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Abstract

Various forecasting tools, based on historical data, exist for planners of national
networks that are very effective in planning national interventions to ensure energy
security, and meet carbon obligations over the long term. However, at a local community
level, where energy demand patterns may significantly differ from the national picture,
planners would be unable to justify local and more appropriate intervention due to the
lack of appropriate planning tools.

In this research, a new methodology is presented that initially creates a virtual
community of households in a small community based on a survey of a similar
community, and then predicts the energy behaviour of each household, and hence of the
community. It is based on a combination of the statistical data, and a questionnaire
survey. The methodology therefore enables realistic predictions and can help local
planners decide on measures such as embedding renewable energy and demand
management.

Using the methodology developed, a study has been carried out in order to understand
the patterns of electricity consumption within UK households. The methodology
developed in this study has been used to investigate the incentives currently available to
consumers to see if it would be possible to shift some of the load from peak hours.
Furthermore, the possibility of using renewable energy (RE) at community level is also
studied and the results presented. Real time pricing information was identified as a
barrier to understanding the effectiveness of various incentives and interventions. A new
pricing criteria has therefore been developed to help developers and planners of local
communities to understand the cost of intervention. Conclusions have been drawn from
the work. Finally, suggestions for future work have been presented.



Acknowledgments

The completion of this work would not have been possible without the many people who
have in various forms provided support, guidance and inspiration. First and foremost |
would express my appreciation and gratitude to my supervisor Dr. H. S Rajamani. He
has been very generous in his time and always a source of encouragement and
inspiration to me. Also, | would like to thank, Professor Raed A. Abd-Alhameed for
his valuable support, friendship and guidance throughout this work. My thanks are

expressed to Dr. D. Liang for his help and advice.

The financial support and sponsorship by the Libyan government are highly

acknowledged and appreciated.

I wish to express my deepest thanks to my friends for their endless support throughout

my research.

Last, but certainly not least, a huge thanks to the family and friends who have never
complained when my PhD distracted me or made me late yet again. A special mention
has to go to my mum, my father and my wife for their support and encouragement

through all of my pursuits over the years.



Table of Contents

ADSTIACT ... et nae s [
ACKNOWIBAGMENTS......ociiiiiiecciccee e I
LiSt OF TADIES ... Vil
LISE OF FIQUIES ..ottt IX
el (0] 1)1 S TSP R PTRTRURRP Xii
Chapter 1 INtrodUCTION .......ooviiieee e 1
I =T Tod (o | (010 o ST S SRR 1
1.2 RESEAICH ODJECTIVES ......eeviiiieiieiicie sttt 4
1.3 TheSiS OrQANIZALION ......c.ecviiiiie et be e e s besreesbesbeeeesreenaesaeas 4
Chapter 2 Literature REVIEW ...........coviiiiiii e 7
2.1 BACKGIOUND ...ttt bbb 7
2.2 LITErature REVIBW.......o.eiuiiiiiiciiieei ettt 8
2.2.1 Energy Trends in the UK DOMESEIC SECLON .........ccviiiiriiiieieieieiee e 8
2.2.2 Overview of Techniques to Model Energy Consumption..........ccccoovvvverenenereinenenn. 11
2.2.3 Factors Affecting Domestic Energy Consumption ............cccoceeveveieeiiesesecsese e 14
2.2.4 1L.0ad Profile MOEIS..........coviiiiiiiisireeee e 18
2.2.5 Demand Side ManagemENT .........ccccccveiiiiiie i st 21
2.2.6 Occupants Behaviours and Occupancy Patterns ..........ocooeveieininienincneseeeeeee 24

2.3 CONCIUSTON ...ttt bbb bbb s bt b et b bbb e e nenne s 27
Chapter 3 Traditional Load Profile TOOIS..........ccccooiiiiiiiiniiee e, 29
3L BACKGIOUNG ...tttk bbbttt bbb 29
3.2 Forecasting Household Electricity Demand using a Regression Analysis Technique.......30
3.2.1 Data DESCIIPLION. ... cvieeiiteeiie ettt ettt sttt sttt sae et e eesaeeneesbeeneeneesaeeeeneas 30
3.2.2 Forecasting of Households’ Monthly Electricity Consumption............ccoceevveiennnnn 37



3.2.3 Load Profile from Measurements from a Single Household...............cccccoeeveveivenenne. 41

RS O] aTod [U1S] o] o IR 45

Chapter 4 Statistical Predictions of Electric Load Profiles in a Virtual

(00 101000 0T 1 ST 47
4.1 Electricity Consumption MOEIS.........cccooveiiiiii it 47
4.2 1080 PrOTIlE.....ooeee e 50
4.3 Methodology and Data.........ccceeueiieiiiiie sttt re e e 51

