which is known as “Household socioeconomic characteristics”,
contains demographic and socioeconomic information. These include the following
factors: different income types {e.g., pension), household size, children dependency,
householder age, marital status, household type, level of education, socio-economic
class, tenure mode, and others. It should be noted that these two modules were
designed to work in a complementary manner to preserve the integrity of the overall
gystem. The third module enables consultation of the past energy usage trends of
particular households at different granularities (e.g., monthly). Moreover, it allows

comparison at different periods or with different users. Finally, the fourth module,



300 The development of EvoEnergy: 3D urban energy prediction tool

which is the “Household transition” module, permits the prediction of future
transition probabilities to various household tvpes. Moaoreover, it enables the
estimation of annual gas and electricity consumption figures based on the physical

and socioeconomic modules as well as the predicted transitions.

8.3.5 Integrating household transition and electricity consumption

models

Transition Target

L1 KN [ 3 £

Projected Time

Edit Dwelling parameters Edit Household characteristics

public void Transition_Prob()

{

if (Timeline.value == 1 & SelectedImage.name == "SingleNonElderly" & buttonpressed == true)
{

ProbSinly = (float)(-18 * SingleElderly) - (float)(1.3 * CoupleNoChildren) - (float)(2.448;

float expprobsinly = Mathf.Exp(ProbSinly);
ProbSinlyp = (expprobsinly) / (1 + expprobsinly) * 108;

ShowPrediction.text = ProbSinlyp.ToString(); //+ " %" + " Single non-elderly";

Figure 8-7. EvoEnergy household transition module (above) and the script related to the transitions to single non-elderly
households after 1 year (below)

After accomplishing the design of user-interface and its main functionalities, the

process of incorporating the research findings (chapters five and six) took place. This
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was first attained by writing a script that defines the envisaged transition model. It
congists of a publically referenced timeline slider and clipart images depicting the
household type (Figure 8-7). Moreover, a public function which returns a void and
takes no parameters. Once a clipart image is clicked, the script will return its name
and a “true” statement. Similarly, the timeline slider will also return an integer. A
combination of these values will help determine the desired transition model. For
instance, to select the transition model of couples without children in the next two
yvears, the user should first click on the couple without children clipart and then set
the timeline to a value of 2 (Figure 8-7). This was followed by inputting the
corresponding transition and electricity prediction models. In this way, when the
process button, which is located under the timeline slider, is clicked, two text boxes
will display the envisaged transition probability and average yearly electricity

consumption in KWh.

8.4 MODUS OPERANDI OF EVOENERGY

As soon as the application is launched, a 3D model of a particular area is shown
(Figure 8-8). The user could walk through this area and select a particular dwelling(s)
or perform a semantic query from the existing database by directly typing the address
and postcode of a given dwelling. Once the user hovers over a particular house, it
will be highlighted with a red selection box (Figure 8-9). To perform specific
operations (e.g. Editing and prediction), the user needs to access the main menu,

which containg the four modules described previously, with a right mouse click.

Upon launching the first two modules (physical and socioeconomic), a wide range of
information on the envisaged household(s} is retrieved from the central database
(Figure 8-10). However, the user cannot select or edit this unless they possess a
permission password to do so. To consult the energy usage history of the selected
occupant(s), the third module has to be employed. Once accessed, it is possible to

choose between two different granularities, namely monthly and quarterly.
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Furthermore, specify the period to be covered by this module (past year, past five
years, etc.), and perform comparisons between different dwellings (Figure 8-11). This
can be extremely useful in cases where the energy patterns of homes with similar
phvsical properties and household characteristics are compared. In this way, it is

possible to determine the effect of household behaviour on energy consumption.

Finally, the fourth module, which incorporates the powerful concept of household life
cycle transitions, offers the potential to predict the demographic transition
probabilities to different household types by simply clicking on one of the household
clip arts and specifying the envisaged vear of prediction on the timeline slider as
discussed at an earlier stage (Figure 8-12). This, in turn, will map the energy usage
based on the change in the socio-economic characteristics of the household following
this prediction. Finally, the 3D urban energy prediction toocl sub-module allows a
meaningful comparison between the future transition patterns as well as estimated
annual energy patterns of different households over a given period (e.g., 5 vears), as

is depicted in Figure 8-13.

Figure 8-8. A snapshot of the 3D model displayed upon launching EvoEnergy
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Figure 8-9. Once the mouse is hovering over a particular dwelling, the projector will project a red selection box to
the ground

Dwelling physical and thermal characteristics

DwellingNg3

Dwelling Typology

Address of the dweling Dwelling type C ge Number of bedrooms

Find Posicode

Thermal characteristics of the dwelling

Type of main wall Loft insulation

Figure 8-10. The physical module of EvoEnergy
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Past Energy Usage Patterns

=N =

Figure 8-11. The household energy history EvoEnergy module

Expected household's future transitions and annual electricity usage

Transition Target
16.78685
K [0

Projected Time ee——

331258 KuwH

Process

Edit Dwalling paramelers Edit Household characterisiics

Figure 8-12. Household life cycle transition and energy prediction module (dwelling mode)
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Expected household's future transitions and annual electricity usage

Dwelling N99 Dwelling N97

52.32494% 32. 25.01669% 36.60721%
2986.003 KWh 5220.813 KWh 39 KWh

59.58912% 24.29011% 0.8561046% 22.30316% 27.80441% 36.60721%
3002.245 KWh 3642.443 KWh 3653.319 KWh 5229.818 KWh 5212213 KWh 5230.639 KWh

Figure 8-13. Household life cycle transition and energy prediction module (urban mode)

8.5 BENCHMARKING AND IMPROVEMENT OF EVOENERGY

As addressed in four, a participatory workshop comprising experts in urban energy
planning or related fields, was conducted to give them the opportunity to experiment
with the developed system. Mareover, share their invaluable opinions, and suggest
improvements, or even propose new features. The below subsection will discuss the

workshop circumstances.

8.5.1 Workshop circumstances

The participatory workshop was held on the 13 March 2017 at 10 am at the creative
and virtual technologies research lab, Nottingham Trent University. A total of 6
experts participated in the workshop, in which four of them were urban energy
planners, one specialised in residential energy storage, and one was specialised in
energy economics and real estate. The researcher facilitated the workshop with the

help of the main supervisor Prof. M. Benachir. Overall, both the duration of the
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whole workshop and the timing of its parts went as planned. For more information

on the workshop, please refer to the methodology chapter.

8.5.2 Findings

Key finding 1

e Approaches supporting physical improvement in the residential sector are more
dominant than the ones assisting techno-socio-economic measures. This reflects
the nature of measures implemented by the UK government to reduce C(02

emissions.

o CityGML approaches in urban energy planning are still in their infancy.

e Survey data used in techno-socioeconomic approaches lacks variables on policy

change and building regulations.

As discussed in the methodology chapter., a prominent part of the PowerPoint
presentation delivered to the participant was to concisely summarise existing
approaches supporting urban energy planning in the residential sector. These
approaches, which were addressed in detail in chapters 2-3, are divided into physical
and techno-socio-economic. Based on that, the participants were asked to work in

pairs and answer the subsequent question;

o Based on your experience, what are the limilations of existing encrgy planning

tools?

One group interestingly argued that the 2D GIS approach suffers from the lack of
information granularity and precise physical models of buildings. Furthermore,

claimed that 3D GIS overcome this limitation since buildings are represented in 3D
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which gives a much more accurate thermal model of the building. In addition to that,
they believed that CityGML has no explicit limitations since it is an open
standardised data model that allows the development of a wide range of applications.
In this respect, one of the participants said “CityGML is an open source systern and
you can develop what you want on it. For us there is no limitation as far as you can
develop whatever you want on CityGML”. However, another group shared a different
opinion as they acknowledged that the prediction accuracy is also dependent on the
level of detail of the CityGML model (3D GIS). Moreover, stressed the lack of urban
3D GIS models with a higher level of detail, which validates the statements made in
chapter two with regards the limitations of CityGML approaches. Conversely, the
remaining group were not familiar with CityGML. As a result, they could not identify

and related limitations.

As for the inconvenience of techno-socio-economic approaches, the group comprising
the expert in econometrics suggested that aggregate approaches are not able to
capture income distribution, which is a significant disadvantage. Moreover, advised
that variables on measures of energy efficiency in the building stock are not usually
taken into account. This contributor also claimed that the interpretation of both
ageregate and disaggregate data could be shaped by policy change especially when
there is a lack of related variables. These include factors that capture when the policy
was introduced and when the announcement of policy is going to come into effect.
The impact of building regulations was also highlighted through the following
statement; “one of the things that would affect encrgy conswmption would be building
regulations and quite often datascts don’t really capture o buillding regulation change”.
Another group believed that aggregate approaches often rely on survey data and
their representativeness of survey data can be questionable. Furthermore, argued
that disaggregated models {either regression or other econometric models) are
exposed to the issue of unobserved heterogeneity. In other words, there should be

unobserved factors in the dataset that could affect the actual relationship between
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the dependent and independent variables. Another group did not only agree with this
limitation but also stated “you might thing as income rises, people might spend more on
encrgy. However, considering unobserved heterogenceity for other wvariables. energy
consumption might rise because the houschold moved to o bigger house, for instance, and
then thot would bias the coefficient”. The remaining group did not share any views as

they were not aware of techno-socio-econometric approaches.

Key finding 2

o Most participants expressed a need for an integrated system combining both

physical and Techno-socio-economic approaches.

e The inclusion of smart simulation tools is considered essential to the success of

an integrated urban energy planning strategies.

After the participants identified the limitations of the existing urban energy planning
approaches in the residential sector, they were required to express their views by

answering the following question;

o “What is your preferred energy planning tool and why?”

As expected given their experience in the industry and academia, the first group
argued that an integrated system is the best approach. More specifically, they c¢laimed
that the perfect urban energy planning support system should consolidate the
physical characteristics of the dwelling and the households’ techno-socio-economic
and behavioural characteristics. Furthermore, they stressed the importance of
developing intelligent simulation tools within the phyvsical module. In this respect,

one of the group participants argued: “In CityGML and 2D GIS we need to plug into
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them a bunch of simulation tools. If you don’t hove intelligent simulation tools, the duty is

not very useful ”

On the other hand, another group proposed to add energy audits to existing
approaches, despite being prone to human error and their dependency on the guality
of the field survevor. To clarify for the audience, the group suggested that the
implementation of this tool on a larger scale could be challenging but possible with
the help of Archetyping. However, they expressed their concern over the quality of
data in the subsequent statement “The idea is because you usually have © number of
archetypes. So, you got a lot terraced which can be mid-terraces and end-terraces and
tdeally you should be able to clone the data but the data has to be decent. However, this is
not usually the case”. In contrast to the first group, the participants of this one believed
that the combination of CityGML and 2DGIS is the best approach. This is because
of the nature of measures adopted by their organisations and which revolve mostly
on dwelling retrofit. Indeed, a contributor claimed; “CityGML is wvery useful for
estimating the gas energy demand, wherecas 2D GIS would assist in inlroducing more
rencwable energy sources”. In this context, another participant argued that a CityGML
approach has a better level of detail and visualisation than the 2D GIS ones as it is
possible to break the energy consumption down by floors. The opinions of the
remaining group: however, were in line with the first one with regards the integration

of 3D CityGML with Techno-socio-economic approaches.

In the light of the above facts, it is evident that the aim of the undertaken research
and its developed framework in chapter 2 align with most. of the participant’s views

on the best urban energy planning approach.
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Key finding 3

e The vast majority of parameters mentioned by the experts were addressed by

the researcher in this thesis in chapters 2-3.

o Participants were completely unaware of household transitions.

e (Organisations conducting national household surveys should include parameters

on cultural context, policy change, and building regulations.

Following the above discussion on the most preferred urban energy planning
approach, the participants were asked to work in pairs and list parameters which are
thought to be essential for effective residential energy planning decision-making. The
main intention behind this question is to investigate to what extent participants are
considering household life-cycle transitions as part of urban energy planning. The
first group, who previously suggested an integrated approach, believed that a
combination of physical, socio-economic, demographic, and technological parameters
is an indispensable step towards establishing such as system. However, they felt that
criteria related to cultural context such as ethnicity, are often neglected. This was
highlighted in the following statement: “There is one eriterion which we haven't seen a
lot which 1s cultural context. If you have a dwelling and you put o Saudion houscholder
into it, at 18 C, he/she will put the heating up. In the same house, you put a Swedish in
it, at 18C he/she will go outside to enjoy some sun” All the remaining groups found
this point very interesting, although the researcher did not encounter any significant
relationship between energy consumption and ethnicity. This raises many questions
on the sampling procedures and representativeness of ethnic minorities in the BHPS
dataset. Indeed. understanding society, which is the organisation responsible for

conducting UKHLS (The UK Household Longitudinal Study), acknowledged this
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limitation and developed sampling mechanisms to enable sub-population groups to
be investigated. In addition to this, another group’s contributor suggested that
energy forecasting models should include a ponderation number where its value is
dependent on the cultural context of the households. This is mainly because factors
related to cultural context should have an impact on variation in residential energy
patterns, heating particularly. On the other hand, the rest of the other groups
believed that archetype, the age of the dwelling, energy demand and consumption,
thermal efficiency, policy (current policy and previous policy), ethnicity, culture,
occupant age, and health condition, were necessary parameters. Furthermore, argned
that income and educational attainment are important determinants of energy
baselines. In this regards, one of the participants claimed that low-income households
living in social housing, who generally have a lower educational attainment, are much

quicker in responding to offers of help to reduce their energy bills.

In the light of the above facts, it is evident that none of the experts were aware of

household transitions and its potential in urban energy planning.

Key finding 4

e The concept of household life-cycle transitions and its applicability in urban

energy planning was seen prominent by most of the participants.

e The private rented sector should benefit the most from the integration of this

concept due to its changing occupancy.

e The experts’ opinions on heterogeneity reinforce the robustness of the adopted

research methodology and methods in this doctoral study.
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After discussing the strengths, weaknesses, and input parameters of existing urban
energy planning approaches, experts were required to answer the subsequent question

in pairs:

o Do you think that houschold transition is an fmportant foctor you may consider

in residential enerqy planning?”

First, group 1 found the idea of incorporating household transitions in relation to
their life-cycle very interesting and could potentially lead to the development of
effective urban energy planning approaches. Moreover, they argued that this
approach could be very useful especially for privately rented properties where the
occupancy changes quite often. More precisely, by knowing the energy consumption
changes associated with different transitions, energy usage of privately rented
dwellings can be reduced by aiming some of them at families instead of students.
This is because a lot of students do not have to worry about their energy bills since

included in the rent.

On the other hand, the group comprising the expert in energy economics and real
estate were unable to answer the question in a definite way due to the issue of
heterogeneity. This is because there are different household and property types,
which may necessitate focusing on certain household types (e.g. single non-elderly)
to capture all of them. Tn addition to that, one of the participants suggested that the
advantage of using datasets covering physical and techno-socio-economic factors is
the ability to control for heterogeneity. In this way, it is possible to identify factors
with the most effect on energy usage and adapt accordingly. Premised on these
arguments, it is evident that utilising a data-driven approach as well as focusing
solely on the transitions of single non-elderly in the undertaken research is a solid

and robust strategy to control for heterogeneity.
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Finally, the last group believed that the concept of household life-cycle transitions is
very intriguing and extremely important in urban energy planning. However,
variables related to the length of occupancy are needed in the transition models to

predict the energy usage accurately.

Graphical and functional improvements suggested by the experts

After the experts discussed their views on the above four matters, they were offered
a short presentation on the impact of household transitions on residential energy
consumption patterns. This was followed by a short demo on “EvoEnergy” where
each participant had the chance to experiment with the system, its user-interface,
and functionalities. Once familiar with the system, the users were required to work
in pairs on a PowerPoint file, which contains all the elements of the user-interface,
to improve “EvoFEnergy”. These changes covered both the graphical and functional

aspects and were directly related to urban energy planning decision-making.

Overall, most of the experts’ comments and suggestions revolved around the
operational aspects of the system. More specifically, the first group believed that the
Non-diegetic nature of user-interface, which is based on screen overlays, isolates the
CityGML(3D-GIS) model from urban energy predictions. As a result, they argued
that the 3D-GIS model became redundant when inputting and editing data and also
while performing predictions. In this regards, one of the participants, who has a long
experience in developing digital applications for architecture and urban planning,
suggested that the optimal solution would be to integrate the user-interface with
CityGML model itself. More precisely, the main menu should be changed from being
screen overlay to a camera perspective, as shown in Figure 8-14 and Figure 8-15. In
addition to that, the expert stressed the importance of providing a hover menu
containing a summary of key information (e.g. demographic, socio-economic,

physical, etc...) on each household.
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In contrast to group 1, despite being considered by the researcher for future
development, the second group recommended a new feature. The main purpose of
these functionalities is to facilitate the navigation through different parts of the
Sneinton area. This comprises a smart querying syvstem which enables finding a
particular dwelling based on its coordinates or the energy consumption figures of its

household (e.g. less than 1500 KWh per annum).

Finally, the recommendation of the remaining group entailed incorporating a 2D GIS
mode in the form of maps visualising the energy consumption of neighbourhoods
thematically. Their argument was based on the fact that the urban prediction mode

of EvoEnergy, in its current form, can only be ugeful at the parcel level.

8.6 CONCLUSION

Chapter eight has discussed in detail the process of integrating the research findings
from chapters five and six into the CityGML LOD3 model developed in chapter
geven. To attain this objective, a five steps pipeline, which comprises innovative
digital technologies such as Unity3D game engine, has been adopted. First, the
CityGML LOD3 model of the Sneinton area has been prone to a cleaning process to
ensure interoperability and portability across different platforms, including tablets.
After that, the model has been exported as an FBX (FilmBox) format to Unity3D
game engine. Once achieved, a smart selection tool has been established with the
help of C# scripting and Unity3D projector. Next, an intuitive user interface
composed of four distinct modules has been generated with the help of Unity3D Ul
module and C# scripting. Finally, the transition and electricity consumption models

have been integrated into the energy prediction module using C# scripting.

In order to evaluate and improve the developed 3D urban energy prediction tool
{EvoEnergy), a group of experts in urban planning and related fields has been invited

to attend a participatory workshop. The majority of them shared similar views with
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researcher and the supervisory team with regards the dominance of physical
approaches, the infancy of CityGML, the inclugion of smart simulation tools in energy
planning, the need for integrated approaches, and the nature of inputs in energy
planning tools. Surprisingly, however, some highlighted the lack of variables on the
cultural context, policy change, and building regulation in the majority of national
household survey data. Furthermore, stressed their influence on the variation in
residential energy consumption and demand. As expected, none of the experts was
aware of the concept of household life-cycle transition. However, they acknowledged
its prominence in urban energy planning, especially in managing the energy demand

in the private sector whose occupancy changes frequently.

Finally, after evaluating EvoEnergy, the experts suggested improving the subsequent

operational aspects of the 3D urban energy prediction tool.

e Maximise the integration of user-interface in the CityGML model by changing

its type from screen overlay to camera perspective overlay.

e Incorporate a hover menu which provides a summary of the household socio-

economic, demographic, and actual/expected energy usage.

e Develop a 2D GIS module that enables the mapping of residential energy

usage/demand at scales other than the parcel level.

The next chapter intends to discuss the research findings in relation to key studies
in the literature. Moreover, evaluates EvoEnergy strengths and weaknesses, and

recommends certain areas for future research.
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3.1 SUMMARY OF THE MAIN RESEARCH FINDINGS

The undertaken research aimed to utilise the potentials of innovative digital
technologies to develop a 3D urban energy prediction tool that supports sustainable
energy planning decision-making in the residential sector. Although the lack of
integrated urban energy planning svstem was identified as a significant gap, the
novelty of this study consists of predicting future energy usage of households based
on their life-cycle transition patterns. This was achieved by answering the below

three regsearch questions;

1. How will the different British household structures evolve in the next 5-10 years?

2. Is there a significant relationship between household transitions and energy usage

patterns?

3. If so, to what extent it does affect the households’ energy consumption figures?

The findings related to each research question will be summarised separately.

o How will the different British houschold structures evolve in the next 5-10 years?

To answer the above research question, the demographic and socio-economic factors
affecting different family transitions had to be investigated. This, in turn, helped
predict the likelihood of moving to different household types in the future. For
reasons related to the feasibility of research and the high proportion of single non-
elderly households in the city of Nottingham in general and Sneinton in particular, a
focus was placed on the household transition patterns of single non-elderly. Overall,
the number, magnitude, and factors affecting household transitions were not
consistent across all years. Therefore, only the common ones across all/most years

are reported in this section.
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Households becoming/remaining single non-elderly

As depicted in Table 9-1, factors which could affect transitions to single non-elderly
in the first five years are: Living as a cohabiting couple, householder age, single non-
elderly, houschold size, and living in terraced houses. In particular, cohabiting couples
and householders living in terraced houses are more likely to be single non-elderly over
the next five years. On the other hand, families with larger household size and older
householders are less likely to be single non-elderly over this period. Householders
with a single non-elderly household type; however, are less likely to remain so after

J vears.

In contrast to the above, common variables affecting the transitions to single non-
elderly households in the next 5-10 vears are as follows; householder age, single non-
elderly, annual benefit income, and gross annual income. More precisely, older

householders, single non-elderly, households with higher gross annual income and

benefit income are less likely to be gingle non-elderly in next 5-10 years.

Table 9-1. Summary of common factors affecting transitions to single non-elderly household

Singlenon-elderly O-5years  Impact Single non-elderly 5-10years  Impact

Living as cohabitating couple + Householder age -
Householder age - Single non-elderly -
Key Single non-elderly +/- Annual benefit income -
influencing
factors
Household size - Gross annual income -
Living in terraced houses +

Households becoming couple without children

As shown in the below Table 9-2. transitions to a couple without children household

in the first five vears were impacted by the following common factors namely; couples
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with  children, other households.  divorced, widowed, never-married, age of
householder, on a pension, gross annual income, and annual benefit income. Except
for the 5" vear, families with children were unlikely to become couples without
children over the first five vears. Similarly, divorced, widowed, and never-married
households in addition to the ones with high annual benefit income were less likely
to move to couple without children households. Conversely, older householders with
higher gross annual income, in addition to the ones receiving a pension income, are

more likely to be couples without children during this period.

Table 9-2.Summary of common key factors affecting transitions to couple without children households

Couplewithout children 0-5  Impact Couple without children 5- I mpact
years 10years

Couple with children -[+ Couple with children +

Other households + Separated +

Divorced - Never-married +

Widowed - Age of householder +

Key Never-Married Higher-grade professional
influencing ever-Marri - igher-grade professionals _
factors

Age of householder + Semi-skilled manual workers _

On pension + Annual benefit income _

Gross annual income +

Annual benefit income -

In contrast to the above, couples with children, separated, never-married, the age of
householder, higher-grade professionals, semi-skilled manuval workers, and annual
benefit income were the factors affecting transitions to couple without children in the
next 5 to 10 years. In more details, couples with children. separated, and never-
married, and older householders, are more likely to move to a couple without children

family. Conversely, higher-grade professionals and semi-skilled manual workers in
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addition to the ones with higher annual benefit income are unlikely to be couples

without children over this period.

Households becoming couple with children

Table 9-3.Summary of common key factors impacting the transitions to couple with children households

Couplewith children 0-5 years I mpact Couplewith children 5- I mpact
10years
Aged between 26 and 35 _ Aged between 36 and 45 +
Aged between 46 and 55 + Aged between 46 and 55 +

Living as cohabitating couple Living as cohabitating

couple
Divorced _ Higher-grade professionals +
Never-married _ On benefit +
Living in adetached house + Annual benefit income +
Living in a semi-detached house +
Key
influencing

factors Living in aterraced house

Living in a purpose built flat

Dwelling owned outright +
Higher-grade professionals +
Lower-grade professionals -[+
Annual benefit income +

Annual investment income

As illustrated in Table 9-3, transitions to couple with children households in the first
five vears were affected by the subsequent factors; aged 26-35, aged 46-55, living as

a cohabiting couple, divorced, never-married, living in a detached house, living in a
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semi-detached dwelling, living in a purpose built flat, dwelling owned outright, higher

and lower grade professionals, annual benefit income and annual investment income.

Apart from the factors namely: aged 46-55, living in a detached house, dwelling
owned outright, higher-grade professionals, and annual benefit income, the remaining

variables had a negative impact on this type of transition.

On the other hand, the following factors namely; aged 36-45, aged 46-55, higher-
grade professionals, on benefit, and annual benefit income, positively influenced
transitions to couple with children households over the next 5 to 10 years. Finally,

cohabiting couples are less likely to be couples with children over this period.

Households becoming lone parents

Table 9-4.Summary of common key factors impacting the transitions to lone parent households

Lone parents0-5 years Impact Lone parents 5-10years I mpact
Single non-elderly -[+ Single non-elderly +
Couple with children _ Female +
Female + Aged between 26 and 35 +
Divorced + Dwelling rented from local _
authorities
Key Aged between 46 and 55 + Higher-grade professionals _
influencing

factors Household size + Skilled manual workers +
Living in end-terraced houses + Working full-time _

Living in terraced houses +

On pension _

Annual benefit income +

As depicted in Table 9-4, transitions to a lone parent household within the next five

yvears are commonly affected by the following factors namely; single non-elderly,
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couples with children, female, divorced, aged 46-55, household size, living in an end-
terraced and terraced house, on a pension, and annual benefit income. All these
factors, except couples with children and on a pension, had a positive effect on this
transition type. However, the variable single non-elderly is expected to have a

negative effect in the first three vears and a positive one afterwards.

In contrast to the above, single non-elderly, female, aged 26-35, dwelling rented from
local authorities, higher-grade professionals, skilled manual workers, and working full-
time, influenced the transitions to this household type in the next 5 to 10 vears. The
majority of these variables had a positive effect, except for dwelling rented from local
authorities, higher-grade professionals, and working full-time.

o s there a significant relationship between household transitions and encrgy usage

patterns?

Table 9-5. Summary of the impact of household transitions on electricity and gas consumption

Transition to YL Y2 Y3 Y4 Y5 Y6 Y7 Y8 Y9 Y10

[ years
Single non- Electricity
elderly Gas
Couple without _ Electricity R
children Gas -
Couple with _Electicty _ I
children Gas _
Lone parent Electricity

Gas

Positive significant association - Negative significant association

Insignificant association

In the light of the above Table 9-3, it is so clear that household transitions do have
mostly a weak significant impact on their electricity and gas consumption patterns.

In general, this effect is mostly positive, except for transitions to lone parent
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households. Moreover, the 6™ and/or 7™ years of transitions to couples without
children and with children. However, the association between family transition
variables and the energy consumption ones was not significant in certain vears. For
example, the effect of moving/remaining a single non-elderly household on gas usage

patterns was insignificant in the period between vear 5 and vear 10.

o Ifso, to what extent it does affect the houscholds’ energy consumption fiqures?

Table 9-6. Summary of the effect of household transitions on their yearly electricity consumption

Transition target Average annual changein Average annual changein the
thenext 1-5years next 6-10 years
Single non-elderly 10.7% 3.64%
Couple without children 16.28% 3.86%
Couplewith children 26% 6.20%
L one parents 13.87% -5.8%

In the light of the above Table 9-6, it is clear that household transitions had different
effects on electricity consumption. This difference was defined by the time and nature
of the occurring transition (e.g. to couple with children). For example, over the next
1 to 5 vears, the transition to single non-elderly households was responsible for 10.7%
of the variation in the vearly electricity consumption. Conversely, the transition to
a couple with children had the highest effect of 26% on the electricity usage variable.
Similarly, the influence of transitions in the next 6-10 vears was negative on the
electricity consumption of lone parents which should decrease by 5.8%. Moreover,
transitions to couple with children households remained the most influential on the
vearly electricity usage. Based on all the above invaluable findings, a 3D urban energy
preidtcion tool {EvoEnergy) was developed with the help of specific digital
technologies and techniques such as game engines. Figure 9-1, Figure 9-2, Figure 9-3

(below) depict the user-interface of this system.
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Main Menu

Figure 9-1. Main components of EvoEnergy

Figure 9-2. Summary of a particular household energy usage and socioeconomic profile on mouse hover
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Expected household's future transitions and annual electricity usage
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Figure 9-3. Household life cycle transition and energy prediction module (dwelling mode)

9.2 DISCUSSION IN RELATION TQO EXISTING LITERATURE

The undertaken research has been built on the invaluable work that has been
conducted on energy forecasting tools supporting residential urban energy planning
decision-making. This sub-section aims to review how the developed 3D urban energy
prediction tool “EvoEnergy” relates to the discussed approaches in chapters two and
three as well as the wider context. Moreover, it discusses the values added by

EvoEnergy and how it could improve the limitations of these approaches.

9.2.1 Discussion in relation to 2D-GIS approaches

As proposed in chapter two, there are three types of approaches supporting physical
improvements in the residential sector at the urban scale namely; 2D GIS, 3D-GIS,
and statistical. First, in comparison to 2D GIS approaches, EvoEnergy is different in

many aspects.

The first difference covers the applicability in the building life-cvcle. Unlike 2D-GIS

approaches, which mainly support the operational stages of building life-cvcle, the
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developed 3D urban energy prediction tool {EvoEnergy) can he applied to any stage
and any residential area. This is mainly because the employed disaggregated data
input in this model was based on a representative sample covering the whole UK.
This signifies that the predictions of energy consumption of households with
particular demographic, socio-economic, and physical characteristics can be
generalised to similar households anywhere in the UK. Unfortunately, this is not the
case for existing 2D-GIS approaches because they are mainly based on locally

collected data. Furthermore, they rely on aggregate data which means that

heterogeneity across various households is not captured {Bunn and Restom, 2015).
This is evident in the work of Jones et al. (2001}, in which they estimated the change
in the energy consumption of Neath Talbot residential area in the UK before and
after applying some dwelling retrofit measures. However, the authors concluded that
their approach could not be generalised to the whole UK residential sector. More
recently, Nielsen and Moller (2013) developed a GIS-based approach to locate
residential areas with district heating potentials based on the associated cost. The
author acknowledged that their approach is not adequate for decision-making.
Moreover, it cannot be applied at a more disaggregated level (e.g. municipality level),

since it is based on nationally aggregated data.

Considering the above limitations of 2D-GIS approaches, data disaggregation in
“EvoEnergy” does help predict the energy consumption of various users at the early
design stages while considering the effect of physical, demographic, and socio-
economic factors. This will, in turn, permit the development of proactive decisions
to reduce CO2 emissions in the residential sector. A possible scenario includes the
estimation of energy consumption of new developments to generate policies/strategies
that contribute to reducing the carbon dioxide emissions. These measures will, in
turn, take account of the dynamic aspect of household structures based on household

transitions in the next 10-15 years.
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The second major difference lies in the frequent purpose of use of 2D-GIS approaches.
More precisely, as discussed in chapter two, they are mainly utilised to evaluate the
effectivity of certain physical measures before and after being implemented.
Moreover, they are employed to determine potential areas for implementing
renewable energy sources, including hydropower, district heating, solar panels, and
wind turbines (Aydin et al., 2013: Wrézyniski et al., 2016}. Although not available in
its current release, EvoEnergy was designed to account for most of the 2D-GIS
capabilities in addition to the change in energy consumption in relation to household
transitions as well as demographic, socio-economic, and physical factors. Of course,
there are some practical limitations that are currently or will be addressed in the

future, which are mainly related to the integration of external energy plugins.

The third difference is that 2D-GIS approaches are costly and time-consuming to
develop because their accuracy heavily relies on building energy simulation tools and
the collection of local data. This is not the case for EvoEnergy since it relies primarily
on disageregated household panel data which are regularly collected and maintained

by national governmental agencies, including UnderstandingSocitey.

The finale difference lies in the ability of EvoEnergy to retrieve more physical indices
from the 3D model such as floor area, volume, glazing ratio, solar exposure, heat
gain, orientation, aspect ratio, and azimuth. The majority of these parameters cannot
be obtained from 2D-GIS maps. Hence, a lot of assumptions are made which affects

the prediction accuracy.

9.2.2 Discussion in relation to 3D-GIS approaches

The developed 3D urban energy prediction tool (EvoEnergy) shares many common

aspects with 3D-GIS approaches since both of them utilise CityGML principles.

One of the similarities is the 3D modelling pipeline. This is evident in the heavy

reliance of both of them on ordnance survey data to extract physical parameters such
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as building heights, footprints, buildings orientation, and others. Furthermore, it is
also clear in the adoption of historical energy consumption data from energy
companies for monitoring and validation purposes. Like some of the recent 3D-GIS
approaches (e.g. (Jokela, 2016)}, EvoEnergy also considered the integration of
advanced acquisition and surveving technologies, including 3D laser scanning, and
Lidar, as previously discussed in chapter two. However, these were not implemented
in the current research due to the lack of time and resources.

In contrast to the above similarities, there are also some differences between both
approaches. First, the level of details {LOD) employed for predicting heat energy
demand in residential buildings represents a significant difference. As addressed in
chapter two, the majority of existing 3D-GIS approaches use CityGML models with
a level of detail (LOD1 or LOD2). This means that there is a non-consideration of
openings and protruding building elements {e.g. balconies). EvoEnergy overcomes
this limitation by utilising a superior level of detail, CityGML LOD3, more precisely.
As a result, EvoEnergy is expected to provide a higher prediction accuracy of heating
demand consumption than the existing 3D-GIS models. Indeed, a recent study
conducted by Monien et al. (2017) suggested that the heating demand figures
predicted using LOD3 models were approximately 6% more accurate than those

emploving LOD2 models.

In addition to the above, another major difference is the degree of independence of
calculation engines from the 3D model itself. As discussed in chapter two, the
majority of existing CityGML urban energy models such as the energy Atlas of Berlin
(TUBerlin, 2017), are entirely independent of energy calculation engines. This means
that most of the energy predictions occur in Excel-based simulation tools
incorporating steady-state algorithms (e.g. Fraunhofer-IBP). In this respect, it was
argued that the potentials of CityGML were not fully explored and utilised. For those
reasons, EvoEnergy was carefully designed to benefit the most from the CityGML

model by integrating the prediction algorithm within the main user-interface. In this
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way, relevant geometric information to every single residential building (e.g. volume)
is extracted from its relative 3D model. Moreover, saved to its physical module. These
parameters will, in turn, be used as inputs for predicting the energy use of the
envisaged dwelling(s). This is believed to speed up the prediction process, reduce
costs, prevent technical issues, and most importantly leads to a smarter exploitation

of CityGML models.

The operating environment also represents a major difference and a core contribution
of this research. Most of the 3D-GIS energy forecasting models operate on well-known
GIS software such as CityEngine and ArcGIS. The work conducted by Nouvel et al.
{2015), Chen et al. (2017), and Kaden and Kolbe {2013} reinforces this claim. This
is considered absolutely fine for many urban energy planners who should be familiar
with these systems. However, considering that public engagement plays a prominent
role in meeting the CO2 emission targets, extending these tools to energy consumers
necessitates the adoption of other non-technical, flexible, interactive, and user-
friendly platforms. One of these platforms is game engines, which in turn have
received growing attention in urban planning in recent vears. In this context, it is
worth mentioning the notable urban planning gaming applications of “Betaville” by
Skelton (2013} and “ASPECT Studios 3D Viewer” by Greenwood et al. (2009).
However, despite the invaluable contribution of many scholars, there is No gaming
application tailored to suit the needs of urban energy planning. For those reasons
and for others related to the intention to extend the capability of EvoEnergy to the
general public, Unity3D, an open source game engine, was utilised as an operating

platform.

In addition to the above, the application in the building life-cycle depicts a prominent
difference between EvoEnergy and 3D-GIS approaches. The latter has been mainly
dedicated to the operational stages of building life-cycle. More specifically, they have
been heavily linked with targeting buildings with retrofit potentials through assessing

their heat demand (Nouvel et al., 2015). Furthermore, their capability was extended
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in the last 2 vears to cover the evaluation of renewable energy potentials of different
building areas {e.g. walls, roof, etc..} (Saran et al., 2015). However, the problem with
3D-GIS approaches is that the effect of socio-economic and demographic factors is
ignored. In other words, predictions are based on standard household profiles and
occupancy schedules. EvoEnergy acknowledged this limitation and tried to overcome
it by incorporating a socio-economic module in its prediction algorithm. For those
reasons and other related to the higher level of detail of EvoEnergy, it is argued that
predictions are more accurate and reliable. It should be noted that the accuracy and
reliability of EvoEnergy will be assessed in the following sections. As indicated at an
earlier stage, prediction generated by EvoEnergy should be employed at any stage of
the building life-cycle. This is because they are based on statistical models developed
based on a UK government panel data surveys that are representative of the whole

population and dwelling stock.

9.2.3 Discussion in relation to disaggregated techno-socio-economic

approaches

Undoubtedly, the developed 3D urban energy prediction tool in this study
{EvoEnergy) derives many of its principles from disaggregated techno-socio-economic
approaches, discussed in chapter three. This is mainly because these approaches have
a great ability to consider heterogeneity across individuals, which permits the
identification of accompanying changes in their energy usage patterns. Thus, they
are considered adequate tools for developing policies that target specific household

tvpes or segments (e.g. low-income high energy consumers).

In the light of the above, one of the similarities lies in the nature of dafe source and
data inputs that constitute the forecasting model. Indeed, both EvoEnergy and
disaggregated techno-socio-economic rely heavily on well-known panel data surveys
such as the British household panel data survey. This is because this type of data

has a powerful ability to capture complex dynamic relationships (e.g. Household
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mobility and change in income, education, etc...}). The work conducted by Meier and
Rehdanz (2010}, Longhi (2014), Longhi (2015), and Jones et al. (2015) supports this
claim. This type of data has, in turn, an implication on the nature of parameters
involved in the prediction model. In other words, EvoEnergy shares a lot of socio-
economic, demographic, and technological parameters with these approaches since
they are widely available on panel data surveys such as BHPS and UKHLS.
Mareover, because the literature has shown their prominent impact on the residential
energy consumption patterns. Finally, another resemblance between Evolnergy and
these approaches is the nature of prediction model. Indeed, the majority of these
approaches utilise well-known statistical methods {e.g. fixed-effects/ random effects

models}, because they capture heterogeneity within/ across groups and overtime.

As much as there are many similarities between EvoEnergy and disageregated
techno-socio-economic approaches, there are also some differences. First, despite they
can account for heterogeneity across different or similar households and predict
energy patterns accordingly, disaggregated techno-socio-economic approaches lack
appropriate communication tools. More precisely, their empirical outputs are usually
shared in their row format in the form of reports, where at most cases some
illustrations are utilised (e.g. tables and charts). This makes the decision-making
process generic and ineffective in certain situations where location and building 3D
geometry are crucial. There is an exception for the work of Druckman and Jackson
(2008), who tried to incorporate 2D-GIS and well-known geodemographic
gsegmentation systems to improve the communication aspect of these approaches.
However, 2D-GIS is less comprehensive, offers less understanding and limited ways
of solving issues related to urban energy planning than 3D approaches (Biljecki et

al., 2013).

In addition to the above, the lack of 3D environments in techno-socio-economic
approaches also limits their applicability to the operational and maintenance stages

of building life-cycle only. This is because early design stages require geometric and
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phyvsical inputs such as latitude, building orientation, building volume, and aspect
ratio, which can only be derived from the 3D models of the dwellings themselves. For
those reasons, the development of EvoEnergy was strongly based on CityGML (3D-
GIS) modelling principles. This has not only permitted to compensate the lack of
geometric and physical parameters in techno-socic-economic approaches but also

extend their prediction ability to cover the early design stages.

Finally, the capacity to predict future energy consumption patterns based on the
household life-cycle transition patterns represents the most important difference
between “EvoEnergy” and disaggregated techno-socic-economic approaches.
Moreover, the major contribution of this doctoral study. This will, in turn, enable a
smarter monitoring of households across their life-cycle and develop proactive
strategies. This could include the development of socio-economic policies that could
empower certain household types (e.g. low-income lone parents) in the long-term.
Moreover, help them reduce their energy usage without affecting their thermal

comfort.

9.3 STRENGTHS OF EVOENERGY

The developed 3D urban energy prediction tool “EvoEnergy” possesses the
subsequent strengths namely; accurate and reliable predictions, integrated vision,
tflexible prediction granularity, sensitivity to household life-cycle transitions, potential
monitoring capabilities, and public engagement capabilities. These will be discussed

in more depth in the following sub-gsections.

A- Validity and accuracy of electricity prediction model

As indicated in the methdology chapter, the developed electricity prediction model

would be validated against the electricity usage figures of three consumers whose
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dwellings were previously inspected by Nottingham energy partnership assessors as

part. of the Rumourban project. Table 9-8Table 9-9, and

Table 9-10, depict the demographic and socio-economic characteristics of the 3
householders, respectively. Furthermore, highlight their HVAC as well as energy
expenditure. Overall, all the householders were single non-elderly and held a never-
married marital status. The reason behind this choice was influenced by the high
proportion of single non-elderly in the Sneinton area. The first householder was 35,
working part-time, has a vocational qualification, living in 1-bedroom end-terraced
bungalow built in 1969, and uses gas as the main central heating fuel. Moreover,
consumed 10 to #£15 on electricity on average and around 3115 KWh per year. On
the other hand, the second consumer was aged 22 with a lower income (0-£10,000),
lived in a 2-bedroom terraced house, had electricity central heating, spent £15 weekly
on average, and had an estimated vearly consumption of 4856 KWh. Finally, the
third householder was 30, lived in a 2-bedroom flat, had a low income (0-£10,000),

had a gas central heating, and consumed roughly 2800 KWh of electricity per annum.

All these demographic, socio-economic, and HVAC characteristics, were input to the
EvoEnergy to predict their electricity usage. Table 9-7 compares the predicted figures
with the ones calculated using the energy performance certificate {EPC}. It is evident
that there were minor discrepancies between both annual electricity figures across all
householders. More specifically, for the first householder, the annual electricity
predicted by EvoEnergy was 3023.522 KWh (Figure 9-4), which in turn was 2.94%
lower than the figure estimated in the EPC report. Similarly, for the second
householder. the vearly electricity consumption of predicted by EvoEnergy was 4.56%
lower than the expected vearly usage in the energy performance report (EPC) {Figure
9-3). Finally, the EvoEnergy estimated usage of householder 3 was 4.61% higher than

the EPC expected consumption (Figure 9-6).
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In order to determine the reason behind the above inconsistencies, the three EPC
reports were carefully analysed. It is believed the main reason behind the high
electricity consumption of householder number 1 is due to the inefficiency of the
appliances, especially cold appliances that run 24 hours. Indeed, the age of fridge
freezer, washing machine, television, vacuum cleaner, and cooker possessed by this
consumer was 10 years. According to SUST-it (2016}, a 10-year old fridge freezer
consumes approximately 28% more electricity than the new one. As for the higher
annual electricity figure of consumer number 2, this could be attributed to the fact
that their heating duration in winter was 1 hour above the typical heating pattern
for couple without children, which is 8 hours according to DECC (2014b). Finally,
the lower vearly electricity usage of the householder number 3 could be related to
the fact that this consumer does not possess major appliances such as fridge freezer,

cooker, and washing machine, due to their low-income.

After analysing the above fact, it is clear that the electricity prediction model had a

good accuracy.

Table 9-7. Comparison between the actual and estimated annual electricity usage of the three households

EPC yearly estimated  EvoEnergy predicted Difference
eectricity (KWh) annual electricity
(KWh)
Householder 1 3115 3023.522 -2.94%
Householder 2 4856 4634.717 -4.56%

Householder 3 2800 2935.418 +4.61%
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Table 9-8.Demographic, socio-economic, and energy related characteristics of household number 1

T Jop|oyssnoH

Input

Value

Demographic characteristics

Household type

Single non-elderly

Householder age

35

Household size

Marital status

Never-married

Socio-economic
characteristics

Employment mode

Part-time

Goldthorpe class

Skilled manual worker

Income band 20,000 - £25,000
Benefit income band 0 - £5,000
Level of education Vocational college
Dweélling characteristics Dwelling type End-terraced
bungalow
Y ear of built 1969
Number of bedrooms 1
Number of stories 1
Floor area 50 n?
Tenuretype Rented from local
authorities
Monthly rent 290
HVAC and energy Has central heating yes
expenditure Main heating fuel Gas
Billsincluded in the rent No
Type of electricity tariff Pre-Payment
Reported energy figure 10-£15 per week
EPC Estimated yearly 3115 KWh

electricity usage
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Table 9-9.Demographic, socio-economic, and energy related characteristics of household number 2

Z JOPIOYBSIOH

Input Value
Demographic characteristics  Household type Single non-elderly
Househol der age 22
Household size 1
Marital status Never-married

Socio-economic
characteristics

Employment mode

Part-time

Goldthorpe class

Routine non-manual

Income band

0-£10,000

Benefit income band

0— £5,000

Level of education

Higher education

Dwelling characteristics Dwelling type Terraced
Y ear of built 1969
Number of bedrooms 2
Number of stories 1
Floor area 70 n?
Tenuretype Rented from private
landlord
Monthly rent £345
HVAC and energy Has central heating yes
expenditure
Main heating fuel Electricity
Billsincluded in the rent No
Type of electricity tariff Direct-debit
Reported energy figure £15 per week
EPC estimated yearly 4856 KWh

electricity usage
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Table 9-10.Demographic, socio-economic, and energy related characteristics of household number 3

€ JOPIoUYESNOH

Input Value
Demographic characteristics  Household type Single non-elderly
Householder age 30
Household size 2

Socio-economic
characteristics

Marital status Never-married
Employment mode Part-time
Goldthorpe class Semi-unskilled

manual worker

Income band 0-£10,000
Benefit income band 0 - £5,000
Level of education
Dwelling char acteristics Dwelling type Converted flat
Y ear of built 1969
Number of bedrooms 2
Number of stories 1
Floor area 70 n?
Tenuretype Rented from local
authorities
Monthly rent £350
HVAC and energy Has central heating yes
expenditure Main heating fuel Gas
Billsincluded in the rent No
Type of eectricity tariff Direct-debit
Reported electricity figure £8.5 per week
EPC estimated yearly 2800 KWh

electricity usage
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Expected household's future transitions and annual electricity usage

Transition Target

72.27776 n m

Projected T i
anﬂj’ T KL' IH rojected Time
UC3.JCC L

Urban energy prediction mode

Edit Household characteristics

Figure 9-4. The estimated transition and annual electricity usage of household one by EvoEnergy

Expected household's future transitions and annual electricity usage

Transition Target

91.77658 n m

Projected Time

KLUH

Urban energy pradiction mode
Edit Dwelling parameters Edit Household characteristics

Figure 9-5.The estimated transition and annual electricity usage of household two by EvoEnergy
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Expected household's future transitions and annual electricity usage

Transition Target

64.23004 n m

Projected Time -

Edit Dwelling paramsters Edit Household characteristics

Figure 9-6.The estimated transition and annual electricity usage of household three by EvoEnergy

B-Integral vision and principles

Initially, the departing point and the main intention behind conducting this doctoral
research was to develop a 3D urban energy prediction tool which combines two
distinct approaches of urban energy planning: physical and socio-economic. This was
because the analysis of the relevant literature, showed that both approaches do not
account for each other. Since the problem of energy sustainability in the residential
sector is complex and depend on a variety of interwoven factors {e.g. socio-economic,
technological, climatic, cultural, etc...), this fragmentation can lead to the generation
of policies and measures that are ineffective in coping with future challenges.
Therefore, the integral vigion and principles of EvoEnergy represents a major
strength of EvoEnergy. Primarily, this was evident in the developed framework
outlining the structure and major principles of envisaged 3D urban energy prediction
tool “EvoEnergy”™ in chapters 2, 7, and & Moreover, in the implementation of
CityGML modelling approaches, the adoption of certain principles of techno-socio-

economic approaches (e.g. use of panel data, statistical analysis, etc..}. Again,
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EvoEnergy, in current state, is far from being a fully holistic 3D urban energy
prediction tool as this necessitates more time and resources. However, since it is based
on CityGML, its future development framework could host new modules such as
transportation. In this way, it is possible for urban planners, for instance, to predict
the CO2 emissions associated with the residential sector and transportation with the
help of smart simulation tools. This allows to develop strategies and measures that
could help reduce CO2 emissions in new developments such as increasing the density

of the urban fabrics to reduce travel.

C-Flexible granularity

The development of EvoEnergy energy followed an integrated bottom-up approach.
For those reasons, it is equipped with a flexible prediction granularity. This implies
that it is possible to predict residential energy consumption from building to the city
level, This entails the building, parcel, block, district and city levels. At the building
level, physical parameters are retrieved from the 3D model of the dwelling and fed
to the physical module. Similarly, the socio-economic factors are obtained through a
survey and fed directly into the socio-economic module. The predictions for this
corresponding household are in turn computed based on the physical and socio-
economic inputs. Of course, the predictions at the city level in one go can be less
accurate and reliable. However, this could be improved, if the city is divided into

different zones, where each one is composed of specific archetypes.