4.3.1 AIGOrithm DESCIIPLION ...cvveiiiiiiiiiiecie e 52
4.3.2 Creation of Virtual Community Data INPULS.........cccceeviiiiieie e 54
4.3.3 Electric Lighting PatternS.........cccvcveiiiecieie ettt 65
4.4 Generating the Load Profile ... 66
4.4.1 Household Type AHIOCALION ........ccveiiieiiccc e 66
4.4.2 Time of Use Probability Profiles..........ccoeiiiiiiiiiiieee e 67
4.4.3 Generation of Electricity Load Profile ..o 68
A5 RESUIES ...ttt 70
4.6 Comparison t0 Measured Data...........cccerereieiiiiiniesiese e 76
4.7 DISCUSSION ...tttk bbbttt bbbttt bbbt 78
4.8 CONCIUSION ...ttt bbbttt bbbt et 79

Chapter 5 Investigation of Tariff Initiatives for Peak Load Shaving at

DOMESHIC LEVEL ...ttt 81
TR = 7= Tod (oo ] 3T OSSPSR 81
5.2 INEFOTUCTION ...ttt bbbttt b n et 82
5.3 Demand Side ManagEMENT ...........ccuiiiiieie et eee st st ee st tee e seeeseeste e e seesaeeneeseeeneeneeas 83

5.3.1 Definition and Objectives of Demand Side Management...........cccocvvvrererenereeinnnenn. 84
5.3.2 Approaches to Demand Side Management ............ccccooeriiiieneneene s 85
5.3.3 Implementation 0Ff DSM ........coooiiiiiieiiee e e 86



5.4 Electricity TariffS StIUCIUIE.........cviie et 89

5.5 Analysis of Household Electricity CONSUMPLION ........ccciiiiinieiiicieisesesese s 91
5.5.1 Load Profile Data CharaCteriStiCs ..o 92
5.5.2 Bill CalCUIALIONS.......coiiiiiiiiiiiiiiite s 93

5.6 ULility LOAD FACING ....voivitiieieeise st 100

5.7 Optimization of Electricity Tariff ... 103

5.8 Formulating a Mathematical Model of the Consumer’s Electricity Bill.............c..cce.... 104
5.8.1 Consumer’s Electricity Bill under Standard Tariff scheme .........ccccceovviviiiiienn, 104
5.8.2 Consumer’s Electricity Bill under Economy 7 Tariff scheme: ..........ccccovveiiiennn. 105

5.9 Problem Formulation and Optimization Model ... 107
5.9. 1 FINAI MOUEL ... 108

5.10 Solving the Model using LINDO Optimization SOftware ............cccocvveevvrivecenenieennenn 109

5.11 Electricity Tariff Optimization..........cccocoiiiiiiiieiiic e 110

5.12 Consumer’s Electricity Bill under a New Tariff Scheme...........cccoooiiiininiicicins 111

5. 13 DISCUSSION ...ttt stttk b bbbttt b bbb e ene 115

5.14 CONCIUSION ..ottt bbbt 116

................................................................................................................... 117
8.1 INEFOTUCTION ...ttt 117
6.2 Energy Supply in the UK’s DOMESHIC SECIOT.......ccviiriiieiiiiiie e 119
6.3 The Solar Resource in the UK ... 119
6.4 Photovoltaic Status in the UK ..o 121
6.5 Financial Benefits and Feed-in Tariffs for PV SyStem .........cccovviiiiniienencicieeins 123
IR\ 1= g oo (] (a0 VST 124

6.6.1 SOUICES OF DA .....eveeiieieieiieiee et 125
6.6.2 Electricity demand and PV generation pPattern..........c.cooevereiiniineneneneseeeeeeees 128
6.7 Simple Payback Period (PBP) ANAIYSIS. .......c.cccoiiiiiriiieeieee e 132



6.8 Emission Savings of the PV SYSIEM ... 137

5.9 DISCUSSION ...ttt b bbbtttk b et bbb nn e e eneene 138
8.20 CONCIUSION ...t 140
Chapter 7 Development of Pricing Criteria at Community Level............ 141
7.1 INETOTUCTION ...ttt n e e ene 141
7.2 UK EIECEIICIY MAIKEL.....ccue ittt st 142
A T V1= N o] T PSSR 144
7.4 SYSEEM BUY PIICE ...t 147
7.5 Pr UNIE SYSIEIM ..ot be st et e s te b besreebesbaennennas 150
7.6 Community Electricity Cost UNder SBP ..o 152
7.7 PrICE IMOUN ... 156
7.8 Community Electricity Cost under the new Pricing Criteria.........ccccccovveveviiivicieseennenne. 160
7.9 Electricity Storage Elements and Smart Grid ..........ccocooeviieiiinininineseseseeeeas 162
7.10 Storage Battery Payback Period..........cccovcieiiiiciisi et 167
8 T 1ol TSt T o PSPPSR 170
7.02 CONCIUSION ...ttt 172
Chapter 8 Conclusions and recommendations for future work ................ 174
8.1 SUMIMAIY ...ttt bbbt bt bbb ekt b e et b e b b e b e b sneenn e 174
8.2 CONCIUSIONS ...ttt 176
8.3 Recommendations for FULUIE WOTK............ccouiiiiiiiiiieeee e 178
RETEIBNCES ... e 180
APPENTIX A .ot 197
Appendix B List of Author’s Publications ...........cccceeeveeniniennesiennnnnn, 200
Appendix C Explanation of algorithm............ccccooiiiiiinin, 217