D-Sensitivity to household life-cycle transitions and potential monitoring

capabilities

Undoubtedly, household life-cycle transitions represent the backbone of this doctoral
research. Indeed, EvoEnergy, in its current state, can estimate the annual electricity
consumption of households based on their evolution in the next 10 vears. These

estimations are sensitive to the nature of the envisaged transition pattern (e.g.
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couples without children) and the projected time (e.g. next 3 years). The likelihood
of these transitions are in turn influenced by the demographic and socio-economic
characteristics of the households themselves. This enables urban energy planners to
generate policies that cope with future development of urban neighbourhoods based

on their demographic and socio-economic profile,

Another strength of EvoEnergy is the possibility to monitor the energy consumption
of different households accompanied with their future life-cycle transition patterns.
For example, comparing the transitions and energy usage of lower-grade professional
gingle non-elderly with routine non-manual single non-elderly in 10 years. In this
respect, an interesting application would be to monitor and compare the energy
figures of households who remain in the same household type. Furthermore, whose
demographic as well as socio-economic characteristics do no change for a period of
time. In this way, it iz possible to determine the effect of other factors such as

behaviour and efficiency of appliances.

E-Public engagement capabilities

Although this version of EvoEnergy was developed to cater the needs of urban energy
planners, it can be easily improved and adapted to be used by energy consumers in
the near future. This is mainly because it was initially developed within a game
engine environment {Unity3D), which allows to deploy any digital content across a
wide range of platforms. These include; TV, smartphones, tablets, VR, and the web.
Premised on that and with the help of geo-fencing, households of a particular
neighbourhood (e.g. with high energy figures) are suggested to install EvoEnergy on
their smartphones. Once achieved, they are required to fill a short survey on their
demographic and socio-economic characteristics. The application in turn estimates
their energy consumption based on their expected family transitions patterns.
Moreover, maps them onto their dwellings. The households could alse navigate in

the 3D city model with the possibility to employ VR technology (e.g. Gear VR).
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Furthermore, they could compare their figures with similar households but with lower
energy figures and obtain recommendations on how to reduce their carbon foot print.
This will encourage them not only to reduce their C0O2 emissions but also develop

pro-environmental attitude and awareness.

9.4 LIMITATIONS OF EVOENERGY

A-Dependency on government data and replicability across countries

The socio-economic module of EvoEnergy relies heavily on inputs from household
panel data surveys. These are collected, managed, and maintained by national
agencies funded by the UK government such as understanding society. Considering
that the prediction models need to be frequently updated to keep pace with a rapidly
evolving society, the unavailability or access restriction to these data can be
problematic. Indeed, this signifies that the only alternative route to overcome this
issue would be to conduct a national panel data survey, which is impractical given

the limited of time and resources for such a purpose.

In addition to the above, another limitation of EvoEnergy is that it is not replicable
to other countries. In other words, EvoEnergy can only predict and monitor the
energy consumption figures of British households, since it was partially developed
using the British household panel data survey (BHPS). This means that its successful
implementation in another country requires a new statistical analysis of its panel
data household survey, which leads to the development of new prediction models.
However, this is not always possible, since the availability and access to such data in

certain countries, especially developing countries, can be problematic.

B-Limited technological module

The limited time and resources present in this doctoral study prevented the

development of a sophisticated technological module which takes into account the
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number, type, and efficiency of appliances in the household. Although EvoEnergy
predicts the vearly electricity consumption with a good accuracy, the effect of certain
prominent technological factors (e.g. age of appliances) is implicit. This is because
the only technological parameters available in EvoEnergy are; existence of central
heating, type of boiler, existence of renewable energy sources, and type of heating
controls. However, the collection of such detailed and accurate inputs at the
household level requires specific procedures such as energy audits (Ndiave and
Gabriel, 2011) and sub-metering (Greene et al., 1989), which might be costly to
undertake at the city level. In this respect, another solution could be to incorporate
the average energy figures of certain appliances from the household electricity survey,
which monitored the electricity demand and consumption of 251 households in
England from May 2010 to July 2011. The only drawback of this approach is that

the impact of appliances’ age and efficiency is not captured.

C-Prediction module for socio-economic factors

As demonstrated in chapters five and six, EvoEnergy predicts the electricity
consumption of households based on their future expected transition patterns over
their life-cycle. Furthermore, the change in their socio-economic and demographic
characteristics. However, in order to see the change in electricity usage in function
of socio-economic characteristics, the user has to change envisaged inputs in the socio-
economic module and re-run the predictions. This is because the module was not
based on the predicted change in the households’ socio-economic characteristics in
10 vears, due to feasibility issues. Indeed, the accomplishment of such objective
requires the development of 10 respective prediction models for each socio-economic
variable, where each maodel represents a particular time in the future {e.g. next 2

years).
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3.5 RECOMMENDATIONS FOR FUTURE WORK

Throughout the course of this doctoral study, certain ideas have been rejected, since
they either fall bevond the scope of the dissertation or necessitate considerable time
as well as resources. Other ideas were also excluded due to the lack of data
availability. Premised on that and on the limitations of the developed urban energy
model “EvoEnergy”, this sub-section sheds the light on the most important ideas as

recommendation for future work.

e Development of simulation based-physical module

EvoEnergy can retrieve basic physical parameters from the CityGML model itself
(e.g. volume. Area, glazing ratio) to calculate the heating demand/ consumption of
the household. However, this is not sufficient, since the incorporation of intelligent
simulation tools within its physical module (e.g. EnergyPlus) is indispensable for
assisting, monitoring, and evaluating physical improvement strategies. This does not
only apply to existing residential dwellings but also to new developments. In the case
of the latter, energy simulation plugins could offer a great assist in the early design
stages, where urban planners can adjust certain parameters such aspect ratio,

building heights, and orientation, which could lead to optimal energy efficiency.

¢ Building an international socio-economic module

Based on the fact that EvoEnergy is only confined to the UK, one of the future
possibilities is to build an international socio-economic module covering different
countries such as Germany, Italy, and Spain. Although this can be problematic due
to data unavailability or access restriction, as indicated previously, the achievement
of this module simply requires the development of new prediction models by applying
some statistical techniques to these data. Furthermore, this also necessitates a new

CityGML modelling of the envisaged urban areas. This will in turn enable invaluable
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comparisons between similar households over different countries. However, the
physical module also has to adapt to changes in the climatic conditions of these

countries. So that a fair decision-making is made.

o Integrating other modules for optimal urban planning decision-making

Making optimal or near-optimal decisions require a system that considers different
aspects of urban planning, including land use, transportation and energy
sustainability {Ghauche, 2010). From this premise and considering the capabilities of
CityGML, EvoEnergy could be further developed to host other modules. However,
this should be gradually achieved following several stages. For example, in stage 1,
the requirements of urban transportation planning decision-making should be first
studied. On the other hand, in phase 2, a transportation module should be developed
based on these requirements and while considering interoperability mechanisms
between the energy and transportation modules. In stage 3, the incorporation of the

transportation module into EvoEnergy, should occur.

3.6 CONCLUSION

The aim of this doctoral study was to explore the potential of digital technologies to
develop an integrated 3D urban energy prediction tool which could support
sustainable energy planning decision-making in the residential sector. In order to
achieve this overall aim, seven objectives were set (please see chapter 1}. The research
has met these objectives to the extent that further work was devoted to developing
the user-intertface of EvoEnergy in response to feedback from urban planners who
attended the participatory workshop. The subsequent paragraphs will discuss how

these objectives have been met.



347 Discussion and conclusion

The first step towards achieving the research aim was to conduct an extended
literature review which explored existing urban energy planning approaches.
Furthermore, evaluated their strengths and weaknesses. Based on that, two main
distinct approaches were identified; Physical and techno-socio-economic. The analysis
of these approaches permitted to reinforce the claims made in the introduction
chapter with regards their fragmentation. Moreover, provided a strong evidence on
their non-consideration of the concept of household life-cycle transitions. In addition
to that, the examination of approaches supporting physical improvement strategies
in chapter 2 allowed the elicitation of the modelling principles of the 3D urban energy
tool “Evolinergy”. These include, overall structure, data collection procedures, 3D

modelling pipeline, type of modules, workflow, and validation process.

To answer the research questions that arose from the analysis of the literature review,
different methodological options were first explored and evaluated. This discussion
followed a hierarchical structure (inverted pyramid) starting from philosophical
position of the research to the research design. To analyse and statistically model the
demographic evolution of single non-elderly in 10-15 years, secondary data analysis
of the British household panel data survey (BHPS) was utilised. In particular, binary
logistic regression models were developed to investigate the demographic and socio-
economic factors affecting occurring transitions: consequently, predict future
transitions. Although the nature of factors and their degree of influence were not
congsistent across models, this analysis presented some interesting findings to report.
For example, the average single non-elderly household has a 20% chance of moving
to a couple without children household and 13% of becoming couple with children in
o yvears. However, these percentages can also increase with the householder age. More
precisely, for one additional yvear in the householder age, the odds ratio for remaining

single non-elderly in the next b years is lower by 44%.

After achieving the above objective, the impact of the predicted household transitions

on their annual gas and electricity consumption figures was investigated. This was
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attained by utilising point bi-gerial correlation analysis. Overall, the results indicated
that households transition patterns do mostly have a significant positive effect on
their energy consumption figures. However, this impact is mostly weak. Moreover,
negative on the future energy usage figures of lone parent households. This provided
a clear indication on the possibility of predicting residential energy consumption
figurers in function of household transitions. For those reasons, a linear regression
model, which comprised transitions, demographic, and socio-economic variables, was
developed for the predicting future electricity usage. Continuing the previous
example, approximately 56% of those who are expected to move to couple without
children household in 3 years should consume between 2000-4000 KWh electricity

per annum, whereas 26% of them, could use more than 4000 KWh annually.

To develop the 3D urban energy prediction model {(EvoEnergy) using the relevant
standards and technologies, a 3D semnatic model with a CityGML LOD3 level of
detail(s) had first to be created. For those reasons, a pilot area within the city of
Nottingham, Sneinton, more precisely, was selected. This choice was mainly
influenced by its proximity from the researcher and the availability of secondary data
and historical energy consumption data of some of its residents. This was followed
by a demographic and socio-economic analysis of the pilot area in relation to
Nottingham city. This analysis, in turn, suggested a dominance of single non-elderly
households in both locations {Sneinton and Nottingham city). Furthermore, advised
that the demographic and socioeconomic profile of the Sneinton area is nearly-
representative of the Nottingham city one, in spite of few discrepancies. This dictated

the particular focus placed on single non-elderly households in this research.

Following the accomplishion of the 3D semantic model, which represents the 3D
virtual environment of EvoEnergy, the final development of EvoEnergy occurred.
This entailed the enhancement of the initial CityGML model of the Sneinton area in
a game engine environment {Unity 3D) by building a user-friendly interface which

convolves the necessary modules, including physical and technoe-socio-economic.
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To convey the research findings to urban planners in a meaningful and useful way to
support their decision-making process, they have been collaboratively working with
the researcher not only to benchmark but also improve the developed 3D urban
energy prediction tool. Areas that were evaluated by the group of urban planners
and energy experts during the participatory workshop held At Nottingham Trent
University included; the navigation in the 3D virtual environment, user-interface,
and the household transition module and prediction modules. However, the
participants’ suggestions revolved around three main points namely; the link between
the user-interface and the CityGML model, semantic querying tools, and 2D-GIS

thematic mapping.

To conclude, this thesis inveolves a scalable and generic dimension that should be
discussed. More precisely, the bottom-up nature of EvoEnergy does not only permit
to predict domestic energy usage at multiple urban scales via extrapolation but also
potentially allow its adoption in other countries than the UK. Of Course, this is not
a straightforward task as it requires tedious pre-processing of longitudinal datasets
and the development of prediction models relative to each country during a given
period. Despite being possible, the scalability of EvoEnergy relies heavily on the
availability and quality of longitudinal data, as discussed at an earlier stage. This
implies that developing countries, who do not possess central data repositories or
restrict access to data, unfortunately cannot benefit from EvoEnergy. As a result,
this opens the doors to considering alternative methods for developing socio-economic
modules. One of the possibilities is to utilise datasets of a given country and apply
its prediction models to another one with similar cultural, climatic, and socio-
economic context. This is while adjusting the weighting factors of the models to
account for minor differences and eliminate bias. Another possibility could be to use
data integration techniques to build a single database from multiple data sources
pertaining to a given developing country. However, this approach is not cost effective

due to the changing nature of datasets over time.
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LITERATURE REVIEW RELATED APPENDIX

A.1.1 DIFFERENT APPROACHES TO THE CALIBRATION OF
BUILDING ENERGY SIMULATION TOOLS

Table A. 1.Shows the different types of calibration and provides some examples on each category.

Calibration Category Example of case studies

Manual, iterative and pragmatic intervention
(Kaplan, McFerran et al. 1990);

(Diamond, Hunn 1981)

(Hunn, Banks et a. 1992)

A suite of informative graphical compar ative display
(Haberl, Bou-Saada 1998)

(Bronson, Hinchey et a. 1992)

(Haberl, Sparks et a. 1996)

Special testsand analytical procedures
(Manke, Hittle et a. 1996)

(Liu, Claridge 1998)

Analytical/mathematical methods of calibration
(Sun, Reddy 2006)

(Westphal, Lamberts 2005)

Table A. 1 outlines various calibration techniques which are employed in adjusting
the inputs of building energy simulation tools. The classification included in Table
A. 1, which consists of four distinct techniques, is the most common in the literature

and was initially developed by Agami Reddy (2006).

Raftery et al. (2014) indicate that iterative pragmatic interventions rely on manual
adjustment of inputs by the user. For those reasons, this process relies heavily on
user experience as well as the employment of trial-and-error technique to adjust the

inputs until matching the measured data. In addition to that, studies within this
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category complement energy bills with walk-through audits or/and short-term
monitoring or even with some graphical plots {(Sun, Reddy 2006). A good example of
this categorv is the work conducted by McFerran et al. (1990) in which short-term
energy monitoring (STEM) of lmonth was suggested to calibrate models instead of
full-year data. Once this data had been obtained, statistical analysis was applied to
generate internal load schedule for DOE-2. This study achieved about a 10%

difference between the calibrated and measured data on an annual basis.

Concerning the calibration based on a suite of informative graphical comparative
display, series graphics {e.g. 3D plots) and graphical indices {max, min, mean,
median, percentiles etc...), are employed to help determine where errors occur between
the measured and simulated data. This approach often serves as a decision-making
support tool for the users of the manual and iterative intervention with regards the
type of parameters that should be calibrated. However, each visualisation technique
is designed to serve a specific purpose. For example, the 3D plot, developed by Bou-
Saada (1998) to investigate the hourly difference between the computed and actual
data, is adequate for adjusting time-dependent parameters such as heating loads. The
power of this representation lies in the ease of detecting minor differences. The carpet-
contour plot addressed by Raftery (2011); on the other hand, visualises the mean
energy consumption against two uncorrelated variables as an attempt to speed up
the detection of discrepancies between measured and computed data (Figure A. 1).
Although highlighted as an advantage by the authors, it is helieved that this
technique is unsuitable for partially correlated variables such as drv bulb temperature
and direct gsolar irradiance, as such some users can be easily misled by erroneous
conclusions. Secondly, anomalies in the building performance can be detected but

only if the right or typical building operational performance is known.
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Figure A. 1.Carpet-Contour plot showing mean value of HVAC consumption against hour of day and month of year
adopted by Raftery (2011).

Calibration based on special tests and analytical procedures usually uses one or the
combination of the following procedures namely; Non-intrusive monitoring (e.g. Blink
test), short-term energy monitoring (STEM), and energy audits. Although these
measures can be also adopted in other categories (e.g. manual and iterative
intervention) as discussed previously, the absence of mathematical or statistical
procedures throughout the calibration process is what distinguishes it from others.
A good example of calibration under this category is the work conducted by Soebarto

(1997) who utilised two to four weeks (STEM} of hourly and monthly energy
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consumption in the calibration of two buildings models. Lighting and plug loads were
non-intrusively monitored by turning on and off electrical loads for a short period
(Blink Tests). Although the hourly calibration accuracy for this method was +6.7
CV RMSE (Root-mean-square error statistics obtained after cross-validation), it has

been criticised for easily missing significant errors.

Studies within the last category (Analytical/mathematical methods of calibration or
antomatic) consider calibration similar to an optimisation problem. Therefore, it is
tackled through the use of optimisation algorithms to identify automatically the most
significant parameters to adjust and by how much. Westphal and Lamberts (2005},
for instance, suggested a six steps calibration method for building energy simulation
in which sensitivity analysis was used to detect the most influential parameters on
electricity consumption. The authors found a very close match of 1% between the
predicted and measured annual electricity consumption. However, calibration under
this category is only efficient if fewer parameters are optimised, usually equal or less

than 25 as recommended by Reddy (2006).

After analysing the above calibration approaches, the following issues have been
concluded. First, apart from the lack of a universal methodology or guidance on
calibration, there is no clear evidence on to what extent each calibration approach
would improve accuracy. Indeed, this is believed to be highly dependent on various
factors including the calibration pipeline itself, type and length of monitoring, the
degree of influence of the calibrated inputs, and even the user experience as well as
the interpretation of results {Agami Reddy, 2006). The nature and accuracy of site
investigation seem also to be a determinant factor. This is quite evident after
analysing the study carried out by Huang et al. (2007) in which the energy

consumption of two office buildings in Shanghai was compared before and after
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calibration with monthly energy bills. After using the same calibration pipelines, the
mean bias error index of the first building decreased dramatically by 31.9% for
electricity, whereas for the second, this value decreased by approximately 12% which
is the third of the first one. It could be argued that this difference is due to the fact

that the second site investigation did not include as many details as the first one.

Secondly, it is clear that the majority of calibration approaches are not only complex
hut also require sufficient statistical expertise and engineering judgement {Macdonald
2002). Furthermore, since achieved iteratively, relying on site measurements, they
are costly as well as time-consuming. Thirdly, calibration can be ineffective in case
on-site data are unattainable or might not be practically measured. Finally, there is
a paucity of approved integrated tools or automated processes that aid calibration

(Coakley, Raftery et al. 2014).

A.1.2. COMPARATIVE STUDY BETWEEN TWO IMPORTANT 2D-GIS ENERCY
ESTIMATION MODELS

Figure A. 2 below depicts the energy prediction process followed by Jones et al.
(2001) and Heiple and Sailor (2008), respectively. For reasons related to the lack of
time and resources, Jones et al. (2001) decided to employ a simplified baseline model
{(BREDEM-9) and cost-effective data collection methods comprising quick site
inspections (drive-pass) as well as analysis of historical sources. First, quick
inspections were adopted to acquire data related to dwellings’ geometry such as the
number of floors, and dwelling type, whereas historical data analysis, was utilised to
obtain dwellings age. This kind of data input along with the geometric ones were
used to generate 100 archetypes. After some assumptions covering thermal
characteristics had been made {e.g. U-values), the annual energy consumption and
CO2 emission of each archetype were estimated using an energy simulation tool which

supports BREDEM-Y. More precisely, the authors adopted the domestic energy
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assessment procedure (DEAP}. Once the calculation comprised all the 100
archetypes, certain physical measures included in the UK home energy conservation
act (HECA) were applied to the estimated consumption values. Finally, the
archetypes were extrapolated in GIS to thematically visualise the energy use and
CO2 emission of Neath Port Talbot residential sector before and after physical

improvements as shown in Figure A, 3.

Data Collection @
methods Number of floors

. rrmEmmmT T | | = Glazing ratio
- * Number of chimney pots
1 Al Typology { terraced, detached, etc...)

Other geometric parameters
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Baseline model » Energy
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(BREADEM-9) Calculation
"| « Floorarea SHILS
* Facade area (DEAP)
» Postcode
1 .

Number of dwelling at postcode

» Thermal characteristics

Annual Energy 4
consumption
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* HVAC system
L o D _ * Etc..
2D thematic map of -
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P + wall and floor U-value
‘ 6 ’ improvements etc...
2D thematic map of Annual Energy
Neath Port Talbot after consumption 5
improvements after
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Figure A. 2.The energy estimation process adopted by (Jones, Lannon et al. 2001)

Heiple and Sailor {2008) followed a different strategy as shown in Figure A. 4,
although certain methodological steps such as Archetyping, simulation, and outputs’
visualisation, are common with Jones et al. {2001). The strategy includes using a
more robust and profitable secondary data collection method, more precisely national
residential energy consumption survey (RECS). Furthermore, a two steps validation
process. The first one, which occurred after the simulation of the archetypes’ energy

usage intensity (EUI), consisted of comparing (EUI) values of the archetypes and
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existing dwellings. The inputs were adjusted until the discrepancy between the values
is less than 10%. The second validation, on the other hand, encompassed the
weighting of resulting annual energy consumption values against the ones estimated

with top-down models.
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Figure A. 3.Expected energy consumption and CO2 emission of Neath Talbot residential sector before (a) and after (b)
physical measures have been applied.
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Figure A. 4.The energy estimation process adopted by Heiple and Sailor (2008)

A.1.1.1 RELIABILITY AND CONSIDERATION OF OCCUPANTS’ BEHAVIOUR
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In the light of the below Table A. 2, it is clear that energy forecasting using the
models of Jones et al. (2001) and Heiple and Sailor (2008} is time-consuming. Indeed,
this appears to be not only associated with the analvsed models but also with this

approach in general since it relies heavily on building energy simulation tools.

Table A. 2.Reliability and consideration of occupancy factors of (Jones et al. 2001; Heiple, and Sailor 2008).

Researchers  Reliability Time- Occupancy Demogr aphic Drawbacks
effectiven schedule Socioeconomic
ess Variation

(Joneset al. Highly low Not Not considered  -Archetypes
2001) guestionable acknowledged not generated
according to
socia aspects
(eg.
occupancy)

-Lack of
validation
process

-Inaccurate
data collection
methods

(Heipleand Fairly low Standard Not considered  Archetypes not

Sailor 2008) Reliable (typical) generated
according to
social  aspects
(eg.
occupancy)

-EUI values of
different
household
sizes were
assumed to be
identical

These tools, as described at an early stage, require many specific inputs which
necessitate the adoption of elaborate data collection methods such as energy audits.
Therefore, assumptions are used when these parameters are inaccessible. Another
major drawback of the approach of Jones et al. (2001) is the highly questionable
reliability of their model due to the lack of validation process, although the

researchers claimed that BREDEM-9 is a well-recognised model and does not need
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any validation. On the contrary, it is believed that it is indispensable since the overall
performance of the energy prediction model can be affected by uncertainties in the
data inputs and not necessarily by the baseline model itself. Indeed, validation is not
only crucial for the success of the developed model as claimed by (Mathews, Etzion
et al. 1997) but also it could offer information on how much occupants’ behaviour
differs from that of the typical household (Strzalka et al. 2011). Apart from the
prominence of validation, it seems that both models at most applied standard internal
gain and occupancy schedule profiles. In other words, this implies that households
living in similar typologies regardless of their socioeconomic differences consume
energy identically, which is unrealistic. This is due to the non-consideration of
occupancy factors when building archetypes, which could be in turn caused by the
limitation of these models in capturing of demographic and socio-economic variation

of households as explained by (Hausfather et al. 2010} in the following statement;

“engineering-based approaches and their limitations in capturing variations due to
demographic and socioeconomic-driven behavioural characteristics somewhat restrict

their usefulness in large-scale high-resolution analysis”.

Other researchers including Larsen and Nesbakken (2004); and Swan and Ugursal

(2009) also share similar views on this issue.

A.1.3 CrryGML BUILDING MODULE AND ITS LEVELS OF DETAIL(S)
(LOD).

LODO

It is the coarsest level of detail as buildings are visualised in function of their roof
outline (or footprint) in a 2.5D fashion (Figure A. 3). The displayed semantic
information includes, cluss, function. year of construction, type of representation, as

depicted in Figure A. 5. Although LODO is rarely employved in 3D applications, it is
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still used for other purposes such as hydraulic modelling (water bodies) and route

planning {Gréger and Plimer 2012).

b

Figure A. 5.LODO structure (Groger and Plimer 2012).

lodOFootPrint

LOD1

It is simply the extrusion of the building footprint horizontal surface in LODO into a
block. As illustrated in Figure A. 6, buildings in LODI1 can be subdivided into
different. entities while sharing the same class, function, and construction vear.
However, external buildings components such as dormers, balconies, and cantilevers,
are not accounted for. Another prominent feature in LOD1 is that terrain intersection
with buildings can be identified and displayed as a curve. Each building subpart
contains an 1D, a representation type, and a roof type. However, the roof visualisation
does not necessarily match the roof type in reality (e.g. gabled root) {Kriiger, Kolbe
2012). Therefore, it is not suitable for accurate energy consumption prediction
applications since volumes are not accurate. Furthermore, the estimation of other

parameters such as solar gain is unrealistic.

b
b : Building
finclion = residental lod1Terrain-
unction = residential ISisatia

yearOfConstruction = 1964

consistsOfBuildingPart

bp2 : BuildingPart

lod1Solid

bpl bp2
Figure A. 6.LOD1 geometric and sematic representation (Groger and Plimer 2012).
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b : Building
b function = residential

consistsOfBuildingPart

boundedBy

boundedBy

bp2 : BuildingPart
roofType = flat
lod2Solid lod2Solid |2 RoofSurface
lod3Multi- S

lod3Multi-
Surface

lod3MultiSurface Iod3Mu1tiSurface

boundedBy

bpl bp2
Figure A. 7.LOD2 geometric and sematic representation (Groger and Plimer 2012).

LOD2

The main difference between LOD1 and LOD2 is that the latter contains a rough
roof shape structure. Moreover, a thematically distinguished bounding surfaces such
as wall, roof, and ground surfaces, as shown in Figure A. 7. In addition to the above
issues, this LOD is not suitable for accurate urban energy prediction application due

to the absence of important building components such as shading devices, and

apenings.

b : Building
function = residential

consistsOfBuildingPart

boundedBy

lod1Solid

lod3Multi-
Surface

boundedBy outerBuilding-
Installation

lod3MultiSurface

d : Door

lod3Geometry
lod3MultiSurface lod3MultiSurface

su4d : gml:Surface
Figure A. 8.geometric and sematic representation of LOD3 (Gréger and Plimer 2012)
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b : Building

lod4Solid
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interiorBuilding- interiorRoom
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| r2 : Room | |ﬂ~m"ﬂ|
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I_

boundedBy
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w : Window
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lod4MultiSurface
lod4Geometry
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Figure A. 9.Geometric and sematic representation of LOD4 (Groger and Plimer 2012)

LOD3

It is achieved by adding a detailed roof structure, facades components including
openings, and outer components {dormers, balconies, etc...) to LOD2 models. Similar
to BIM, elements such as openings, dormers, and chimneys belong to the initial
object/surface they were assigned to, although can be presented with separate

attributes as demonstrated in the Figure A. 8 above.

LOD4

It complements LOD3 by considering the buildings’ interior structure. The
representation of interior elements is performed hierarchically. For example, as
illustrated in Figure A. 9, all the objects located within room 2 gpace including
interior walls, doors and windows have to be linked to that room which is in turn

connected to the main building.
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A.1.4 SEMANTIC MAPPING OF IFC AND CrTyGML LOD4 BUILDING
MODULE

There exist around 900 classes in IFC. However, the research conducted by Van Berlo
(2009) has shown that only 60-70 can be transformed to CityGML in which only 17
representing the building elements as shown in Table A. 3. Due to their importance
for urban energy planning, the following classes namely; building structure. building
space. building windows and doors, building slabs and roofs, building walls, and

building installations, will be compared across both standards; CityGML and IFC.

Table A. 3.Relevant IFC classes that can be transformed to CityGML

IFC class CityGML Type
Ifc Building Building
Building address Address
IfcWall Wallsurface/ Interior Wallsurface
IfcWindow Window
IfcDoor Door
IfcSlab RoofSurface or FloorSurface( depending on the
storey location)
| fcRoof RoofSurface
IfcColumn Column
| fcFur nishingElement BuildingFurniture
IfcFlowT er minal FlowTerminal
IfcBeam Beam
IfcSpace Room
[fcStair Stair
IfcRailing Railing
IfcAnnotation Annotation

Building structure

From analysing Figure A, 10 , it is clear that a building in IFC is clearly divided into
storevs and spaces defining them, whereas, in CityGML LOD4, it comprises rooms
where each one is encircled by boundary surfaces. In other words, CityGML building

module lacks an explicit definition of storeys unless defined by users as the
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ageregation of all building components at a given height, which makes it less
smoothly structured than IFC (Donkers, 2013). To conclude, this comparison has

shown that both standards structures are completely different from each other.

BUILDING
LOD4
|
Rooml Roomn
Bounded by |
J, \L \L l Bounded by
Wall Wall Wall Wall
surface 1 surface 2 surface 3 surface 4
Eeeeasssy eeeeess e S———
Interior Wall Wall Wall Wall

: surface 1 surface 2 surface 4 surface 3

o ! !
Opening Opening

Windowl J/
Doorl Window2

IfcBuilding

™\

RelatingObject

[IfcRelAggregates|

I RelatedObjects (Decomposes)

IfcBuildingStorey

IfcSpace

RelatingQbject (IsDecomposedBy)
RelatedObjects
[IfcRelAggregates|

Figure A. 10. Structure and geometric representation of CityGML LOD4 and IfcBuilding

Building space
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Table A. 4.semantic mapping and transformation steps from IFC to CityGML adopted from (EI-Mekawy et al., 2011).

| FC Elements

Transformation details CityGML Feature
types

IFCOpening
Element

Checking the relation IFC_RelFillsElement of ~ Window MultiSur-

| FCOpeningElement with the IFCDoor or faces

IFCWindow element: then the properties of _
IFCDoor or IFCWindow are attached to the Door MultiSurfaces
respective |FCOpeningElement.

| FCOpeningElement is converted into Door or

Window Multi Surface geometriesin CityGML

IFCSpace

|FCSpace geometry, which often isa parametric  ROOM
geometry in IFC is converted into boundary
representation geometry and trandated into a

Room feature (LoD4Solid) in CityGML.

IFCSpace

IFCSpace is converted into multi Surfaces. FloorSurface

Based on the height and relative altitude of CeilingSurface

| FCSpace the decision about each surfaceis InteriorWall Surface
taken, whether it isa CeilingSurface or a

FloorSurface. If the height is between specific

thresholds, then it istagged as

InteriorWall Surface. Furthermore, Window and

Door surfaces are deducted from

InteriorWall Surfaces.

IFCwall

IFC-Wall is converted into multisuifaces. The Wall-Surfaces
multiswfaces are trand ated to Wati Surfacesin

CitvGML, which represent the exterior shell of

the building and have no connection to the

Room feature type

IFCStairs
|FCBeam
IFCColumn

The IFCSairs, IFCBeam, and IFCColumn, are IntBuildinglnstallation
trand ated into multisurface boundary

geometries in CityGML Moreover, IFC

elements, which are within a specific room are

transformed into IntBuildinglnstallation,




366 Appendix

ExteriorObject (Building) -2

IfcSpace : >

= RelatingSpace (BoundedBy)
i

i
| [ifcRelSpaceBoundary |

RelatedBuildingElement

IfcWall / InteriorWallsurface |

Figure A. 11.Building space definition in IFC and CityGML

Room (space
surrounded by surfaces)

Since IfcSpace is linked to IfcBuildingStorey, it does not only define areas but also
volumes bounded by related building elements (lfcSpaceBoundary). This comprises
both building rooms and circulation areas. Although CityGML Rooms does have the
game concept as IfcSpace, CityGML rooms are surrounded by bounding surfaces
instead of solid elements as illustrated in Figure A. 11 and Table A. 4. Furthermore,
CityGML rooms are usually represented as a GML Solid or multisurface, whereas in
[feSpace, it is a combination of Constructive solid geometry (CSV), sweeping, and
infrequently Brep {bounding representation). For these reasons, the conversion of
IfcSpace to CityGML room is achieved by means of Brep geometry model
transformation of IfcSpace (Khan, Donaubauer et al. 2014). It should be also noted
that is possible to derive floorSurface/ CeillingSurface/ and InteriorWallSurface from
IfcSpace through its conversion to multisurface involving users’ judgement with

regards the nature of elements {e.g. roof or ceiling).

Doors and windows

In CityGML, windows and doors are sub-classes of the Opening class (Figure A. 13).
This does also apply to IfcWindows and IfcDoors which are both linked to
IfcOpeningElement as shown in Figure A. 12. The role of this latter is to

geometrically and semantically describe openings (Donkers 2013). However, the
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mechanism that defines doors and windows across both standards is slightly different.
For example, a two-step process is emploved to create IfcWindow or IfcDoor in
IFCBuilding model as depicted in Figure A. 12. First, by generating an
IfcOpeningElement through creating a voiding element {IfcRelVoidsElement) in the
IfcWall. Secondly, by using IfcDoor or IfcWindow to fill the voiding element. On the
other hand, the generation of CityGML doors or windows is achieved through a
combination of surfaces such as Exterior /InteriorWallSurface, GoundSurface or
FloorSurface (Figure A. 13). The conversion of IfcDoor/IfcWindow to CityGML
Door/ window is achieved following the subsequent steps. To begin with, the
relationship between IFCRellFills and IfcDoor/ IfeWindow is first investigated.
Afterwards, the characteristics of IfcDoor / IfcWindow are embedded in
IfcOpeningElement. Finally, this latter will be converted into multisurface door or

window (El-Mekawy et al., 2011}.

IfcRelContained
InSpatialElement

|

)

IfcWallStandardCase

Ichoor/Ichindow‘I

IfcRefillsElement

IfcRelVoidsElement

IfcOpeningElement

o

@Cmﬁol of void in the wall @E]llngthevnidwlthdmrnrwlmhw

Figure A. 12.Doors and windows in IFC
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GML: Opening
(Window)

GML: WallSurface GML: Wallsurface

Figure A. 13.Door and windows in CityGML

Slabs and roofs

year_solar_potential_kwh |
8030.511
61911432
5010.1632
15196.4593
11763,9904
6033.5424
31229,8074
32956,7502
9349.0812
31729,3746
30854.6612
5307.0336

Figure A. 14.Roof and slabs in IFC and CityGML

Any roof or slab, including its components in IFC, is represented as one solid object

as IfcRoof or IfcSlab, respectively. On the other hand, in CityGML, each one is
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composed of two surfaces only without considering other components (e.g. roof
structure). For example, in the case of a CityGML Slab, its upper surface is
considered as FloorSurface for the upper building level, whereas its lower one
represents a CeillingSurface or GroundSurface for the lower level as shown in Figure
A. 14. As for CityGML Roof, the upper surface is a RoofSurface, whereas the lower

one is a ceiling surface for the below storey.

Walls

Like slabs and roofs, a wall in IFC (IfcWall) is geometrically represented by its
volume as a solid object which also embodies all its constituting elements and
characteristics including material{s), dimensions, colour, thermal characteristics and
others. However, this is different in CityGML as a wall is delineated by only its
visible surfaces: GML: InteriorWallSurface and GML: WallSurface as depicted in

Figure A. 15.

Figure A. 15.Walls representation in IFC(left) and CityGML(right)
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Part 11

METHODOLOGY APPENDIX
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A.2.1 THE EMBEDDED DESIGN

This design depends on integrating both guantitative and qualitative data. However,
one dataset has a secondary role ag it would serve as a support to the other dataset
which has a primary role in the study, as depicted in Figure A. 16. This design is
used when one dataset is insufficient to answer the research question, or when there
are different research questions to be answered in which each one requires different
data types (Lieberman, 2005). An example of this research design includes
experiment research, where the investigator encompasses qualitative data (e.g. from
focus groups) to analyse the process of intervention, develop a treatment, or to act
upon the experiment results. However, despite the potential of this design in terms
of being less time-consuming and more logistically manageable especially by graduate
students (Creswell, 2013), it is prone to the flowing issues. First, it is very challenging
to integrate results when different research questions are present in the study. Indeed,
this could lead to not addressing certain research questions adeguately given the
imbalanced integration of research methodologies. Secondly, this design requires very
careful planning as the researcher has to decide on the primary/ secondary nature of
the collected data, their purpose, and timing while considering that one data

complements the other {Johnson et al., 2007}.

Quantitative Qualitative
data
— Interpret data Interpret
Qualitative results Quantitative results
data data

Figure A. 16.Mixed-methods embedded design, (Creswell, 2013).

A.2.2 THE EXPLANATORY DESIGN
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It is a dual-phase mixed methods design in which qualitative methodology serve as
interpretative mean to existing quantitative results (Figure A. 17) (Creswell, 2013)}.
Instances where this design in encompassed include; adopting qualitative data to
explain results’ significance or even surprising outcomes {Morse, 2003); supporting a
purposeful sampling of groups or participants based on quantitative outcomes before
proceeding to qualitative research in the second phase (Tashakkori and Teddlie,
2010). The main advantage of such design lies in straightforwardness of
implementation as the investigator has the ability to carry out two separate
investigations with different methods and gather one type of data individually.
Subsequently, this will provide a clear delineation for the reader since the writing
process of the final report is pretty straightforward. Another benefit is that it lends
itself to other research designs including single mixed-methods and multi-levels
inquiry, which will be addressed subsequently {Creswell and Clark, 2007). However,
despite those benefits, this design requires a lot of time, especially for novice
researchers who are not aware that qualitative phase takes more time than the
quantitative one (Creswell, 2013). In addition to that, one major disadvantage of
explanatory designs is their paucity of any specification about sampling in the
qualitative phase because this primarily depends on the quantitative phase (Creswell
and Clark, 2007}. This hinders its approval by institutional review boards. For those

reasons, the explanatory research design is excluded from this study.

Quantitative 3 Qualitative — Interpret
data data /

results

Figure A. 17.The Mixed-methods explanatory design, (Creswell, 2013).

A.2.3 THE EXPLORATORY DESIGN
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QUAIItALIVE | ey Quantitative Interpret
data data results

Figure A. 18.The Mixed-methods exploratory design, (Creswell, 2013).

Like the explanatory design, the exploratory one is also a dual-phase research design.
However, the only difference is that the second research method (quantitative), is
informed by the outcomes of the first method (qualitative) (Greene et al., 1989}, as
depicted in Figure A. 18. It is implemented when there is a lack of instruments or
measures, uncertainty about the nature of the emploved variables, or there is a
paucity of clear guiding theories or frameworks on the subject. Moreover, due to the
fact that an enquiry using this design begins qualitatively, it is adequate for exploring
phenomena {Creswell et al., 2003). Another advantage of this design is that it could
serve as a generalisation tool for the qualitative results in order to cover the wider
population. In addition to that, it is also possible to evaluate various aspects of
emerging concepts or categorisations as well as measuring a phenomenon prevalence
after having explored it in depth {Morse, 2003; Morgan, 1998}. Exploratory design
shares many advantages and limitations with the explanatory one. Amongst these
benefits, is the straightforwardness of preparing, implementing, and interpreting the
research design as well as findings. Similarly, exploratory designs can be easily
adapted in multi-level research studies {Creswell and Clark, 2007}, On the other
hand, besides being a time-consuming approach, it can be rejected by institutional
review boards due to the lack of specification of the qualitative phase procedures.

Therefore, the exploratory design is not considered relevant to this study.

A.2.4 THE TRIANGULATION DESIGN

Triangulation is considered the most common and well-documented mixed-methods
research design with a solid theoretical foundation {Creswell et al., 2003). Its main

goal is to acquire different, vet complementary, types of data on the subject for better
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addressing the research questions (Morse, 2003). In this way, the strengths of
quantitative methodology (e.g. large sampling, generalisation, ability to deal with
trends) are merged with the ones of the qualitative methodology {e.g. in-depth and
details) to eliminate their weaknesses. It is employed in situations where the
investigator intends to compare and contrast quantitative with qualitative findings.
Furthermore, it is adequate when the main aim is to validate or further develop
quantitative outcomes with qualitative data {Patton, 1990). Another advantage of
the triangulation design is its flexibility since it is possible to collect and analyse each
data type independently. For those reasons, it is regarded suitable for the undertaken
research. However, the triangulation research design umbrella comprises four
different variations namely: the convergence model, transformation model, the
validating quantitative data model, and finally the multi-level model {Creswell,
2013). Based on that, the suitability of these models in the current study will be

discussed.

A- The convergence model

QUAN QUAN

Data % Data %
Collection |_Analysis_

| Interpretation
QUAN + QUAL
QUAL QUAL

Data % Data % Results

Collection Analysis ’

Figure A. 19.The convergence model (Tashakkori and Teddlie, 2010)

The convergence model, which depicts the traditional triangulation model, is based
on collecting qualitative and quantitative data individually before converging their
outcomes in the interpretation phase (Figure A. 19) for comparison or validation
purposes. In this way, it is possible to attain well-substantiated and valid conclusions
about the studied subject {Anderson et al., 1999}. However, the main problem is that

it is very challenging to converge two different types of data and outcomes
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meaningfully. Thus, the researcher has to utilise quantitative and qualitative data to
address the same research aspects. Furthermore, has to consider the implications of
different sampling methods and sample sizes. After analyvsing the abave facts, it is

clear that the convergence model is not seen relevant to this research.

B-The transformation model

QUAN
Data —- QUAN data analysis
Collection Compare & -
I Interpretation
Interrelate —P
| QUAN + QUAL
Two QUAN data sets
QUAL QUAL Transform
& » QUAL into
Data Data quan data
Collection | Analysis |

Figure A. 20.The transformation model (Tashakkori and Teddlie, 2010)

Like the convergence model, the transformative one also involves separate data
collection procedures and analysis to quantitative and qualitative data (Figure A.
20). However, certain transformation procedures are applied to one data type (either
qualitative or quantitative) after performing an initial analysis (Teddlie and
Tashakkori, 2003). The aim of this transformation is to facilitate the comparison and
interpretation of both datasets. A good example of a research adopting the
transformative model is the work of Pagano et al. (2003}, where qualitative data were
emploved to derive qualitative themes. Afterwards, these qualitative data were
transformed into quantitative by coding the developed themes dichotomously, where
1 present and 0 not-present. This, in turn, enabled the researchers to apply some
statistical procedures such as binary logistic regression and correlation analysis to
identify possible associations between different themes as well as gender. However,
the disadvantage of this approach is that it requires skilled investigators, since an

awareness of different data transformation instruments prior to conducting the
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research, represents a necessity (Creswell, 2013). Considering the above facts, the
transformation model is not adequate for the current research since the majority of
envisaged qualitative data arise from participants’ feedback on visual and functional
aspects of the developed urban energy model, which would not be transformed into

quantitative data.

C-The validating quantitative data model

' QUAN data UAN : .
Q QUAN
Collection: —=
—- D
. Results
Survey Analysis
\ Validate Interpretation
QUAN results |f===l
with qual QUAN + QUAL
/ results
Qual data i . .
Collection: Cual Qual
Open ended I data Results
Survey items Anayste

Figure A. 21.The validating quantitative (Tashakkori and Teddlie, 2010)

This model is used when the investigator intends to validate or expand on survey
findings (quantitative} by the introduction of some open-ended questions, as shown
in Figure A. 21. For those reasons, both data types are collected simultaneously when
the survey is conducted {Creswell and Clark, 2007). For example, in their study of
mass casualty incidents’ psychological effect on forensic odonatologists, Webb et al..

(2002) incorporated open-ended questions with their survey measures.
D-The multi-level model

In this model, the research implementation process is divided into different
complementary manageable phases in which each level uses a particular methodology
and methods for data collection and analysis. Once an initial analysis is performed,
outcomes from each level will be combined together as one unit in order to he

interpreted (Figure A. 22), which provides a lot of flexibility and control (Teddlie
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and Tashakkori, 2003). The advantage of this design lies in the possibility of
combining sequential design (exploratory and explanatory) and also embedded
models, as addressed previously (Tashakkori and Teddlie, 2010). Therefore, it is very
common for multi-year projects {e.g. PhD research) and large funded projects. Due
to the fact that the undertaken research comprises complementary objectives and
different tvpes of research questions, it is more practical to divide the whaole practical
implementation process into different phases. Therefore, the multi-level model is seen

as the most adequate triangulation design model for this study.

Level 1:
QUAN

Overall

Interpretation

Level 3:

QUAN

Data collection, analysis, results

Figure A. 22.The multilevel model (Tashakkori and Teddlie, 2010)



378 Appendix

Part 111

CHAPTERS 5 AND 8 APPENDIX




_379 Appendix

A.3.1 . DATA PREPARATION AND SCREENING

Based on analysing key publications on panel data preparation and analysis including
(Longhi and Nandi, 2014); Arellano, 2003), the below data preparation procedures

have been performed;

A-Data merging, reshaping, and case filtering

‘ ‘Wave identifier

a goa]t.sav —  Kin and other relationships between the household members

\3 ahhresp.sav — All information on the household

\‘e ahhs amp sav Fieldwork control, interview outcome and weighting
: information

\‘a aincome.sav —| Income and payment data

\‘a aindal].sav —_— Demographic enumeration grid information

\‘a aind resp.sav — All information on the household members

\3 Spell employment status, dates of start and finish, job

gjobhist.sav —|

characteristics

Figure A. 23.common BHPS wave's folder structure

As discussed in chapter 4, the downloaded BHPS dataset entails 18 folders in which
each one represents a wave. Figure A. 23 above represents the common files included
in each folder in which the first letter of each file represents the wave identifier. For
instance, acgoalt file encompasses the nature of relationships between the household’s
individuals in wavel. However, only the Afiresp files are considered in this research
since they contain all socio-economic, demographic, and other information related to
the household. On the other hand, indresp files were excluded because the analysis
of each individual from the household is complex and beyond the scope of the

undertaken research.

Based on the household unique identifier and the wave vear {e.g.1991), all the hhresp

files, except wave 6 which lacks energy expenditure variables, were merged into one
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file using SPSS. After that, with the help of case selection/filtering feature in SPSS,

only households who were single non-elderly in 1991 (wavel) were left in the dataset,
as shown in Figure A. 24. This resulted in initial number of 599 households making
in it a total sample size of 6700 households across 17 vears after deleting the ones

with all bills included.

In order to permit the dataset analysis, the dataset was reshaped from a wide to a
long format. It is possible to arrange panel data using the restructuring data option
in SPSS. First, in the wide format, each subject is represented by only one row while
each response by one column. For example, if the annual income of householder was
observed in function of employment mode over 18 years, there will be only one row
for this household. However, there will be 18 columns for income (income 1991,
income 1992...., income 2008) and the same for the corresponding employment mode
(Figure A. 23}. On the other hand. in long format, multiple rows are employed to
represent each subject while a new column for time variable will be added. This
implies that each row depicts a subject. at a given time as illustrated in Figure A. 25.
Since most of statistical software packages, including Stata, handle panel data
analysis only in the long-format, the BHPS data will reshaped from wide to long after

being merged.

1R Select Cases: If «

& Cross-wave person... %

HTYPE_6 = 1 & WAVE = 1991]|- Select only households
& Year of Wave [WAVE] who were single non-
& Sex [SEX]

& AGE.1991: Age atD... Function group:

t

& Age groups [Age g.. All =
GS MASTAT.1891. Mari... égr;:r;elt\zincentral CDF I
@b HOH.1991: Convent... Conversion

& Total annual benefit ... Current Date/Time

& Sqroot of total benef... Date Arithmetic ||
& FIYR 1991 Annual i Date Creation E

& sqroot FIYR.1991: S_..
& HHSIZE 1991: Curr .
& NKIDS.1991: Numb..
&> Dependent_children_..
& HHTYPE_NEW 199
& HHTYPE_NEW _sin...
& HHTYPE_NEW co._.
&5 HHTYPE_NEW co...
& HHTYPE_NEW _lon...

Eunctions and Special Variables:

[l

[gontinue][ Cancel M Help }

Figure A. 24.case filtering feature in SPSS
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1991

ID Variablel. | Variable Variablel. | Variable
1991 n.1991 1992 n.1992

1

1 1992
2 1991
2 1992
3

3

1991
1992

Figure A. 25.The principle of reshaping panel data structure from wide to long format using SPSS

B-Transforming energy expenditure to quantities

0.12000-

0.10000+

0.08000]

0.06000-

0.040007

Mean Domestic Electricity price per KWih

0.02000+

0.00000 T T T T T T T T T T T T T T T T T
1991 1992 1993 1994 1995 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008

Year of Wave

Figure A. 26.The UK average domestic electricity price per unit (KWh) in pounds from 1991 to 2008.

As addressed in chapter 3, fuel price has a significant effect on residential energy
congsumption patterns known as price elasticities. From this perspective and hased

on the fact that domestic gas and electricity prices in the UK variated significantly
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from 1991 to 2008, as shown in Figure A. 26 and Figure A. 27, their impact on the
households’ energy consumption will be isolated. This is achieved by converting
energy expenditure variables to energy quantities through the following steps. First,
from the premise that the first five waves encompass monthly energy expenditure
and the rest are annual expenses, all the figures across the 17 waves were unified into
the annual format. After that, UK official inflation indices for gas and electricity,
retail price index RPI more precisely, were emploved to derive the KWh unit prices
and daily standing charges from 1991 to 2008 (DECC, 2015d). Finally, to get the
yearly KWh energy consumption, the annual standing charge for each vear was
subtracted from the annual energy expenditure and the result was divided by the

kwh price of the corresponding year.

5.00

5009

4,004

gaskwh

3.009

2,00

1.00 T T T T T T
199000 1995.00 2000.00 2005.00 201000 2015.00

year

Figure A. 27.The UK average domestic gas prices per unit (KWh) in pence from 1991 to 2015

C-Exclusion of households with bills included

Since one objective of this research is to investigate the variation in residential energy

consumption, around 700 households with utility bills included in the rent could have
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a negative impact. on the interpretation of the results. Therefore, we have decided to

exclude them from the analysis.