Vi



List of Tables

Table Page

Table 3.1 Quarterly electricity consumption for seven households based on electricity

DIIIS ottt 31
Table 3.2 Average UK household monthly electricity use per square meter.................. 31
Table 3.3 MINITAB OULPUL rEQIESSION .......eviitiiiiiieiieiei et 34
Table 3.4 Predicted households’ monthly electricity consumption ..............ccccerererenenns 38
Table 3.5 Comparison of actual and forecasted monthly electricity use for Hj .............. 39
Table 3.6 Percentage error of households’ fOrecast...........ccovvivvviieienienieneee e 40
Table 4.1 Percentage share of household type ........cooeeiiiiiiii 57
Table 4.2 Domestic applianCes CAtEGONIES .....cvviuerrerieeiesienieeiesree e eee e see e 58
Table 4.3Average energy consumption of electrical appliances in the UK..................... 60
Table 4.4 Scenarios profiles & occupancy assUMPLIONS..........ccccvveririeierenesene s 62
Table 4.5 Occupation of the surveyed households.............ccooeiiiiiiniiiiis 64
Table 5.1 Demand side management Vs. supply side management .............cccccocevvrnnnns 84
Table 5.2 Standard tariffs offered by different SUPPHErsS .........coovviiieiiiiiii s 90
Table 5.3 Economy 7 electriCity tariffS rates ..........cccoeieriiiieniiisieeee e 91
Table 5.4 Electricity consumption ratio during periods..........c.ceceevrveieneneneneseseninns 95

Table 5.5 Percentage savings in consumers’ bills using economy 7 tariff (option 2)

compared to standard tariff for load Shifting..........ccccooeiiiiiiii 100
Table 5.6 Values of Q, Qr, Q2 Qn Qs and K (SUPPHEr Y) .oceiiiiiiiiiiiee e 107
Table 5.7 Optimal solution of the model ... 110

Table 5.8 Percentage savings in consumer’s bills using the economy 7 tariff compared to
the standard tariff for different schemes of load shifting...........ccccceoeveiiiiiniinnnne 113

Table 6.1 FIT LeVElS fOr SYSEMS.....c.viiiieiiiiiiiisiesieie e 124



Table 6.2. Selected locations for the present Study ..........ccccovveieiiiiiiine e 126
Table 6.3 Average daily insolation levels at different locations.............ccccccovvvvveieenee. 128
Table 6.4 Total electricity generated, total electricity bill and annual savings without

QOVEINMENT INCENTIVES ...ttt bbbt n e 134

Table 6.5 Simple payback period at different locations without government incentives

Table 6.6 Total electricity generated, total electricity bill and annual savings with
QOVEINMENT INCENTIVES ...ttt b e bbb 136

Table 6.7 Simple payback period at different locations with government incentives ...136

Table 7.1 Summary 0f DaSe VAlUES .........ccooiiiiiiiie e 151
Table 7.2 Electricity peak and night PriCes..........cooeeiiieniienisieeeeee e 167
Table 7.3 Annual electricity cost SaviNgs & PBP ... 169

viii



List of Figures

Figure Page
Figure 2.1 Sector breakdown of electricity consumption in 2010 ..........cccoceveiineninnenns 8
Figure 2.2 Domestic energy consumption by fuel, UK, 1970 t0 2010 .........ccccccvvervrnnnnns 9
Figure 2.3 Domestic energy consumption Per PErSON..........ccererererereereeriereesseseeseesnens 10
Figure 2.4 Electricity consumption by domestic appliance ............ccocveveieiciencnninnnen 11

Figure 3.1 Fitted and actual lines plot of monthly electricity consumption per square

S]] TP PPN 35
Figure 3.2 Actual and forecasted values of monthly electricity demand......................... 36
Figure 3.3 Actual and forecasted seasonal electricity use for household H, ................... 40
Figure 3.4 Load profile at 1 min and 30 min intervals............coccooviviiniiiencnencce 43
Figure 3.5 Daily winter and summer profiles ..........ccooeviiiiiiniine e 44
Figure 3.6 Monthly electric energy CONSUMPLION .......cccooveiieriiieniiineeeeee e 45
Figure 4.1 Electricity load profiles of UK average size domestic household................... 49