Apart from the above issue, another problem, which consisted of non-logical annual
energy expenditure figures such as 20 pounds per yvear, has been encountered. Based
on the official report generated by BRE {2013) which suggested that the minimum
annual electricity energy consumption figure in their sample of 1345 households was
400 KWh, any annual consumption value below 400 was removed and predicted using
multiple imputation techniques. As for gas energyv consumption, it was noticed that
the majority of non-logical values were given by households who do not possess gas
central heating but use gas instead for cooking purposes. Therefore, based on the UK
energy demand breakdown chart (Figure A. 28) published by DECC (2012} which
suggested that cooking represents 4% of the total energy usage, any value less than
4% (550 KWh) of the average household gas energy consumption (13800 KWh) will

be not considered.

m| Space Heating

mWater Heating

m Space Cooling

m Computers and
Electronics

M Lighting

m Other

m Cooking

u Refrigeration

UK domestic energy demand breakdown
Figure A. 28.UK domestic energy demand breakdown (DECC, 2012b).
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D-Recoding variables

#2 Value Labels x 8 Value Labels x

Value Labels Value Labels
Value: l:l Spelling... Value: l:l Spelling...
Label- ‘ | Label- ‘ |

-9 = "Missing" 1 = "Single Non Elderly"

1 ="Single Non-Elderly" 2 ="Single Elderly"

2 ="Single Elderly" 3 ="Couple No children”

3 ="Couple No Children" 4 ="Couple with children"

4 ="Couple: dep children" 5="Lone parent"

% = "Couple: non-dep children" 6 = "Other households"

& = "Lone par: dep children”

T ="Lone par: non-dep children"
8 = "2+ Unrelated adults"

9 = "Other Households"

Figure A. 29.the categorical variable household type before and after being recoded

Table A. 5.The frequency table of the variable household type in the BHPS dataset

Household Type

Frequency | Percent | Valid Percent Cumulative
Per cent

Vaid Single Non-Elderly 3767 52.5 52.5 52.5
Single Elderly 1136 15.8 15.8 68.3
Couple No Children 1021 14.2 14.2 825
Couple: dep children 820 114 114 93.9
Couple: non-dep children 114 16 16 95.5
Lone par: dep children 87 12 12 96.7
Lone par: non-dep children 111 15 15 98.3
2+ Unrelated adults 85 12 12 99.5
Other Households 38 5 5 100.0
Tota 7179 100.0 100.0

Owing to the fact that categorical variables with many groups can inflate the
dimension of the analysed dataset {Shmueli et al., 2016}, the number of categories in
the household type variable has been collapsed from 9 to 6 categories, as shown in
Figure A. 2%. This was achieved based on the frequency table of this variable (Table
A. 3). In other words, groups with a very low frequency such as +2 unrelated adults

(1.2%) and other households (0.5%), were combined in one category (other).
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Conversely, children dependency was isolated as a standalone variable while
combining couple dep children and non-dependent children in one category. The same
applies to lone parents with and without dependent children. Following the recording
of the dependent variable, it was transformed into a dichotomous variable using SPSS
to enable further analysis. Similarly, age and income variables were recoded into
categorical variables using SPSS to explore their interaction with other categorical

variables using cross-tabulation.
E-Transformation and cleaning of expenditure variables

As expected, the inspection of expenditure variables histograms suggested a non-
normal distribution. For example, as illustrated in Figure A. 30, it is clear that the
original household total annual income is negatively (right} skewed with a long left
tail. This can be problematic since a large number of parametric statistical tests such
as T-test, ANOVA, and regressions, assume the normality of variables. Therefore,
not improving the normality of such variables implies violating this assumption and
leads to misleading or erroneous results. However, since there are plenty of existing
data transformation techniques, choosing the right transformation method is crucial
to successful data analysis. McDonald (2009} advised on the use of the most frequent
transformation in the studied field. Osborne (2010} suggests that square root, log,
and inverse transformations are the most frequent in most fields including social
sciences. Furthermore, argued their use should be gradually depending on the
skewness and keratosis of the variable. For example, for variables with minor
skewness, a square root transformation is more appropriate, whereas logarithmic or
inverse transformations are adequate for the ones with extreme skewness. For
example, logl0 transformation has been applied to normalise the annual household
total annual income as depicted in Figure A. 31 and Figure A. 32. Conversely, square
root transformation was applied to normalise the household annual gas expenditure

variable (Figure A. 33, Figure A. 34, and Figure A. 35).
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Figure A. 30.the histogram of annual household income before normalisation

Once the variables have been transformed, outliers will be first inspected for with the
help of Box-and-whisker plots. The box-and-whisker plot employs the interquartile
range, which is the difference between the upper and lower quartiles, as a dispersion
measure. This, in turn, helps flag potential outliers in the dataset. However, visual
inspection on its own is not enough. For those reasons, Hoaglin et al.(1986) labelling
rule will be emploved to accurately and objectively delete outliers. If any variable
value exceeds the upper quartile plus the interquartile range times 1.5, it is an outlier
as illustrated in (Equation A. 1). Similarly, if a value is less than the lower quartile

minus the interquartile range times 1.5, it is an outlier ((Equation A. 2)}.

Fy +1.5(Fy; — F) (Equation A. 1)

F, —15(F; — F,) (Equation A. 2)

An example of cleaning outliers is presented in Figure A. 36 and Figure A. 37 which
show the box and whisker plots of log 10 household annual electricity consumption

variable before and after deleting outliers, respectively.
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Figure A. 31.The histogram of annual household income after normalisation using log 10
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Figure A. 32.The Q-Q plot of the variable log 10 annual household total income
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Figure A. 33.The variable household annual gas consumption before normalisation

300

2004 / ] ‘L\

Frequency
|
|
b“—

1007 ? AT

I 1 1
0o 50,00 100.00 150.00 200.00 25000

Square root of household annual gas consumption

Figure A. 34.The variable household annual gas consumption before normalisation using square root
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Figure A. 35.The Q-Q plot of the variable square root of annual gas consumption
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Figure A. 36.Whisker and box plot of the variable log 10 household annual electricity consumption before cleaning
outliers
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Figure A. 37.Whisker and box plot of the variable log 10 household annual electricity consumption before cleaning
outliers

F-The handling of missing data

M Complete Data
0 Incomplete Data

Variables Cases Values

Figure A. 38.The Overall summary of missing data in the BHPS database.

Figure A. 38 suminarises the percentage of missing data in the BHPS database.
Overall, it is evident that 61.54% of the variables and 17% of the cases have missing
values. However, since the percentage of missing data in the total values is 2.77 %,
which is less than 10%, this proportion of missing data can be tolerated according to

Bennett (2001). Nevertheless, the missing values were predicted using multiple
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imputations method initiated by Rubin (2004}. Furthermore, results with imputed

and non-imputed will be compared.

A 3.2 CHARACTERISTICS OF SINGLE NON-ELDERLY HOUSEHOLDS IN THE
BHPS DATASET IN 1991

CMale
CFemale

Figure A. 39.The proportion of males and females in the BHPS dataset
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Figure A. 40.The marital status distribution of the participants
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Figure A. 41.Age distribution of the BHPS respondents

Before addressing the different factors that contributed to the transitions of single
non-elderly households from 1991 to 2009, it is necessary to gain insight into their
initial characteristics in the year 1991. This will help to enhance the interpretation
of study results. Moreover, enable the study of single non-elderly occurring transition
patterns over this period in a meaningful way. Based on that, the below sub-section
aims to analyse the socio-economic and demographic characteristics of this household

type over this period.
A-Gender, age, and marital status

Figure A. 39 and Figure A. 41 represent the gender and age distribution of single
non-elderly households in wave 1 (vear 1991), respectively. On the other hand, Figure
A. 40 depicts their marital status. Overall, it is clear that the proportion of males
(56.93%) was slightly higher than the one of females (43.07%). Furthermore, it is

evident that approximately 58% of them were never married and mostly aged
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between 26 and 43. On the other hand, the minority were married or cohabiting

couples (roughly 1%) and aged between 16-25 (13.90%).

As shown in Figure A. 40, the high proportion of never-married households (58.43%),
of which 62% are males and 37.8% females, suggests possible future transitions to
other family types including couples without children. Indeed, a recent government
report indicated that over 67% of marriages in the UK and Wales were first marriages
for both partners at an average age of 35.5 vears (ONS, 2013e). Moreover, reported
a 2.4% increase in the proportion of cohabiting couples from never-married single

non-elderly over the last 10 vears (ONS, 2015e}.

Similarly, around 34% of households who were divorced (26.54% ), separated (8.35%),
and widowed (5.68%), are more likely to become lone parents according to a recent
official report on lone parents with dependent children in the UK {ONS, 2015¢).
However, their transition to a couple with or without children is also possible. This
is owing to the fact that remarriage accounts for around 15% of all marriages in the

UK (ONS, 2013e).

In the light of the above analysis, it is clear that a considerable proportion of the
studied single non-elderly household is expected to make transitions to other

household types over this period.
B-Income and electricity consumption

Figure A. 42 represents the income distribution of single non-elderly households in
yvear 1991, whereas Figure A. 43 shows their annual electricity consumption in
function of different income bands. Generally speaking, it is clear that approximately
88% of the household earned between 0-£20k yearly, whereas the rest are paid over
£20k. As for their annual electricity, it is evident that the majority of them consumed
between 1000-4000 KWh, despite the nearly equal distribution of all energy

consumption figures across all income bands.
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For example, for households earning less than £10000 a year, 22.8% consumed 1000-
2000KWh, 26.69 used between 2000-3000KWh, and 18.9% had 3000-4000KWh
(Table A. 6}. Moreover, a considerable proportion of around 28% consumed more

than 4000KWh in comparison to only 3.5% for less than 1000 KWh.

Similarly, households with a yearly income ranging between £ 10000-20000 had
similar figures to the ones earning less than £10000. For instance, 29.3% consumed
1000-2000KWh, whereas, 24.7% used between 2000-3000KWh. 19.5% consumed
between 3000 and 4000KWh. On the other hand, the proportion of households using

more than 4000KWh vearly was lower by roughly 8%.

In conclusion, the income distribution of single non-elderly households in addition to
the roughly equal distribution of electricity consumption groups across their income

bands, suggests that income has no or little effect on electricity usage patterns.
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309
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52.26%

204
36.01%

104

8.88%

0 166% | iz i |

I 1 I I T I
lessthan  10000-20000£ 20000-30000% 30000-40000% 40000-500008  more than
100008 50000%

Figure A. 42.household income distribution in year 1991
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less than  10000-20000 20000-30000 30000-40000 40000-30000 more than
10000£ £ £ S0000£

Figure A. 43.Households annual electricity consumption by income band

[ 1000-2000 Kk
[] 2000-3000 Kwh
M 3000-4000 KWh
[]4000-5000 Kk
[ More than 5000 KW

Table A. 6.households’ yearly electricity consumption in function of their income bands (year 1991)

annual household electricity consumption

4000-
Less than 1000- 2000- 3000- 5000 More than
1000 KWh | 2000 KWh | 3000 KWh | 4000 KWh KWh 5000 KWh
less than 10000£
3.5% 22.8% 26.6% 18.9% 10.6% 17.6%
10000-20000 £
6.5% 29.3% 24.7% 19.5% 5.1% 14.9%
20000-30000£
3.8% 32.1% 17.0% 26.4% 7.5% 13.2%
30000-40000£
0.0% 50.0% 0.0% 30.0% 0.0% 20.0%
40000-50000£
0.0% 0.0% 0.0% 0.0% 100.0% 0.0%
more than 50000£
33.3% 16.7% 16.7% 16.7% 0.0% 16.7%
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C-Income and gas consumption
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Figure A. 44..Households annual gas consumption by income band
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Figure A. 45.The household annual gas consumption by the type of main heating fuel
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Figure A. 44 illustrates a bar graph representing single non-elderly annual gas
consumption by income band. Overall, it is evident that the majority of the
households, excluding the ones with all bills inclusive, consumed less than S000KWh
annually. This was followed by the subsequent annual consumption figure’s; more
than 25000KWh, 5000-10000KWh, 10000-15000KWh, 20000-25000KWh, and 15000-
20000KWh, correspondingly.

The high percentage of households using less than 5000 KWh could be attributed to
the emploved central heating fuel type. Indeed, from analysing the Figure A. 45
below, which depicts the distribution of gas consumption bands by central heating
fuel type, it is clear that the majority of those consumers emploved electricity as
their main heating fuel. Conversely, the majority of single non-elderly who consumed

more than 25000 KWh per vear had gas central heating.

At first glance, it could be argued that income should have an impact on these
households’ gas consumption patterns given their low-income figures. However,
considering that the households who consumed more than 23000 KWh annually were

mostly earning less than £10k, income is not expected to have a major impact.
D-Socio-economic status and level of education

Figure A. 46 depicts the level of education of the studied single non-elderly
households in wave 1. On the other hand, Table A. 7 outlines their education levels
in function of their Goldthorpe socio-economic profile. In general, the proportion of
households with no formal or other qualifications formed the majority with 33.17%,
whereas the ones with a higher education degree represented the minority (2.18%).
As for their socio-economic status, the proportion of unemploved households was the
highest by 27.68% followed by service class lower-grade professionals (21.64%),
higher-grade professionals (15.6%), and semi/unskilled manunal workers (7.72%).

Conversely, agriculture workers, farmers/smallholders, small proprietors with
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emplovees, and personal service workers, were the least frequent socio-economic

profiles with 1.01%, 0.5%, 1.17%, and 2.35%, respectively.

As illustrated in Table A. 7, 51.5% of those with other or no formal qualifications
were unemployved, whereas 17.2% were semi or unskilled manual workers. The
remaining 31.3% were almost equally divided across different socio-economic status

such as foreman technicians.

As for households with a higher education degree, 92.3% of them belonged to service
class higher and lower grade. 80% of households with a first degree and 73% of those

possessing HND/HNC/teaching qualification.

For households with A-level and O-level qualifications, 22.4% and 15.9% were on
unemployment. Moreover, 48.3% of households with A-level were service class lower
and higher grade professionals in comparison to 36.7% for the ones with O-level

qualifications.

On the other hand, households with a certificate of secondary education were more
gravitated towards manual work since 20.8% and 16.7% of them belonged to

semi/unskilled and skilled manual worker classes, correspondingly.
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Figure A. 46. The distribution of education level among the BHPS single non-elderly households
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Figure A. 47. The distribution of single non-elderly BHPS households by socio-economic class

Table A. 7.outlines the households’ education levels in function of their Goldthorpe socio-economic profile

Goldthorpe Socia Class: present job
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E-Dwelling and tenure characteristics

Duwelling type and size

Figure A. 47 and Figure A. 48 provide an overview on the distribution of the studied
households over different dwelling types and sizes, respectively. Generally speaking,
it is clear that approximately 40% of single non-elderly households dwelled in flats.
On the other hand, only 7.22% and 6.19% lived in end-terraced houses and other
accommodation tvpes, correspondingly. As for the dwelling size, the majority
(27.81%) staved in 3 bedroom dwellings. This is followed by households living in 2

bedrooms (24.79%), 4 bedrooms (21.94%), 5 bedrooms (11.89%), and finally 1

hedroom (7.54%:}.
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Figure A. 48. The distribution of BHPS households dwelling types
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W1 bedroom

B 2 bedrooms

[ 3 bedrooms

M 4 bedrooms

[J5 beddrooms

W more than 5 bedrooms

Figure A. 49.The dwelling size of the studied BHPS households

Tenure mode

Figure x is a pie chart of housing tenure pertaining to the observed single non-elderly
households. Overall, it is evident that the percentage of households who own their
accommodation with mortgage was the highest by 43.29%. Conversely, the
proportion of those who rented from employers or on other tenure modes represented

the minority by 2.45% and (.34%, correspondingly.

As illustrated in table 1, 75% of households who owned their properties with
mortgage preferred to dwell in terraced houses, purpose built flats, and semi-detached
houses. However, converted flats and end-terraced houses were the least favoured as
their percentages were 7.8% and 8.6%, respectively. Similarly, households who owned
their properties outright had similar preferences except that the percentage of living
in detached dwellings was higher by roughly 16%. Moreover, lower by approximately

10 % for purpose built flats.
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On the other hand, 597 % of households living in local authority rented
accommodations dwelled in purpose built-flats/maisonette while 11.8% lived semi-
detached houses. Likewise, Households who rented their properties from housing
associations had roughly similar figures except the percentage for other
accommodations was higher by almost 35%. This could be due to the fact that around
31% of the studied households were from the regions with high urban density such

as south-east and greater London (UKGOV, 2016}.

Finally, purpose built /converted flats and terraced houses seems to be the favourite
dwelling types of 67.6% of households who privately rented their properties. This
could be attributed to the fact that these dwelling types are the most energy efficient
due to their low floor area or/ and good insulation according to the English housing

survey {(ONS, 2015¢).

STENURE.1991: Simplified tenure

B owned outright

B owned with mortgage
OLocal authority rented

= Housing association rented
[ Rented from employer

Rented from private
O Landlord

[ Other rented

Figure A. 50. The distribution of the studied BHPS households by dwelling tenure
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Table A. 8. Highlights the BHPS household tenure modes in function of their dwelling types

HSTYPE NEW.1991: Simplified dwelling type
o
m & 0
= | E. | 2 | @ | 2% |52
= o+ = 3 3
2 & %’ = B z 8 2 2 0
8 g3 8 8 gg [ 88 | =
g 3 .‘% & = 3= 3 = Q
S o - —h = 8
a3 g 3 = g @
o s c ()
2 8 e) 9
Owned outright
27.0% 27.0% 9.5% 17.5% 14.3% 0.0%| 4.8%
Owned with mortgage 11.7% 21.9% 8.6% 25.4% 24.2% 7.8%| 0.4%
Local authority rented 3.4% 11.8% 10.1% 9.2% 59.7% 4.2%| 1.7%
Housing association rented 0.0% 4.5% 0.0% 4.5% 45.5% 9.1%| 36.4%
Rented from employer 14.3% 35.7% 0.0% 0.0% 7.1% 7.1% | 35.7%
Rented from private
4.8% 9.5% 1.9% 20.0% 19.0% 28.6% | 16.2%
Landlord

A.3.3 SOCIO-ECONOMIC AND DEMOGRAPHIC FACTORS AFFECTING
HOUSEHOLD TRANSITIONS

A.3.3.1 'TRANSITION TO SINGCLE NON-ELDERLY HOUSEHOLDS

This section aims to analyse in detail the logistic regression models representing the
transitions to single non-elderly households in the next 3, 4, 6, 7, 8, and 9 vears.
These models are illustrated in Table A. 9, Table A. 10, Table A. 11, and Table A.
12.

Transition after 3 years

The examination of the model representing the transition to single non-elderly
households after 3 years, has revealed the following points. First, the model’s
independent. variables explained 53.3% of the variability in the dependent variable.

Secondly, there were no changes in the nature and the number of a significant positive
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variables on this transition. In other words, cohabiting couples and terraced dwellings
were the only variables with significant positive impact. However, there were slight
changes in their odds ratios in comparison to the previous model. For example, the
odds ratio for cohabiting couples was 0.117 higher than in year 2 model. This could
be owing to a possible increase in the proportion of break up rate amongst cohabiting
couples from wave 3 to wave 4. Conversely, the odds ratio for terraced homes
decreased from 2.445 in the previous model to 2.118 in the actual one. This could be
attributed to a change in the income of some households especially the ones with low
earning levels. Indeed, there has been approximately around a £1000 increase in the
mean of total household annual income from wave 3 to wave 4, as shown in the below

line graph Figure A. 51.

In contrast to the above, householder age, size, and log 10 total income had a
significant negative impact on the third vear transitions to single non-elderly
households. This also applies to routine non-manual and households on benefit. In
addition to that, for one additional vear in the householder age, the odds ratio for
being a single non-elderly in 3 vears is lower by 37.1%, which is higher by around
11% than the previous model. This was expected since some householders who were
aged 24 or less (3 years ago), moved into the 26-45 age band which is characterised
by its high transition rates. Similarly, the odds ratio was lower by 47.3% for one
additional person in the household. This was roughly in good agreement with the
previous model. Surprisingly, for households with routine non-manual socio-economic
status, the odds for being single non-elderly households was lower by 56.3%. This
was in line with the study of Galobardes et al., (2006) who argued that a large
proportion of routine non-manual tend to live in households containing two or more
income units. Similarly, the odds of being a single non-elderly household was lower
by 49.5% for households receiving benefits. This result is consistent with the UK
government report on tax and benefit income which advises that the benefit claimed
by single non-elderly households between 1977 and 2015 represents around 4% of the

UK total welfare budget (ONS, 2015g). Unlike the previous maodel, for a one-unit
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increase in the log 10 of household gross income, the odds ratio was lower by a factor
of 0.306. This suggests that households with higher income levels are more likely to

move to other family structures such as couples with or without children.

Apart from the above significant factors, household type, tenure mode, and the
remaining socio-economic status as well as dwelling types variables, were not found

significant.

24 0007
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14,000

Mean annual total household income

12,000
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Figure A. 51. Illustrates the change in the mean annual income of single non-elderly household in the BHPS database
between 1991 and 2008.

Transition after 4 years

The study of the model outlining the transition to single non-elderly households in 4

yvears, has advised the following conclusions.
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First, the included independent variables in the logistic regression model explain
59.1% of the wvariability in the dependent factor. Secondly, the direction and
significance of factors comprising cohabiting couples and terraced homes, were
congistent with the previous two models despite differences in their odds ratios. In
particular, for cohabiting couples in vear 4, the odds ratio was approximately twice
lower than in the third year model. This was in good agreement with the work of
Rosenfeld, (2014) who discovered that the rate of break-ups amongst cohabiting
couples who lived together more than 2 years was 30-40% lower than the ones with
1-year relationship (Figure A. 52). Conversely, there was a minor difference of 0.588
in the odds ratio of households living in terraced dwellings in comparison to the

model of year 3.

Apart from that, for households with higher and lower-grade socio-economic status,
the odds of becoming single non-elderly after 4 vears were 2.386 and 2.105,
respectively. Although the majority of households belonging to these socio-economic
classes are mostly couples without or with dependent children, around 40% of the
UK single non-elderly pertain to both categories, according to the UK labour force
survey (ONS, 2015d}. Finally, the odds ratio for being single non-elderly was
unexpectedly 6.25 higher for small proprietors with emplovees. This is simply owing
to the fact that there has been a 24,000 annual growth in the number of this group

over the last twenty years according to the UK labour force survey (ONS, 2015d).

On the other hand, single non-elderly, household age, and size had a significant
negative effect on transitions to single non-elderly after 4 years. First, the odds ratio
was 0.528 lower for one additional unit in the householder age. This was (.217 and
(.101 lower than the odds ratios of vear 2 and 3 models, correspondingly. Again, the
increase in the number of population aged between 26-45 is the main reason behind
these changes, as addressed previously. Similarly, as expected from the analysis of
existing transition patterns between 1991 and 1996, single non-elderly are very likely

to move to other family tvpes after 4 years as their odds ratio was lower by 76.9%.
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Finally, there were no major changes in the odds of household size in comparison to
the previous two models. More precisely, for one additional member in the household,
the odds ratio was lower by a factor of 44.1%. Apart from the above, tenure and
income variables in addition to the majority of socio-economic, marital status, and

dwelling types variables were not significant.
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Figure A. 52.The percentage of annual break up rates between couples in function of the length of relationship in
years (Rosenfeld, 2014).
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Table A. 9.Logistic regression transition models to single non-elderly households in the next 3 and 4 years, (partl)

(vear 3) (vear 4)
Single non-elderly Single non-elderly

Cohabiting couples 5.290™" 231"
1.880 0.87

= (1.880) (0.87)
g Widowed - 0.280
o (0.211)
a
Q Separated - 0.152
c (0.152)
n

Never Married 2.192 -

(1.029)

Householder Age 0.629"" 0.528™"

Py (0.0163) (0.0193)

o)

3 Single non-elderly 1.385 0.231""
Z e (0.454) (0.0955)
33

§ L one parent - 0.530

S (0.369)

E . * % kK

Household size 0.527 0.559
(0.0988) (0.119)
Terraced house 2.188 2.746™
0.709 1.065
> (0.709) (1.065)
S Purpose built flat or 1.703 1.659
3 mai sonette
3 (0.605) (0.776)
o
g Dwelling size - -
=.
-
o
2 .
Q Owned outright 1.618 1.900
S (0.530) (0.744)
5
o
R Rented from housing 0.313 0.264
associations
(0.238) (0.219)

Note: standard errors in parentheses *Significance at the 95% level  **Significance at the 99% level
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Table A. 10.Logistic regression transition models to single non-elderly households in the next 3 and 4 years, (part2)

(year 3) (year 4)
Single non-elderly Single non-elderly

Higher-grade - 2.386"
professionals
(0.960)
Lower-grade - 2.105°
D professionals
0. (0.695)
Q
3
3 Routine non-manual 0.437" -
3 employees
o (0.164)
o
ﬁ Foreman or technicians - -
<
Q
% Personal service workers - -
R
Small proprietors with - 6.21"
employees
(5.66)
Log 10 total income 0.306" 0.593
a (0.145) (0.287)
S ©
£ 3
g 0
= @ . .
) Receiving benefit 0.505* 0.447
8 (0.136) (0.145)
McFadden’s R2 0.533 0.591
Type of employed models Fixed-effects Fixed-effects
Sample size 2631 2302

Note: standard errors in parentheses *Significance at the 95% level  **Significance at the 99% level
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Transition after 6 years

The analysis of the logistic regression model representing the transitions to a single
non-elderly household after 6 years has suggested that the model’s independent
variables explain 46.6% of the variation in the dependent factor. In addition to that,
it has suggested that the majority of significant variables had a negative effect on
the transition to single non-elderly households. This includes the following factors
namely; Single non-elderly, householder age, purpose built flat, converted flat, and

square root of household annual benefit income.

First, the odds ratios for becoming single non-elderly after 6 years were lower by
44.8% and 94.43% for one additional unit in the householder age and for single non-
elderly households, respectively. In comparison to the previous models {vear 2-5)}, it
is clear that these odds ratios are the lowest. This implies that the effect of
householder age and being single non-elderly on this transition type increases with
time. As for households living in purpose built and converted flats, the odds of
becoming single non-elderly within 6 vyears is lower by 87.3% and 97.54%,
correspondingly. As addressed at an earlier stage, this is owing to the fact that flats
are mostly occupied by couples. Finally, the square root of household annual benefit
income was significant but its effect was so weak since for a one-unit increase in this

variable, the odds ratio was lower by 1.1%.

On the other hand, a lot of variables were not found significant at the 5% level. This
comprises marital status, socio-economic status, dwelling characteristics, and tenure

type variables. Moreover, the rest of household type and income factors.

Transition after 7 years

In comparison to the year 6 model, the study of the model pertaining the 7" year of
transitions to single non-elderly households has suggested similar findings except the

gignificance of outright tenure, routine non-manual, and small proprietors with
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employees. In addition to that, it has indicated that the included independent factors

in the model are responsible for 57.7% of the variation in the dependent variable.

In more details, the odds ratio was lower by 61.1% for households who own their
properties outright. This was in line with the UK home ownership report claiming
that around 50% of owned outright homes are occupied by at least 2 people {ONS,
2013d). Similarly, for routine non-manual employees and small proprietors with
employees, the odds ratios were 0.417 and (0.0334, respectively. The odds ratio for
the routine non-manual class was in good agreement with the ones of previous models
and consequently with  Galobardes et al. (2006} study, as discussed earlier.
Conversely, the odds ratio related to small proprietors with employees was not in
good agreement with year 4 model. Although it is controversial, it can be accepted
gince the majority of households belonging to this class are couples with and without

dependent children (Figure A. 33}. Nevertheless, the reason behind the high odds

ratio in model 4, has to be further investigated in the future.

Finally, marital status factors as well as the remaining household type, dwelling
characteristics, tenure mode, socio-economic, and income variables, were not

significant.

One personhousehold [ ] | m Managerial and
professsional occupations

Lone parents with dependent children ‘ ‘ ‘

@ Intermediates occupations

Married or cohabiting couples

no dependent children

Married or cohabiting couples
dependent children

Married or cohabiting couples,dependent
children,other families?

Multi—family household
no dependent children

Routine and manual occupations

Never worked and
long—term unemployed

Full-time students and
unclassified

Others®

1 Data are for working age only. Men aged 16-64, women aged 16-59.

dependent children with other families present.

Source: Labour Force Survey, Office for National Statistics

2 Data in this category include cases where both families in the household have dependent children, or where only one family in a multi-family household has dependent children.
3 Others includes same-sex family units with or without other families present, lone parents with non-dependent children both with and without other families and lone parents with

Figure A. 53. illustrates the socio-economic class profile of different working UK household types (ONS, 2015d).
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Transition after 8 years

In contrast to the two previous models, the examination of the transition model to
gingle non-elderly households in 8 years, suggested that the independent variables
cause the dependent factor to vary by 39%. In addition to that, it has advised that
four variables namely; higher-grade, lower-grade, foreman technicians, and receiving

state benefit, had a positive significant effect.

In particular, the odds ratio for becoming single non-elderly over 8 years was 3.906
and 2.625 for higher and lower-grade professionals, correspondingly. This could be
owing to a possible divorce occurrence amongst these socio-economic classes of which
60% of them tend to get married {Goodman and Greaves, 2010). Indeed, despite the
family stability of households with professionals and managerial occupations, a recent
UK official report claimed that the average marriage length in the UK ranges between
8.9 and 12.2 vears. For those reasons, it is believed that these odds ratios are logical
and consistent with existing governmental reports. Similarly, for foreman/
technicians, the odds of being single non-elderly was 3.046. This can be interpreted
in two distinct ways. The first one could be attributed to possible divorces knowing
that the divorce rate among this class is roughly 10% (ONS, 2013b). On the other
hand, the second argument is built upon the fact that the proportion of single non-
elderly is relatively considerable in this class (31.9%) (ONS, 2013h). However, since
there is a lack of similar studies, these issues need to be further examined in the
future. Finally, unlike the results pertaining to vear 3 model, the odds of becoming
gingle non-elderly in the next 8 vears was higher by a factor of 2.425 for households
receiving benefit. The reason behind this disagreement could be due to possible
transitions of some lone parent households to a single non-elderly family while

remaining on benefit.

In contrast to the abave, variables namely: single non-elderly households, householder
age, log 10 of total annual household income, and the square root of household benefit

income, had a significant negative impact on the dependent variable. More
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specifically, the odds ratios of variables, including householder age, single non-elderly,
and the square root of annual benefit income, were very close to the ones of vear 6
and 7 models. For the logl( household annual income; however, the odds of becoming
single non-elderly in 8 years was 80.9% lower for a one-unit increase in this variable.
Indeed, this figure is supported since households with higher income are usually
couples with or without dependent children (HM Treasury, 2014). Similarly, the odds
ratio was lower by 30.5% for one additional bedroom in the accommodation. This
aligns with the English household survey which suggests that larger dwellings are
mostly occupied by families with children (ONS, 2015¢c). This implies a possible

relationship between household size and dwelling size as discussed at an earlier stage.

Finally, unlike the previous two models, dwelling type and tenure mode variables
were not found significant. This is possibly due to the fact that around 20% of one -
person household in the UK own their dwellings outright according to Census 2011

{ONS, 2011d).
Transition after 9 years

Overall. the analysis of the model representing the transition possibilities of being
single non-elderly households after 9 years, indicated that the independent factors
are responsible for 57.1% of the variation in the dependent factor. Furthermore, it

has suggested that all significant variables had a negative effect.

In addition to the shared negatively significant variables in the previous and actual
models, the odds ratio of being single non-elderly in 9 vears was lower by 70.5% for
cohabiting couples. Similarly, there was a slight change in the odds ratio of single
non-elderly households in comparison to the previous models. However, despite this
change, the likelihood of remaining within the same household tvpe was very small
as the odds ratio was lower by 83.5%. For households living in other accommodations
such as bedsits, business premises, and sheltered accommodations, the odds ratio for

being single non-elderly was lower by 88.3%. This is because sheltered
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accommodations in the UK are mostly occupied by elderly, disables, or vulnerable
households {GOVUK, 2015). Similarly, despite being a minority, households living
in their business premises, including guesthouses and bed and breakfast, are usually
couples without children (GOVUK, 2017d);{Hogan, 2016). Like in the model of year
7, househoelds with “small propitiators with employees™ gocio-economic status were

very unlikely to become single non-elderly as their odds ratio was lower by 96.23%.

Finally, the remaining marital status, dwelling type, and socio-economic variables in
addition to dwelling size, receiving benefit, and tenure mode variables, were not found

significant.
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Table A. 11.Logistic regression transition models to single non-elderly households in the next 6, 7, 8, and 9 years.
(partl)
(year 6) (year 7) (vear 8) (vear 9)
Single non- Single non- Single non- Single non-
elderly elderly elderly elderly
Cohabiting couples - 0.295"
0.166
o (0.166)
x %_ Separated 0.303 3.187 8.788 -
&S (0.327) (2.777) (7.690)
Never Married - 3.771 - 1.933
(2.767) (1.625)
Householder Age 0.552"" 0.45"™"" 0.424"" 0.423""
I (0.0217) (0.0204) (0.0233) (0.0243)
o
c
@ Single non-elderly 0.0557""" 0.0123™" 0.0145™"" 0.165"
o (0.0232) (0.00605) (0.00983) (0.122)
o
S Couple without - - 2515 3.362
D children
g (1.438) (1.764)
% Lone parent - - 2.456 -
S (2.058)
® Other households 0.449
(0.426)
Purpose built flat or 0.127"" 0.333" - 0.293
mai sonette
(0.0672) (0.179) (0.251)
Converted flat or 0.0246™" 0.153" 0.285
> maisonette
§ (0.0233) (0.116) (0.231)
3 Terraced dwelling - - - 0.472
g (0.238)
o
2 Other accommodations - 0.325 - 0.117"
o
> (0.251) (0.0962)
@
Q Dwelling size 0.879 0.833 0.695 -
g— (0.105) (0.109) (0.0982)
QL Owned outright - 0.389* - -
& (0.197)
B  Rented from authorities 2.168 - - 3.478
(1.490) (3.260)
Rented from private - - - 3.441
landlord

(2.454)




416 Appendix
Table A. 12.Logistic regression transition models to single non-elderly households in the next 6, 7, 8, and 9 years.
(part2)
(year 6) (year 7) (year 8) (year 9)
Single non- Single non- Single non- Single non-
elderly elderly elderly elderly
Higher-grade 1.362 - 3.906" -
professionals
(0.485) (1.809)
Lower-grade - 1.493 2.625" -
& professional's
Q. (0.501) (1.065)
Q@
g Routine non-manual - 0.417*
8 employees
3 (0.196)
=
Q Foreman or - - 3.046* 2.728
gi technicians
= (1.781) (1.828)
@
2 Personal service - - 0.0861
8_ workers
<
5 (0.123)
8- Small proprietors 4.829 0.0334" - 0.0377"
§ with employees
(1.76) (0.0430) (0.0684)
Farmers/ small 4.432
holders
(5.983)
Working full-time - - 1.647 -
— (0.799)
3
% Log 10 total annual 0.850 0.650 0.191™ 0.148™"
D household income
5_ (0.403) (0.297) (0.115) (0.0834)
Q
'é_’ Receiving benefit 1.711 1.810 2.425 -
< (0.552) (0.625) (1.055)
Q
o Square root 0.989* 0.990* 0.993* 0.998*
% household annual
R benefit income
(0.00551) (0.00463) (0.00459) (0.00532)
Mc Fadden’s R2 0.466 0.577 0.590 0.571
Type of used model Fixed-effects Fixed-effects Fixed-effects  Fixed-effects
Sample Size 1534 1902 1612 1363

Note: standard errors in parentheses

*Significance at the 95% level

**Significance at the 99% level
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A.3.3.2 'TRANSITION TO COUPLE WITHOUT CHILDREN HOUSEHOLDS

This section intends to examine in depth the logistic regression models representing
household transitions to couples without children in the next 2, 3, 4, 6, 7, 8, and 9
yvears. These models are illustrated in Table A. 13, Table A. 14, Table A. 15, Table
A. 16, and Table A. 17.

Transition after 2 years

The examination of the logistic regression model related to transitions to couples
without children after 2 vears, advised that independent factors make the dependent
variable to vary by 36.7%. This examination also suggested no major changes to
report from the previous model. However, other variables namely: other households,
labour-income, and higher-grade professionals, were found significant. In addition to
that, there were minor changes in the odds ratios of certain variables which are

common across the current and the previous model such as couple with children.

First, the odds ratio was higher by a factor of 3.745 for other household types, who
are unrelated households composed of at least 2 occupants sharing the dwelling
facilities. According to Hall and White {2005}, young people are the ones that are
most likely to live in unrelated groups, which justify their higher likelihood of moving
to different household structures including couples without children. Secondly, for
higher-grade professionals the odds ratio for becoming couple without children in 2
vears was lower by 39%. This was in line with the results of the 4™ model of single
non-elderly transitions and certainly with findings of the UK labour force survey,
which suggested that 40% of the UK single non-elderly hold this socio-economic
status (ONS, 20153d). In addition to the ahove variables, the log 10 of household labour
annual income was negatively significant but with minor effect as for a one-unit

increase in the variable, the odds ratio was lower by 1.4%.
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On the other hand, the odds ratios for never married, divorced, and couples with
children almost doubled over this period. This suggests that the likelihood of being
a couple without children for these particular households increases in function of
time. A clear evidence on this claim is based on the fact that some mid-age couples
with children are likely to be empty nesters as a result of children leave. In addition
to the above factors, there was a 2.234 decrease in the odds ratio of households on
pension in comparison to the previous model. This might be attributed to a possible
decrease in the proportion of couple pensioners as a result of divorce. Indeed, a recent
report from Pension Wise agency argued that around 16,000 couple pensioners in the
UK got divorced, which results in most cases in splitting the pension equally between

both parties (GOVUK, 2017b}.

Finally, the remaining household type, socio-economic status, tenure more in addition
to dwelling type variables, were not. found statistically significant. at both the 1% and

5% levels.

Transition after 3 years

The inspection of the results pertaining to the third year of transition to couples
without children has suggested that the model’s independent variables are responsible
for 34.4% of the variation in the dependent factor. Furthermore, the analysis of this
model advised similar findings to the previous models except for some changes in the
odds ratios of certain variables (e.g. On pension). Finally, some variables which were
significant in the previous model(s} such as separated, were found insignificant and

reciprocally.

In more detail, for couples with children, the odds ratio for being couples without
children in the coming three years was lower by a factor of 0.379, which is almost
the triple of the previous model’s odds ratio. This reinforces the argument made in

the previous model with regards the growing likelihood of becoming empty nesters
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over time. Similarly, marital status variables namely; divorced, widowed, and never
married, were also prone to these changes as their odds ratios increased by 0.129, 0.1,
and 0.14, correspondingly. On the other hand, positively significant variables such as
on pension, were also affected by changes in their odds ratios. For instance, there
was (0.149 increase in the odds ratio of the variable other households from the previous
model, whereas the odds ratio of households on pension, decreased by 1.11. As
explained in the previous paragraph, this change might be associated with a possible
decrease in the proportion of pensioner couples as a result of divorce. Asg for the
variable “other households”, Stone et al. (2011) and Daly (2005) argued that while
there has been an increase in the proportion of individuals living in non-family
arrangements in the UK, they are more likely to move to couple without children

households mostly via cohabitation.

In contrast to the above, for households with foreman technicians’ socio-economic
status, the odds ratio for becoming couples without children in 3 yvears was higher by
a factor of 2.589. Given the fact that the proportion of single non-elderly households
belonging to this socio-economic class is relatively high (31.9%), as discussed at an
earlier stage, it could be possible that some of them made the transition to a couple
without children household over this period. Another probability might be due to the
occurrence of possible transitions from a couple with children to a couple without
children household as a result of children leaving the household. Conversely,
separated and higher-grade professional variables, which were significant in the
previous model, were not found significant in the actual one. This is might be because
the proportion of separated households decreased dramatically in the BHPS dataset
from 27% in wave 1 to 8% wave 3. Similarly, the main reason behind the non-
significance of socio-economic class variables, including high-grade professional, is

due to the non-significance of household annual labour income variable in this model.

Finally, apart from the non-significance of log1(} of household annual labour income,

the odds ratios of the remaining income variables namely: the square root of annual
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household benefit income and log 10 gross annual household income, remained fairly

stable in comparison to the previous models.

Transition after 4 years

Following the analysis of the logistic regression model representing transitions to
couple without children households after 4 vears, it is evident that the model’s
independent variables make the dependent factor to vary by 28.5%. This examination
also advised that the significance of certain variables, including couple with children,

was inconsistent with the previous model(s}.

First, the marital status variables namely; widowed and separated. were not
statistically significant. However, the former variable was significant at the 10% level
while maintaining a similar magnitude to the previous model. Similarly, the variable
couple with children was also not significant. Furthermore, given the 93% confidence
interval of its odds ratio [0.55- 2.09], it is not possible to confirm the nature of its

effect on this type of transition.

In contrast to the previous models {vears 1, 2, and 3}, the odds ratio for being couples
without children was higher by a factor of 6.018 for personal service workers. This
was very consistent with the results of the model related to transitions to single-non
elderly households in 5 vears. More specifically, given the age distribution of
households belonging to this class, of which almost half are aged between 25 and 44,
they are more likely to live in other family types than single non-elderly {Begum,

2004).

On the other hand, the odds ratios were (1.361, 0.221, and 1.179 for divorced, never
married, and householder age variables, respectively. This shows their consistency
with all the previous models, despite some changes in their odds ratios. Additionally,
the odds ratio of the variable never married indicates that the probability of

remaining single non-elderly households decreases over time.
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Finally, tenure mode, dwelling tvpes, and the remaining socio-economic variables

were not significant.

Table A. 13. Logistics regression models of transition to couple without children households in the next 2, 3, and 4
years (Partl)

(Year 2) (Year 3) (Year 4)
Couple No Couple No Couple No
Not main householder - - -
T
o
C
% Age of the householder 1.079™ 1.126™" 1.179™
o
g (0.0244) (0.0259) (0.0284)
D
%)_ Couple with children 0.132%** 0.379** -
< (0.0388) (0.117)
®
< Lone parent 0.155 0.307 0.289
)
g (0.199) (0.305) (0.381)
§ Other households 3.745 3.894 3.576*
(2.474) (2.455) (2.443)
Divorced 0.116™" 0.245™" 0.361"
(0.0445) (0.0926) (0.176)
Widowed 0.0257""" 0.124" 0.189
<
) (0.0226) (0.0948) (0.186)
) .
Q Separated 0.292 - 1.883
2
5) (0.129) (2.137)
Never Married 0.0864"" 0.221™" 0.472
(0.0273) (0.0740) (0.180)
Note: Couple No= couple without children / standard errors in parentheses
*Significance at the 95% level  **Significance at the 99% level
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Table A. 14.Logistics regression models of transition to couple without children households in the next 2, 3, and 4
years (Part2)

(Year 2) (Year 3) (Year 4)
Couple No Couple No Couple No
Dwelling owned with 0.551" 0.741 -
mortgage
(0.141) (0.211)
g Renting from local 0.283 - -
ol authorities
= (0.211)
«Q . .
= Renting from housing 0.0966 - -
g— associations
é_’ (0.132)
§ Renting from employer 0.0343 - -
% (0.0648)
Renting from private - 0.562 0.617
landlords
(0.282) (0.287)
Dwelling size - - -
Personal service workers 0.587 - 6.018"
(0.378) (5.038)
8) Routine Non-manual
Q.
Q
g Foremen technicians - 2.589"
S
o
3 (1.185)
o
Q Small proprietors with 0.370 0.262
@ employees
3 (0.318) (0.230)
2
R Small proprietors without 0.769 0.675 0.604
< employees
3 (0.384) (0.362) (0.379)
§ Farmers/ smallholders 5.131
(5.850)
Skilled manual workers 3.289
(1.780)
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Table A. 15.Logistics regression models of transition to couple without children households in the next 2, 3, and 4
years (Part3)

(Year 2) (Year 3) (Year 4)
Couple No Couple No Couple No
On Pension 5.688™" 4576 7.07""
(2.938) (2.325) (2.768)
On Benefit
2
=
o Square root of total 1.027" 1.021" 1.007"
5; household annual income
] (0.00885) (0.00867) (0.00317)
8
< Square root of household 0.977" 0.978"™" 0.970""
Q annual benefit income
g (0.00539) (0.00556) (0.00590)
® Square root of household 0.986" 0.989 -
labour income
(0.00702) (0.00709)
Working Full-time 0.694 0.592 0.437"
(0.197) (0.167) (0.138)
Mc Fadden’s R2 0.367 0.345 0.285
Type of used model Fixed-effects Fixed-effects Fixed-effects
Sample Size 1518 1359 1143
Note: Couple No= couple without children / standard errors in parentheses
*Significance at the 95% level ~ **Significance at the 99% level

Transition after 6 years

The analysis of the transition model of year 6 has advised that the model’s
independent factors account for 21.3% of the variation in the dependent variable.
This examination also suggested a balance between positively and negatively
significant variables. Furthermore, it has advocated the below changes from last

model (year 5).
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First, as expected given precedent changes in their odds ratios over time, the
variables namely; never married and lower-grade professional, were statistically
significant in comparison to the previous model. In particular, never married
householders were very likely to move to couples without children after 6 years as
their odds ratio was higher by a factor 2.117. Lower-grade professionals; however,
were unlikely to be couples without children after 6 years as the odds ratio was lower
by 65.8%. As explained in the previous models, higher and lower- grade professionals,
who belong to “managerial and professional occupations™ category according to the
labour force survey report (ONS, 2015d), are characterised by their financial stability.
Therefore, their transition to couples with children is quite fast. This is evident in
the high proportion (63%) of young mothers aged 30 years and over in this socio-
economic class, according to the UK government report on births by parent
characteristics (ONS, 2015a). In contrast to the above and the previous model,
variables such as renting from local authorities, renting from private landlords, living
in purpose-built flats, routine non-manual, on pension, and logl() gross household

annual income, were insignificant.

On the other hand, the subsequent variables with high odds ratios namely; couple
with children. separated. age of householder, and living in converted flats, were
consistent with the ones of the precedent model. More specifically, for couple with
children households, the odds ratio for becoming couple no children households in 6
yvears was higher by 3.795. Similarly, for a one-unit increase in the householder age,
the odds for being couples without children over 6 vears was higher by 9.2%.
However, there was a significant change of 2.42 and 3.67 in the odds ratios of
separated and living in converted flats, respectively. Premised on the argument made
when analysing the model of year 5, it is possible that a proportion of couples without
children living in converted flats became couples with children after the first
childbirth; consequently, they moved to another dwelling type (e.g. terraced). Hence,

the lower odds ratio.



425 Appendix

Finally, the odds ratios of the following negatively significant variables namely:
higher-grade professionals, foreman technicians, semi-unskilled manual workers, the
square root of total annual benefit income, and working full-time, were in line with

the ones of the previous model despite minor changes of (.08 on average.

Transition after 7 years

The analvsis of the model representing transition probabilities to couple without
children households in the next 7 vears, has advocated that the independent factors
are responsible for 19.5% of the variation in the dependent variable. This
investigation also advised that the number of variables with a negative impact was
slightly superior to the ones with positive effect. Furthermore, it has demonstrated
that some factors {e.g. lower-grade), which were significant in the previous model,

were insignificant in the actual one and vice versa.

First, the odds ratios of variables with positive effect namely:; couple with children,
separated, never married, and age of the householder, have increased next to the ones
of previous models. For instance, the odds ratio for couples with children was 7.022
which is approximately 1.85 times the previous model’s odds ratio. Similarly, the
odds ratio of the variable never married in the actual model was roughly 1.6 times
the one of the previous model. In addition to that, the odds ratio of the variable
higher-grade, which is negatively associated with the dependent variable, rose by
69% from the precedent year’s model. As addressed at an earlier stage, the likelihood
of becoming couples without children for households with those socio-economic
characteristics (e.g. couple with children) increases in function of time. Indeed, after
performing another regression analysis, where the vear of the wave is the independent
variable, it was found that for one additional vear, the odds ratio for being a couple

without children family increases by 23%.
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In contrast to the above, the odds ratios of other variables with a negative effect on
thig transition model namely; foreman technicians, semi-unskilled manual workers,
the square root of total annual benefit income, and working full-time, remained
relatively stable over the last three models. For example, there has been a (.7% rise

in the odds ratio of the variable working full-time from the precedent vear’s model.

Finally, owned with a mortgage, on Benefit, and on pension. were significant
variables in this model. In particular, for households who have been owning their
accommodation for 6 vears, the odds of being couples without children in the
following year was lower by 48.6%. This was in line with the result of year 1 model.
Additionally, the odds ratio for being couples without children in 7 yvears was lower
by 54.2% for households on benefit. Thus, this outcome was in good agreement with
the one of the vearl model. Conversely, the following variables namely: living in

converted flats and lower-grade-professionals, were statistically insignificant.

Transition after 8 years

In contrast to the previous model, the examination of the logistic regression model
representing the transition probabilities to a couple without children family after 8
vears, has suggested that the independent variables cause the dependent factor to

vary by 18.8%. Moreover, this analysis also advised the subsequent changes.

First, the odds ratios of the variables; couples with children and separated decreased
by 1.78 and 7.1, correspondingly. The latter result indicates that there is a possible
relationship between the length of separation and the likelihood of becoming couple
without children. However, after conducting some research via analysing various
resources, including journal articles, government reports and others, there was not
enough evidence to draw conclusions. Thus, more research is needed in this respect.
As for the variable couple with children’s odds ratio, it could be attributed to an

increase in the proportion of young couples with children in the BHPS dataset.
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Conversely, as expected from analysing precedent models, never married and
householder’s age variables witnessed a rise of 2.68 and 0.08 in their odds ratios,

respectively.

On the other hand, variables with a significant negative impact namely; higher-grade
professionals and semi-unskilled workers, had a decrease of (0.191 and 0.118 in their
odds ratio, correspondingly. Apart from that, the variable routine non-manual was
found significant in this model with an odds ratio of 0.345. Those results were
excepted given the fact that the majority of households from those socio-economic

classes live in couple with children families as indicated previously in vear 6 model.

Finally, the wvariables; on pension, on benefit, working full-time, and foreman

technicians, were not found statistically significant in this model.

Transition after 9 years

After analysing the model outlining the transition probabilities to a couple without
children household in 9 years, it is evident that the independent factors are
responsible for 18% of the variation in the dependent variable. In addition to that,
the examination of the model table suggested that variables which were statistically
significant across the previous 8 years such as couple with children, were not found
gignificant in this model. Finally, the number of variables with a negative effect was

nearly equal to the ones with a positive impact.

First, “couple with children”, “separated”, and “routine non-manual” were not found
significant in the model. However, this does not signify the absence of an effect but
instead there is not enough evidence in explaining the variation of the dependent
variables in function of those predictors. On the other hand, for households who were
never married 8 vears ago, the odds for being couple without children in the following

yvear was higher by a factor of 7.561. Similarly, for one additional year in the
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householder age, the odds for becoming couple no children after 9 years was higher

by 41.9%.

In contrast to the above, for higher and lower-grade professionals, the odds for being
couples without children in 9 years was lower by 69% and 68.4%, respectively. Also,
the odds ratio was lower by 93.39% for semi-unskilled manual workers; whereas only
(.6% lower for one-unit increase in the square root of total household annual benefit

income.

Finally, like in the previous models, variables pertaining to dwelling type, tenure
mode in addition to the remaining socic-economic class, marital status, and income

variables were not found significant both at the 5 and 1% levels.
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Table A. 16.Logistics regression models of transition to couple without children households in the next 6, 7, 8, and 9
years (Partl)

(Year 6) (Year 7) (Year 8) (Year 9)

Couple No CoupleNo  CoupleNo  Couple No

=z Couple with children 3.795™" 7.022"" 5.242" 1.848
Q
= (1.525) (3.435) (2.958) (1.068)
n Lone parent 0.319 0.220 0.157 0.169
Q
= (0.332) (0.232) (0.176) (0.189)
~

S 0

22 Separated 8.771" 10.74™ 3.729 1.02896

5§

22 (6.280) (7.570) (2.408) (0.8783)
o
8 Never Married 2117 3.378" 6.063" 7.561"
]
Q (1.054) (2.085) (5.335) (7.433)
o
< Age of the househol der 1.002"" 1.218™ 1.302™ 1.419™
@

(0.0282) (0.0340) (0.0419) (0.0564)

Terraced Dwelling 1.830
o (0.874)
5
= Purpose built flat 2.477 0.647 0512 0.244
(@]
= (1.385) (0.377) (0.3933) (0.227)
©
D
é Converted flat 4413 1.449 0.564 0.395
= (2.966) (0.958) (0.517) (0.410)
B
(0.203) (2.029) (3.080)

Note: Couple No= couple without children / standard errors in parentheses

*Significance at the 95% level  **Significance at the 99% level
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Table A. 17.Logistics regression models of transition to couple without children households in the next 6, 7, 8, and 9
years (Part2)

(Year 6) (Year 7) (Year 8) (Year 9)

Couple No CoupleNo  CoupleNo Couple No

Higher-grade professionals 0.267"" 0.452" 0.261" 0.310"
(0.0903) (0.147) (0.110) (0.137)
g) Lower-grade professionals 0.342"" 0.616 0.460 0.316™
Q,
? (0.110) (0.186) (0.186) (0.137)
§ Routine Non-manual 0.545 0.345' 0.369
S
S (0.224) (0.174) (0.197)
g Foremen technicians 0.280" 0.286" 0.293 0.299
§§ (0.145) (0.164) (0.198) (0.219)
@ Small proprietors with 0.258 0.416 0.271 0.166
> employees
& (0.224) (0.367) (0.248) (0.191)
9<31 Small proprietors without 3.646 2.192
D employees
=2 (2.412) (1.453)
8 Semi-skilled manual 0.207"" 0.286" 0.168™ 0.0661""
workers
(0.116) (0.164) (0.114) (0.0564)
On Pension 2.326 4.125° 0.770 0.371
— (1.139) (2.369) (0.517) (0.277)
Q
o
3 On Benefit 0.458" 0.699 1.22
D
o (0.144) (0.238) (0.4384)
2 Square root of household 0.990™ 0.996" 0.997 0.994"
8- annual benefit income
§ (0.00346)  (0.00331)  (0.00324)  (0.00284)
& Working Full-time 0.441° 0.474 0.896 122
B (0.143) (0.157) (0.334) (0.509)
Mc Fadden’s R2 0.213 0.195 0.188 0.180
Type of used model Fixed- Fixed- Fixed- Fixed-
effects effects effects effects
Sample Size 1107 1096 924 776

Note: Couple No= couple without children / standard errors in parentheses

*Significance at the 95% level  **Significance at the 99% level
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A.3.3.3 TRANSITION TO LONE PARENT HOUSEHOLDS

This section aims to analvse the logistic regression models representing household
transitions to lone parent households in the next 2, 3, 4, 6, 7, &, and 9 years. These
models are illustrated below in Table A. 19, Table A. 20, Table A. 21, Table A. 22,
Table A. 23, and Table A. 24.

Transition after year 2

The examination of the model outlining the transition probabilities to lone parent
households in the next 2 vears, has advised that the independent factors are
responsible for 26.8% of the variation in the dependent variable. Moreover, this
analysis also advocated the insignificance of certain variables which were significant
in the previous model such as skilled manual workers. Finally, it has suggested an

increase in the odds ratios of the majority of the variable,

First, like in the previous model, the effect of household type variables was negligible.
In particular, the odds ratios were 0.206, (.0283, and 0.0308 for single non-elderly,
couple without children, and couple with children, respectively. However, these odds
ratios were 1.5, 4.2, 48 times the odds of single non-elderly, couple without children,
and couple with children in the precedent model, respectively. This indicates a
possible relationship between time and likelihood of becoming lone parent households

for these types.

On the other hand, variables with significant impact on the dependent variable in
the previous model namely; foreman technicians, skilled-manual workers, and semi-
unskilled manual workers, were not found significant in the actual model. Even
though a considerable proportion of lone parents belong to these socio-economic
status, as indicated previously, lone parent mothers are prone to job instability.

Indeed, based on the British household panel data survey, Iacovou and Berthoud
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(2000} ; Blundell et al. (2005} found that 52% of lone parent mothers on part-time
jobs were unlikely to remain in their jobs for more than a vear. Conversely, the
variable “living in end-terraced” was statistically significant as the odds ratio for
being lone parent households in two vears was higher by 5.469. This aligns with the
English housing survey {ONS, 2011b) suggesting that around 38% of lone parent.
households lived in terraced houses in 2007, as depicted in the below Table A. 18 .
Apart from that, variables namely; renting from private landlords, routine non-
manual employees, and on pension, witnessed a 15% increase in their odds ratio on
average. However, the odds ratios of the subsequent variables namely; female, aged
46-55 and the square root of household annual benefit income, remained fairly

consistent with the ones of the previous model.

Finally, the odds ratios of divorced and household size decreased by 1.84 and 5.185,
correspondingly. This could be attributed to an increase in the proportion of
households with non-dependent children, where a divorce would result other family

types other than lone parent such as single non-elderly.

Transition after 3 years

The analysis of the regression model outlining the transition probabilities to a lone
parent household in the next 3 years has suggested that the model’s independent
factors account for 23.1% of the variation in the dependent variable. In addition to
that, the examination of the model’s coefficient permitted to retrieve the subsequent

points.

First, unlike the previous models, household types variables, except couple with
children, were not significant. The same applies to other variables, including rented
from private landlords, and routine non-manual. As indicated above, the
inconsistency of significant socio-economic status variables across models could be

linked to the job instability of this household type. The insignificance of “privately
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rented” variable; however, could be related to the fact that lone parents do not stay
longer in privately rented accommodation waiting for their social housing application
decisions since they are classed as a high priority category. However, due to the lack
of evidence to support this claim, more research is needed in this respect. In contrast
to the above, the variables namely: living in terraced houses, farmers /smallholders,
and renting from local authorities were found significant in this model. More
specifically, the odds ratio for becoming lone parent households in three years were
2.240, 0.00462, and 0.275 for households living in terraced dwellings, renting their
dwellings from local authorities, and the ones belonging to farmers/smallholders
socio-economic class, respectively. The former result reinforces the argument made
in the previous model with regards the high proportion of lone parents living in
terraced houses. Conversely, the latter outcome was expected since almost 709% of
farmers and smallholders in the UK were married according to the UK report on
farm household (DEFRA, 2012); (GOVUK, 2002). Finally, although around 23% of
lone parents’ households in the UK rented their accommodations from local
authorities, the proportion of single non-elderly with similar tenure mode was almost
double (40%) (GOVUK, 2012). Hence, the lower odds ratio considering that the

initial sample in this research contained 100% of single non-elderly households.

Secondly, despite some slight changes, the odds ratios of the following variables
namely: divorced, household size, on pension, and square root annual income benefit
were fairly consistent with the odds of the previous model. Conversely, there was a
decrease of 2.45 and 2.551 in the odds ratio of the subsequent variables; aged 46-55
and living in end terraced houses, correspondingly. An explanation for the former
odds ratio changes could be based on the fact that a considerable proportion of
households ageing between 46-55 already moved to lone parent households, hence the
lower odds ratio. Similarly, the high likelihood of household living in terraced houses
could have impacted the odds ratio for terraced houses. Another possibility is that
some end-terraced dwellers moved to other dwelling types, including semi-detached

houses.



434 Appendix

Table A. 18. The accommodation profile of different UK household types (ONS, 2011b).

Great Britain Percentages
House or bungalow Flat or maisonette

Semi- Purpose- All

Detached detached Terraced built Other’ dwellings?

One person households
Under state pension age? 11 22 3 28 9 100
Over state pension age? 18 28 25 25 3 100

One family households

Couple?®
No children 31 31 24 10 3 100
Dependent children® 28 36 28 7 1 100
Non-dependent children only 31 36 28 5 0 100

Lone parent*

Dependent children® 8 30 38 20 4 100
Non-dependent children only 13 40 37 8 1 100
Other households® 19 27 34 14 6 100
All househaolds” 23 31 28 15 3 100

Includes converted flats, part of a house and rooms.

Includes other types of accommodation, such as mobile homes.

State pension age is currently 65 for men and 60 for women.

Other individuals who were not family members may also be included.
See Appendix, Part 2: Families. May also include non-dependent children.
Comprising two or more unrelated adults or two or more families.
Includes a small number of same-sex couples.

N A WN -

Source: General Household Survey (Longitudinal), Office for National Statistics

Transition after 4 years

The examination of the model showing the transition probabilities to lone parent
households after 4 vears has advised that the model’s independent factors cause the
dependent factor to vary by 19.6%. In addition to that, the analvsis of the model

suggested the subsequent conclusions.

First, it is clear that the majority of significant variables had a positive effect on the
dependent variable. For instance, the odds for being lone parents in the next 4 years
was higher by a factor of 4.334, 3.959, and 4.541, for divorced householders, the ones
living in terraced and end-terraced dwellings, correspondingly. Similarly, for one
additional member in the household, the odds ratio was higher by 3.004. However,
this model has witnessed a change in the direction of significance of the variable
single non-elderly, which had an odds ratio of 4.061. This was logical and consistent
with an official source suggesting that around 54% of lone parents in the UK had a
never married marital status (ONS, 20153e). Apart from that, the variable living in

purpose-built flat was found significant with an odds ratio of 12.02. This could be
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because around 40% of lone parent households live in accommodations rented from
the social sector (local authorities and housing associations) in which terraced houses
and flats constitute a considerable proportion (ONS, 2015h). Finally, the square root
of annual benefit income had a negligible effect since a one-unit increase in this

variable leads to a 1.4% lower odds ratio.

In contrast to the above, the odds ratio for being a lone parent in the 4 vears was
lower by 87.5% for household living on a pension. Conversely, variables namely:
couple with children, rented from private landlords, rented from local authorities,
farmers/smallholders, working full-time, and age variables, were not significant. This
suggests that there is not enough evidence to draw conclusions on the nature of their

effect on the dependent variable.

Table A. 19.Logistics regression models of transition to Lone parent households in the next 2, 3, and 4 years (Part1)

(Year 2) (Year 3) (Year 4)
Lone parent Lone parent Lone parent
Renting from private landlords 8.558™ 1.034 4.234
(5.826) (0.7122) (3.873)
> Dwelling owned with mortgage 2.536 - 0.478
8
o (1.219) (0.327)
g Renting from local authorities - 0.275 1.258
2
Q (0.169) (1.1967)
=
2 Living in end-terraced dwellings 5.469" 2.918" 3.959
O}
2 (3.799) (1.865) (3.334)
&
é Living in terraced dwellings 2.089 2.240° 4.541"
% (1.046) (1.106) (3.208)
R
Living in purpose built flats - - 12.02"
(10.16)
Note: standard errorsin parentheses
*Significance at the 95% level ~ ** Significance at the 99% level
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Table A. 20.Logistics regression models of transition to Lone parent households in the next 2, 3, and 4 years (Part2)

(Year 2) (Year 3) (Year 4)
Lone parent Lone parent Lone parent
T " e *
o Single non-elderly 0.206 0.882 4.061
c
@_ (0.116) (0.450) (2.936)
2 Couple without children 0.0283"" 0.354
5 (0.0284) (0.278) -
@
« Couple with children 0.0308™" 0.0117"" 0.120
3
% (0.0258) (0.0122) (0.142)
Q
= Femade 3.47 3.07 -
o
3
o (2.420) (2.23)
QL Divorced 2.567" 3.158 4.334°
Q
2 (1.529) (1.806) (4.064)
7
Aged 26-35 - - 0.342
I
Q (0.251)
g’ Aged 36-45 1.222 - 1212
0 o
N @ (0.610) (1.39)
5 &8 , ,
_. g Aged 46-55 5.345 2.896 1.015
2
q % (2.819) (1.165) (0.7341)
o
c
é@ Household size 2.548™ 3.483™" 3.004"
o
o (0.790) (1.057) (1.457)
Note: standard errorsin parentheses
*Significance at the 95% level ~ ** Significance at the 99% level
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Table A. 21.Logistics regression models of transition to Lone parent households in the next 2, 3, and 4 years (Part3)

(Year 2) (Year 3) (Year 4)
Lone parent Lone parent Lone parent
Higher-grade professionals - 0.370 -
g) (0.238)
Q. Routine non-manual 5.124" 1.9120 0.218
Q employees
§ (3.410) (1.24) (0.268)
S
% Personal service workers 6.713 - -
=
o (7.406)
?;ﬁ Farmers/small holders - 0.00462™ 0.0756
S (0.00820) (0.126)
% Foreman technicians 6.181 3.777 19.22
B (6.337) (3.482) (25.03)
Skilled manual workers 0.174 - -
(0.207)
On Pension 0.202 0.111™ 0.125¢
(0.152) (0.0763) (0.158)
S
8 Receiving benefit 0.443 2.692 -
(5; (0.257) (1.378)
@ Square root of total annual 1.030™ 1.012° 1.014
2 benefit income
8 (0.00821) (0.00556) (0.00786)
<
%_ Square root of annual 0.988 - -
g investment income
= (0.00875)
R
Working full-time - - 0.125
(0.158)
McKelvey & Zavoina's 0.268 0.231 0.197
R2/Mc Fadden’s R2
Type of the used model Random effect Random effect Fixed- effect
Sample size 4597 4128 300
Note: standard errorsin parentheses
*Significance at the 95% level  ** Significance at the 99% level

Transition after 6 vears
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The examination of the logistic regression model pertaining to the transition
probabilities to a lone parent family after 6 vears has suggested that the model’s
independent. variables explain only 21.2% of the variation in the dependent factors.

In addition to that, this analysis also advised the following points.

First, it is evident that the majority of statistically significant variables in this model
had a positive effect on the dependent variable. Furthermore, most of these factors
were prone to changes in their odds ratios. For example, for single non-elderly, the
odds of becoming a lone parent household over 6 vears was higher by a factor of
5.945. This was 2.209 higher than the odds ratio of the precedent model. This implies
that there might be a positive relationship between time and the likelihood of single
non-elderly to become a lone parent household. However, the reason behind this
relationship needs to be further investigated through qualitative research methods.
Similarly, the odds ratio for divorced householders almost halved in comparison to
the last model. As argued previously, this could because this variable’s odds ratio is
sensitive to changes in the divorce rates over time. On the other hand, the odds of
household size decreased by almost 4.5 times from the model of vear 1. This means
that the effect of one additional person in the household decreases with time. Indeed,
the recent UK government report on divorces suggested that the chance of divorce
decreases dramatically after the 5™ year of marriage anniversary, as depicted below
in Figure A. 34 (ONS, 2013b). The odds ratio of household living in purpose-built
flats (4.46) and females (3.175) remained fairly consistent with the previous model.
Conversely, the variables namely; dwelling size and aged 26-35, were found significant
since the year 1 model. In particular, for householders aged between 26-35, the odds
of being lone parent households in 6 years was higher by a factor of 5.413. This aligns
with findings of the previous models suggesting that half of divorces were amongst
middle-aged householders. Similarly, for one additional room in the dwelling, the

odds ratio is higher by 53%.
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In contrast to the above, the odds ratios were lower by 87.6% and 72.8% for
households renting from local authorities and high-grade professionals, respectively.
However, variables namely; terraced, end terraced, routine non-manual, farmers-

small holders, on pension in addition to income variables, were not found statistically

significant.
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Figure A. 54. Illustrates the relationship between the length of marriage and divorce occurrence (ONS, 2013b)

Transition after 7 years

After analysing the logistic regression model depicting the transition possibilities to
a lone parent family after 7 vears, it is evident that the model’s independent factors
are responsible for 18.7% of the variation in the dependent variable. In addition to

that, the examination of the model’s coefficients led to the below conclusions.

First, it is clear that there were not many changes to report from the last model
except the non-significance the following variables namely: divorced and living in
purpose-built flats. Moreover, the significance of the variable “Living in semi-

detached dwellings” with an odds ratio of 4.042. This reinforces the argument made
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at an earlier stage with regards lone parents households remaining in privately rented
houses before moving to social houses including:; semi-detached dwellings. Indeed,
bhased on the above table, it is clear that semi-detached was the second most common
dwelling type for lone parents with dependent children after terraced houses {ONS,

2011b).

Apart from the above, the variables: single non-elderly, female, aged 26-35, household
and dwelling size, remained positively significant in comparison to the previous
model. However, some were prone to significant changes in their odds ratios. For
instance, the odds ratio for being lone parents in seven years was higher by a factor
of 6.498 for females, which is almost the double of the previous model’s odds ratio.
Considering the variation in the odds ratio of this variable across all the previous
models, it could be argued that females are more likely to become lone parents with
time. This possibility becomes even higher after taking account of other key factors,
including the average marriage length in the UK (8.9 -12.2 vears). Similarly, the
odds ratio of the variable aged 26-35 was 1.5 times higher than in the precedent
model. This was excepted since most divorces occur at an age 40 and 35 as indicated
previously. In addition to the above, the odds ratio was 7.619 higher for households
living end-terraced houses, which was consistent with the results of the models of
yvear 1 to 5. Finally, the variable; rented from local authorities, had a negative impact

on the dependent variable with an odds ratio lower by 81.8%.

Transition after 8 years

The examination of the logistic regression model representing the transition
probabilities to a lone parent family after 8 vears has suggested that the model’s
independent variables are responsible for 15.4% of the variation in the dependent
factor. The analysis of this transition model has also permitted to obtain the

subsequent findings.
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First, it is clear that the majority of the statistically significant variables in this
model had a positive effect on the dependent variable. Secondly, unlike in the
previous model, factors namely: household size and living in semi-detached dwellings,
were not found significant in the actual model. However, gkilled-manual workers,
higher-grade professionals, and working full-time, were found significant. More
specifically, the odds of being a lone parent in & vears was 8.078 higher for
householders belonging to skilled manual workers socic-economic class. This was in
line with the findings of the model of year 1, the 2011 UK census report (ONS,
2011c), and other studies, such as the work of workers Hall, (2006). On the other
hand, for households on a full-time employment and the ones with higher-grade
professional socio-economic status, the odds of being lone parents in 8 vears were
lower by 67.16% and 88.5%, correspondingly. In this respect, it could be argued that
the reason behind the lower odds ratio for householders working full-time is due to
the fact that a considerable proportion of lone parents in the UK (around 56.2% in
1996 and 38% in 2015), are unemployved (ONS, 2013c). Furthermore, around 60% of

those who are employed are working part-time {ONS, 2015h).

Apart from the above, the variables; single non-elderly, female, aged-26-35, renting
from local authoerities, and dwelling size, remained significant in comparison to the
previous models. Furthermore, the direction of their association with the dependent.
variable was also consistent since their odds ratios were 2.803. 3.360, 5.975, 0.152,

1.904, respectively.

Transition after 9 vears

The analysis of the logistic regression model representing the transition possibilities
to a lone parent family after 9 vears has advised that the independent variables cause
the dependent factor to vary by 13.2%. In addition to that, the examination of the

model’s coefficients advised the following changes.
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First, the variables; single non-elderly and dwelling size, were not found significant
in the actual model, whereas the factors: aged 35-45, aged 46-55, small proprietors
with employees, and on pension were significant. In particular, the odds ratios were
lower by 76.3% and 83.8% for householders aged 36-45 and those who are 46-55,
respectively. Similarly, for households belonging to the small proprietors with
employees’ socio-economic class, the odds ratio was higher by a factor 23.31. This
could be attributed to the fact that more than 20% of lone parents are small
employers and own account workers (ONS, 2013¢). Conversely, the likelihood of being
lone parents was lower for pensioners since the odds ratio was 0.156, which was

congistent with the models of year 1-5.

Apart from that, the following variables namely: rented from local authorities, higher-
grade professionals, female, skilled manual-workers, and working full-time, were
consistent with the previous models and had the subsequent odds ratios; 0.118, 0.219,

3.658, 36.48, and 0.415, correspondingly.
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Table A. 22.Logistics regression models of transition to Lone parent households in the next 6, 7, 8, and 9 years (Part1)

(Year 6) (Year 7) (Year 8) (Year 9)
Loneparent Loneparent  Lone parent Lone parent
Single non-elderly 5.945™ 4.289" 2.803" 3.058
T (3.621) (2.785) (1.574) (1.999)
o
E_ Couple with children 0.221 2915 - -
o
) (0.234) (3.195)
< é Female 3.175 6.498" 3.360" 3.658"
=0
S %’_ (2.180) (5.102) (2.686) (3.757)
& 3 | Divorced 11.84 0.948 . .
> (7.942) (0.705)
@\
% Aged 26-35 5.413" 7.929™ 5.975" -
n
(3.458) (5.405) (4.221)
Aged 36-45 - - - 0.237°
I
= 2 (0.168)
28
< C .
Q @_ O | Aged 46-55 - - - 0.162
= o
&S a
o2 (0.128)
B £.Q | Household size 1.712" 1.301° - -
® o
S
o (0.709) (0.151)
Note: standard errorsin parentheses
*Significance at the 95% level  ** Significance at the 99% level
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Table A. 23.Logistics regression models of transition to Lone parent households in the next 6, 7, 8, and 9 years (Part2)

(Year 6) (Year 7) (Year 8) (Year 9)

Loneparent Loneparent  Lone parent Lone parent

Renting from private - - 0.139 -
landlords
(0.193)
Renting from local 0.124™ 0.182° 0.152° 0.118
authorities
(0.0992) (0.158) (0.142) (0.135)
Rented from housing 0.192 - - -
associations
0.194
> (0.194)
8
) Living in semi- - 4.042° 1.677 -
3 detached houses
3 (2.394) (0.915)
8'
g- Livingin end- 3.359 7.619° - -
5 terraced dwellings
a (2.741) (7.006)
o
o) Living in terraced 1.382 - - -
< dwellings
2 (0.911)
8? Living in purpose 4.464" - 2.408 0.111
built flats
(3.428) (2.316) (0.144)
Dwelling size 1.530 1.904™" 1.767" -
(0.274) (0.370) (0.356)
Square root monthly 0.965
rent
(0.0325)

Note: standard errorsin parentheses
*Significance at the 95% level ~ ** Significance at the 99% level
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Table A. 24.Logistics regression models of transition to Lone parent households in the next 6, 7, 8, and 9 years (Part3)

(Year 6) (Year 7) (Year 8) (Year 9)
Loneparent Loneparent  Lone parent Lone parent
Higher-grade 0.272 0.545 0.115 0.219"
professionals
(0.205) (0.426) (0.129) (0.224)
Routine non-manual 0.522 - - -
8) employees
g- (0.447)
g Small proprietors with - 3.119 5.036 23.31
3 employees
3 (3.259) (5.403) (32.44)
o
Q Farmers/small holders 0.104 - - -
% (0.167)
<
% Foreman technicians - 0.336 - -
aT (0.375)
Skilled manual workers - 5.926 8.078" 36.48"
(5.694) (8.034) (44.14)
On Pension 0.697 0.642 0.742 0.156"
— (0.504) (0.520) (0.459) (0.147)
< 8
Q3 Square root of annual 0.982 0.986 0.991 -
o @ investment income
S o (0.0108) (0.0114) (0.00999)
B
o) Working full-time - - 0.3284" 0.415"
(0.18815) (0.269)
McKelvey & Zavoina's 0.212 0.187 0.154 0.132
R2
Type of the used model Random Random Random Random
effect effect effect effect
Sample size 3235 3237 2867 2605
Note: standard errorsin parentheses
*Significance at the 95% level  ** Significance at the 99% level
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A.3.3.4 COUPLE WITH CHILDREN TRANSITIONS

This section intends to examine the logistic regression models representing household
transitions to couple with children households in the next 2, 3, 4, 6, 7. 8, and 9 vears.
These models are depicted below in Table A. 25, Table A. 26, Table A. 27, Table A.
28, Table A. 29, and Table A. 30.

Transition after 2 years

The examination of the logistic regression model outlining the transition possibilities
to a couple with children family after two years has advised that the model’s
independent factors are responsible for 49.5% of the variation in the dependent

variable. In addition to that, this analysis also suggested the subsequent changes.

First, unlike the precedent model, the variables; lone parent, higher-grade
professionals, routine non-manual workers, and on benefit, were statistically
significant. On the other hand, lower-grade professionals, semi-unskilled,
foreman/technicians, farmers/ smallholders, and rented from private landlord, were

insignificant variables.

In the light of the above, the odds ratios for becoming a couple with children in two
vears were higher by a factor of 7.513 and 2.393 for lone parent households and
families receiving state benefit, correspondingly. The former odds ratio could be
attributed to the fact that a percentage of separated householders could be reunited
after a short period. Indeed, a recent study, published by the independent, suggested
that more than 50% of separated couples in the UK reunited within a period of 5
vears (Independent, 2016). As for the high odds ratio of households on benefit, this
is because couples with children in the UK, except for those with an annual income
beyond £.50,000, are fully entitled to child benefit income; not to mention other
henefits {GOVUK, 2017a). Similarly, for higher-grade professionals and routine non-
manual workers, the odds were 1.743 and 3.302, respectively. These findings were

excepted given the financial stability of these socio-economic classes. Indeed, a recent
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report from the UK government suggests that around 22% of the UK couples with

children belong to managerial and professional classes {ONS, 2013¢).

In contrast to the above, the odds ratios of remaining variables were consistent with
the ones of the previous model. For example, the odds ratios were 2.253, 2.807, 3.708,
and 7.799 for households aged 46-53, household members other than the main
householder, househeolders living in detached dwellings, the ones who owned their
dwelling outright, respectively. On the other hand, for the ones aged between 26-33,
cohabiting couples, divorced householders, and never married, the odds were lower
by 85.3%, 87.1%, 99.55%, and 99.7%, correspondingly. Finally, for households living
in terraced houses, purpose-built, and converted flats, the odds were lower by a factor

of 0.241, 0.143, and (0.0324, respectively.

Transition after 3 years

The analysis of the model showing the transition probabilities to a couple with
children household in 3 vears has advised that the model’s independent factors cause
the dependent variable to vary by 45%. Moreover, the examination of the model’s

coefficients suggested the following points.

First, it is evident that the variables: not main householder and living in terraced
houses, were not significant in the actual model. Conversely, the following factors
namely; semi-detached, farmers-smallholders, and agriculture workers, were
significant. Finally, there were some changes in the magnitude of certain variables’

odds ratios such as never married.

In line with the above, the odds ratios were higher by 3.792 and 10.39 for households
living in semi-detached dwellings and the ones belonging to farmers/smallholders
socio-economic class, respectively. The former odds ratio was consistent with a UK

government report (Table A. 18) suggesting that the majority of UK couples with
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children (36%) live in semi-detached houses (ONS, 2013d). Similarly, the odds ratio
of the variable “farmers/smallholders” was in line with the findings of year 3 model
of transition to lone parents. Moreover, the UK report on farm households advising
that around 70% of them were married (DEFRA, 2012; GOVUK, 2002). As for the
lower odds ratio of agriculture workers (0.0562}, it could be due to the fact that a
considerable proportion of this class is composed of foreign labour, who mostly reside
in other European countries (BBC, 2016b}. Indeed, the proportion of British working

in the agriculture sector was 1% in 2011 {ONS, 2013a;.

In contrast to the above, the odds ratio of never married was 6.7 times higher than
in the previous model, which implies that single non-elderly househeolds are more
likely to become couples with children with time. Similarly, the odds ratio of living
in detached dwellings almost double from the last model. Finally, the odds for higher-
grade increase by 1.453 which signifies that the likelihood of being a couple with

children for this group increases with time.

Finally, the odds ratios of the remaining age, marital status, socio-economic class,

and income variables, stayed fairly consisted with the previous model.

Transition after 4 years

In comparison to the previous model, the examination of the logistic regression model
representing the transition possibilities to couples with children after 4 vears has
indicated that the model’s independent factors are responsible for 43% of the
variation in the dependent variable. The analysis of this transition model also advised

the following points.

First, the subsequent variable namely; lone parent, living in converted flats,
agriculture workers, and on benefit, were not found significant. However, the

variables; “Rented from local authorities”™ and “other households” were found
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statistically significant. More precisely, for individuals living in non-family
arrangements, the odds ratio for becoming a couple with children family was higher
by a factor of 11.82. This was consistent with the work of Stone et al. {2011} and
Daly (2005), suggesting that these households are more likely to move to couple
without children households. As a result, they should make transitions to couples
with children after some time. Like in the previous models, for householders aged
between 46 and 35, the odds ratio was higher by a factor of 4.575. Similarly, the odds
ratios for the following dwelling types namely: detached and semi-detached, were
4.812 and 2.205, respectively. Additionally, householders belonging to the following
socio-economic classes; higher-grade professionals, lower-grade professionals, routine-
non manual, small proprietors without employvees, and farmers/smallholders, were
more likely to be couple with children families in the next 4 years. The high
proportion of self-employed householders living in couple with children families
(around 1 million}, is the reason behind the high odds ratio of small proprietors with
employees (CitizenAdvice, 20135). Finally, the square root of benefit income was
significant but its impact was small as for a one-unit increase in this variable, the

odds ratio is higher by 2.5%.

In contrast to the above, the odds ratio for those who rented their accommodation
from local authorities was lower by 0.0874. This finding was in a good agreement.
with the UK official report on home ownership and renting {ONS, 2013d}. Similarly,
the odds ratios of the subsequent dwelling type factors namely; terraced and purpose
built flat, were 0.217 and 0.140, correspondingly. The same applies to the variables;
cohabiting couples, divorced, and never married, in which the odds ratios were lower
by 83.1%, 97.41%, and 87.6%, respectively. Finally, for householders aged between
26 and 35, the odds of becoming a couple with children in 4 years was lower by a

factor of 83%.

Finally, the odds ratios of the square root of household annual benefit income and of

annual investment income remained fairly consistent with the previous models.
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Table A. 25.Logistics regression models of transition to Couple with children households in the next 2, 3, and 4 years
(Partl)

(Year 2) (Year 3) (Year 4)
Couple CH2 Couple CH3 Couple CH4
Lone parent 7.513 6.995" 6.412
(6.650) (6.349) (6.206)
I
g S Other households - 4,956 11.82"
c
ésr E_@ (4.050) (10.46)
o
S o Aged 26-35 0.147" 0.146™ 0.150™
O —~
Q<
o S (0.0435) (0.0457) (0.0476)
Q
o 5
o Aged 46-55 2.253" 2.804™ 4575
(0.865) (1.035) (1.709)
Cohabiting couples 0.129™ 0.145™ 0.169™
<
g Q (0.0576) (0.0651) (0.0862)
c g:f
[:_@ = Divorced 0.00447"" 0.00910™ 0.0251™"
3 Q
S
2— S (0.00484) (0.00892) (0.0255)
R
Q3 Never Married 0.00264" 0.0163" 0.124"
22
3 Q (0.00203) (0.0127) (0.0908)
o
3
g 3 Not main househol der 2.807"" 1.822 1.582
59
@ (1.102) (0.712) (0.640)
Couple CH: couples with children / Note: standard errorsin parentheses
*Significance at the 95% level  ** Significance at the 99% level
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Table A. 26.Logistics regression models of transition to Couple with children households in the next 2, 3, and 4 years

(Part2)

So|gelfeA pare e . UoITepowoddy

(Year 2) (Year 3) (Year 4)
Couple CH2 Couple CH3 Couple CH4
Living in detached dwellings 3.708™ 6.149™ 4812
(1.814) (2.983) (2.445)
Living is semi-detached 1.694 3.792" 2.205
dwellings
(0.714) (1.711) (1.048)
Living in Terraced dwellings 0.241™ 0.576 0.217"
(0.125) (0.292) (0.116)
Living in Purpose built flats 0.143" 0.233" 0.140
(0.0869) (0.166) (0.121)
Living in converted flats 0.0324™" 0.0322 0.391
(0.0410) (0.0473) (0.491)
Dwelling owned outright 7.799" 2.690 4.535"
(4.171) (1.313) (2.467)
Dwelling Rented from 0.0757" - -
employer
(0.0978)
Dwelling rented from local - - 0.0874
authorities
(0.0906)
Dwelling rented from private 0.342 - -
landlords
(0.204)

*Significance at the 95% level

Couple CH: couples with children / Note: standard errors in parentheses
** Sjgnificance at the 99% level
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Table A. 27.Logistics regression models of transition to Couple with children households in the next 2, 3, and 4 years

(Part3)

(Year 2) (Year 3) (Year 4)
Couple CH2  Couple CH3 Couple CH4
Higher-grade professionals 1.743 3.196" 2,724
(0.574) (1.263) (1.136)
Lower-grade professionals - 3.031" 5.117"
(1.208) (2.088)
Routine non-manual 3.302° 2.33" 462"
employees
© (1.765) (1.26) (2.036)
o
o Small proprietors with 2412 3.035 -
§i§ employees
Q (1.877) (2.296)
o
3, Small proprietors without - 9.822" 16.11"
8 employees
g (7.004) (12.56)
S Skilled manual workers 2.806 2612 -
) (1.932) (1.677)
B .
Foreman technicians - - 2.982
(1.731)
Farmers/smallholders - 10.39 7.188"
(10.02) (6.543)
Agriculture workers 0.0981 0.0562"
(0.188) (0.0804)
On benefit 2.393" 1917 1.628
(0.784) (0.635) (0.524)
=]
< 8 Square root of annual 1.012 1.032" 1.035™
g 3 benefit income
) @ (0.00714) (0.00785) (0.00751)
= @
B 2 Square root of annual 0.980" 0.966™ 0.968"™
8 investment income
(0.00832) (0.00838) (0.00823)
McFadden’s R2 0.495 0.450 0.430
Type of model Fixed effects  Fixed effects Fixed effects
Sample size 1108 1024 918
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Transition after 6 years

In comparison to the previous models of vear 1-3, the analysis of the transition model
belonging to the 6" yvear of transitions to couple with children households shows that
the independent factors are responsible for 28.5% of the variation in the dependent
variable. This examination also indicated that the vast majority of the factors had a
positive impact on the predicted variable. In addition to that, many variables were
insignificant from the precedent model. These include; divorced, never married, semi-
detached, owned outright, routine non-manual, small proprietors without emplovees,

semi-unskilled manual workers, and investment income.

As for the significant variables, the odds of most of them remained fairly consistent
with the previous model. For examples, for unrelated households, the odds for being
a couple with children in 6 vears was higher by a factor of 5.507. Similarly. the odds
ratios were 2.243, 3.611, and 4.497 higher, for those living in detached dwellings and
belonging to higher and lower-grade professional classes, correspondingly. The same
applies to the ones working full-time as the odds ratio was higher by a factor of 2.312.
However, variables namely; on a benefit, and aged 36-45 were also found significant
in this model. The odds ratio of the former variable (2.678) was in line with the ones
of yvear 1 and year 2 models. As for the odd ratio of householders aged between 36

and 45, this was consistent with the UK report on births by parents (ONS, 2015a).

In contrast to the above, the factor cohabiting couples was the only variable with a
negative impact. More specifically, the odds for being couples with children for
cohabiting couples in 6 vears was lower by a factor of 0.396, which is almost 2.67
times higher than the odds ratio of the previous model. This, in turn, advises that
the likelihood of being couples with children increases in function of the length of the

relationship between cohabiting couples.

Transition after 7 years
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The investigation of the transition probabilities to couples with children after 7 years,
has demonstrated that the model’s independent factors cause the dependent variable
to vary by 25.7%. The examination of the model’s coefficients also suggested that
the majority of the significant variables had a positive impact on the dependent
factor. Furthermore, it has showed that variables namely: other households, lower-
grade professionals, and routine non-manual workers, were not found significant.
Conversely, this model has witnessed the significance of new variables, in comparison

to the previous one. These include; divorced, terraced, and skilled manual workers.

In addition to the above, the remaining variables were consistent with the previous
model. For example, for householders aged 36-45 and 46-55, the odds ratio for being
in a couple with children household were higher by 3.744 and 5.54, respectively.
Similarly, for householders who were divorced 6 vears ago, the likelihood of being a
couple with children in the vear after was high by a factor of 4.189. This could be
attributed to a possible occurrence of remarriage after divorce, which accounts for
around 15% of all UK marriages (ONS, 2013e}. Finally, the odds ratios were 2.761,
1.891, 3.644, and 2.881, for the variables: dwelling owned outright. higher-grade

professionals, on benefit, and working full-time, correspondingly.

On the other hand, surprisingly, the odds ratio for being couples with children in 7
years, was lower for householders lodging in semi-detached dwellings by 33.5%. This
could be because this dwelling type is also popular for other household structures
such as couples without children, as indicated in Table A. 18 {above). However, there
was not enough evidence to draw further conclusions. Thus, more research is needed
in this regard. Conversely, the odds ratio for households living in terraced houses was
lower by a factor of 0.215, which was in good agreement with previous models. In
other words, terraced houses were mostly occupied by lone parents and single non-
elderly households. Finally, for skilled manual workers, the odds for being a couple

with children was lower by 77.3%. Again, this was in line with lone parent transition



455 Appendix

models and the UK 2011 census report (ONS, 2011c), suggesting that this socio-

economic class is more likely to be a lone parent household.

Transition after 8 years

The analysis of the model reflecting the transition probabilities to couple with
children households in 8 years has suggested that the independent factors are
responsible for 22% of the variation in the dependent variable. The examination of
the model’s coefficients also advised minor changes in comparison to the previous
models. These comprise; the insignificance of the variables namely; dwelling owned
outright, working full-time, and skilled-manual workers. Furthermore, the

significance of the factor “living in end-terraced houses”.

In addition to the above, the variables namely: aged 36-45, aged 46-55. divorced,
higher-grade professionals, on benefit, and the square root of annual benefit income,
had a positive impact on the dependent variable. In particular, the odds ratios were
higher by 3.867 and 5.876, for householders aged 36-45 and 46-53, respectively. The
odds ratio of the variable “divorced”; however, almost doubled from the last model
to reach 10.99. This reinforces the statement made previously with regards the
likelihood of remarrying after divorced. Furthermore, it wag in line with the report
on divorce and remarriage in England and Wales, which advises that divorces usually
occur at a younger age. Thus, the chances of having remarried for those is high
{Haskey, 1998). Like in the previous models, the odds ratios were 3.669 and 2.702,
for higher-grade professionals and households on benefit. Finally, for a one-unit
increase in the square root of annual benefit income, the odds of being couples with

children after 8 years was higher by 2.3%.

On the other hand, the subsequent factors namely; cohabiting couples, living in semi-
detached dwellings, living in terraced houses, and end-terraced dwellings, had a

negative impact on the dependent variable. More precisely, their odds ratios were
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0.4335, 0.291, 0.390, and 0.163, respectively. These findings were in good agreement
with the previous models and with the UK official report on home ownership and

renting (ONS, 2013d).

Transition after 9 years

The analysis of the model showing the transition possibilities to couples with children
in 9 vears has shown that the model’s independent factors can cause the dependent
variable to vary by 18.4%. The examination of the model also indicated that variables
with a negative effect in the precedent model{s) were insignificant in the actual one.
As a result, all statistically significant variables had a positive impact on the

dependent factor.

In more details, for householders aged 36-45 and 46-35, the odds ratio for being a
couple with children family in 9 years were higher by a factor 2.265 and 4.987,
correspondingly. Similarly, the odds ratios were 3.448 and 2.398, for higher-grade
professionals and for those receiving benefit, respectively. Additionally, for a one-unit.
increase in the square root of annual benefit income, the possibility of living in a
couple with children arrangement was higher by 2.8%. The variable; divorced; on the

other hand, was not significant at the 5% level,

In contrast to the above, cohabiting couples, living in semi-detached dwellings, living
in terraced houses, and end-terraced were not significant at both the 1% and 5%
levels. This means that there was not enough evidence to determine the direction of

the association between these factors and the dependent variables.
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Table A. 28.Logistics regression models of transition to Couple with children households in the next 6, 7, 8, and 9 years

(Partl)

(Year 6) (Year 7) (Year 8) (Year 9)
Couple CH6 ~ Couple CH7 Couple CH8 Couple CH9
Lone parent - 3.794 - -
3
3.415
S - ( )
% 8 Other households 5.507" - - -
o 8 (4.675)
g % Aged 36-45 4.479" 3.744 3.867 2.465"
8 %* (1.621) (1.157) (1.352) (1.106)
<
@
%. % Aged 46-55 6.01" 5.54" 5.876" 4,987
S a
® (2.01) (1.78) (1.568) (1.987)
Cohabiting 0.396" 0.365 0.435™ 0.362
couples
= (0.163) (0.155) (0.212) (0.227)
%. Divorced - 4.189" 10.99" 5.841
o
Q0 (2.764) (8.946) (5.371)
2
& Separated 4.629 - - -
<
Q (4.412)
g
§ Never Married - - 0.235 0.285
(0.219) (0.246)

*Significance at the 95% level

Couple CH: couples with children / Note: standard errorsin parentheses

** Significance at the 99% level
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Table A. 29.Logistics regression models of transition to Couple with children households in the next 6, 7, 8, and 9 years
(Part2)

(Year 6) (Year 7) (Year 8) (Year 9)
CoupleCH6  CoupleCH7  Couple CH8 Couple
CH9
Living in detached 2.243" - - -
dwellings
(0.990)
Living issemi- 1.765 0.465" 0.291" 0.463
detached dwellings
(0.711) (0.163) (0.139) (0.202)
> Livingin Terraced - 0.215™ 0.390° 2.455
9 dwellings
% (0.102) (0.239) (1.512)
3
o Living in Purpose built - 0.277 0.329 -
S flat
g’__)'_ S
o (0.185) (0.282)
S
@ Living in converted 2.308 - - -
D flats
] (2.555)
S
- Living in End-terraced - - 0.163" -
S houses
9_3 (0.138)
Dwelling owned 2.131 2.761 - -
outright
(1.150) (1.418)
Dwelling rented from 0.316 - - -
local authorities
(0.335)
Couple CH: couples with children / Note: standard errorsin parentheses
*Significance at the 95% level  ** Significance at the 99% level
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Table A. 30.Logistics regression models of transition to Couple with children households in the next 6, 7, 8, and 9 years
(Part3)

(Year 6) (Year 7) (Year 8) (Year 9)
Couple CH6 Couple CH7  Couple CH8 Couple
CH9
Higher-grade 3.611" 1.891 3.669" 3.448
professionals
(1.545) (0.587) (1.707) (1.827)
Lower-grade 4.497"" - 2.050 1.863
professionals
(1.994) (0.834) (0.869)
% Routine non- 2.892 1.644 - -
cT)' manual employees
R (1.631) (0.799)
@]
S
% Small proprietors 0.515 - - -
4 with employees
o (0.494)
% Small proprietors 2.661 0.506 0.369 0.406
L without employees
g (1.729) (0.288) (0.243) (0.318)
B Skilled manual - 0.227 0.418 0.178
workers
(0.147) (0.309) (0.169)
Semi-unskilled 3.660 1.869 - -
manual workers
(2.470) (1.109)
On benefit 2.678" 3.644™" 2.702" 2.398"
_ (0.890) (1.159) (0.986) (0.999)
S
Q
5 o Square root of 1.013" 1.013" 1.023™ 1.028™"
= 3 | anua benefit
& = income
§ g— (0.00433) (0.00397) (0.00517) (0.00634)
8 Working full-time 2312 2.881" 1.725 1.256
(0.847) (0.963) (0.606) (0.522)
McFadden’s R2 0.285 0.257 0.22 0.184
Type of model Fixed effects Fixed effects  Fixed effects Fixed
effects
Sample size 780 77 659 580
Couple CH: couples with children / Note: standard errorsin parentheses
*Significance at the 95% level ~ ** Significance at the 99% level
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A.3.4 TooOLS AND TECHNIQUES USED IN DEVELOPING EVOENERGY

Unlike the old Unity Legacy GUI (graphical user interface) system, the new unity
3D GUI (graphical user interface) system is non-programing centric which means
that only a fairly small amount of scripting is needed to build and govern the
behaviour of a user-interface. The first step towards creating a user interface consists
of adding a canvas. This latter acts as the paint board of the user-interface controls.
It should be noted that the new Canvas system can be created as an overlay, in a

2D camera with a perspective, or even totally emerged in a scene as a traditional 3D

object.
v|_||¥ canvas & L I”;em" ! ——
“p t [ [Jstatic
Render Mode | Screen Space - Overlay ] - rarameter pane’ — e T
; Tag | Untagged #| Layer | UL 3
Pixel Perfect g "’ Rect Transform (g
Sart Order 0 custom Left Top Pos Z
_ _ = 18.09998 | 36.4 0
Target Display [ Display 1 + 1§ @ Right  Bottom
2 Rignt  Botfom
- & 55.90002 | 25.2
‘F@Ean\ras Scaler (Script) @2 |vanchos
I Scale Mode | Constant Pixel Size s | Min x[0.52735] ¥ [0
Max x|l Y1
Scale Factor 1 o X[0.5 rl0.5
Reference Pixels Per 100 =ty s TE zl0
Scale X1 ¥ |1 Z|1

Figure A. 55.The unity canvas tab (left) and rect transform tab (right)

Once the canvas is in place, the following step comprises adding a panel, which is a
highlighted background with a pre-set image that helps grouping different UI
elements such as buttons, sliders, texts, and others. Depending on the design of the
user-interface, the “Rect Transform” component (Figure A. 35) allows to resize,
rotate, and scale different Ul elements. Moreover, control their pivot and anchor
positions. Finally, the last step involves defining the behaviour of each Ul element
using a script. For example, as depicted in Figure A. 56, a simple script was written
to enable the user to return to the main menu once the back button is clicked. The
script consists of a public function which returns a void and takes a Boolean value
as a parameter. If the button is clicked and the Boolean value is not open, the

household transition menu will be disabled, and the main menu will appear.
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public void TransitionMe(bool Open) {
if (Open)

"« BackButton (Image {
-: TransitionMenu.gameObject.SetActive(true);

MainMenu.gameObject.SetActive(false);

)

if (lOpen) {
TransitionMenu.gameObject.SetActive(false);
MainMenu.gameObject.SetActive(true);

¥

on Click () I

Figure A. 56.Unity Ul Button tab (left) and its script on the right
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