Figure 4.2 A typical daily pattern of demand for the average domestic unrestricted

(60 01T 0 1 T PO PP ol
Figure 4.3 Simple diagram of electric appliances in @ house...........ccceovveiiieniiiinnenn 53
Figure 4.4 Percentage UK population growth forecast 2010 t0 2030.........cccccevvrerirnnnne 56
Figure 4.5 Ownership level of domestic applianCes ..........ccccvveviiiiinieieie e 59
Figure 4.6 Projected numbers of houSeholds ............ccoeriiiiicinii e 66

Figure 4.7 Relative probability & cumulative distributive function of first usage times

per day for a hob for the single adult household ..., 68
Figure 4.8 Outline of how to produce household load profiles..........cccooeiiiiniiiiinnnnnn. 69
Figure 4.9 Instantaneous half hourly daily consumption for eight scenarios ................. 72

iX



Figure 4.10 Daily maximum, average and minimum consumption in community ......... 73
Figure 4.11 Energy consumption profile of the 400 household community.................... 74
Figure 4.12 Cumulative distribution functions at different values ............c.c.ccoeoveverennee. 75

Figure 4.13 Energy consumption profile under different cumulative distribution

FUNCTIONS ... bbb bbbt sb e ene e 76
Figure 4.14 Comparison of modeled load profile to measured data...............ccocceerienee. 77
Figure 5.1 Demand side management load Shape CUIVES .........cccceeverierenienienneeie s 89
Figure 5.2 Electricity consumption by households’ domestic appliances ....................... 93

Figure 5.3 Quarterly consumers’ bills using different standard tariffs & economy 7 tariff,

TOr the EIGNT SCENAITOS ... .ottt 96
Figure 5.4 Savings With 0ption 1 PriCing .........ccocevirinieierene e 98
Figure 5.5 Savings With 0ption 2 PriCing .........ccooviiirieieiene e 99

Figure 5.6 Comparison of normal electricity consumption profile with load shift........ 101
Figure 5.7 Comparison of normal electricity consumption profile of the 400 household

community with load shift to Night NOUIS ..o 102
Figure 5.8 Proportion of load shifted in kWh for scenarios (scheme iv) ..........cccoenee. 103
Figure 5.9 Percentage savings in consumer’s bill using a new economy 7 tariff compared
0 STANAANd TArTFT ..o 112
Figure 5.10 Percentage savings in consumer’s bills under new proposed tariffs and old

tariffs Or SCENAIIOS 4 &5.....oiuiiiiiiieee b 114
Figure 5.11 Percentage savings in consumer’s bills using new proposed tariffs and old

tariffs for the eIgNT SCENAITOS..........civiiiii i 115
Figure 6.1 Yearly global horizontal irradiation (kWh/m?) in UK and Ireland............... 120
Figure 6.2 Monthly-average solar irradiation during different months of the year ....... 121

Figure 6.3 PV installation capacity inthe UK ... 122



Figure 6.4 Monthly averaged insolation incident on a horizontal surface in Bradford 127

Figure 6.5 Monthly averaged insolation incident on a horizontal surface in Southampton

........................................................................................................................................ 127
Figure 6.6 Electricity flows in a grid connected building integrated PV system........... 130
Figure 6.7 Electricity chart for different months ...........ccccoooviiiiiiiii e 131
Figure 6.8 Monthly distribution of solar PV generation.............cccocevvvinninnnienniennnne 132
Figure 7.1 Fuel prices for manufacturing industry, cash terms, 1990 to 2010 ............. 145
Figure 7.2 Average UK household fuel price ... 146
Figure 7.3 System DUy Price VS. TIME .......ccoouiiiiiiiiieie s 147
Figure 7.4 System demand VS. TIME ........cooiiiiiiiiiee e 148
Figure 7.5 System Buy Price VS. demand; .........ccccooeiiiiniiininieieesese e 150
Figure 7.6 System buy price in per Unit VS. TIMe ........ccocoiiiiiiiinieeee e 152
Figure 7.7 SBP rate vs. community demMand...........cccooerereninininieiesese e 153
Figure 7.8 Community demand and electricity cost under SBP ............ccccociiiininnnnns 155
Figure 7.9 Community demand vs. national demand .............ccccooereiiiniicinincinenne, 156
Figure 7.10 System buy price vs. demand (data combined) ...........ccccoovvinininininnnnns 157
Figure 7.11 Simple model of system buy price vs. demand ..........cccccooeiiiiniiiniininnnns 159
Figure 7.12 Electricity cost under three price model Options ..........cccooeveveiiiininnenns 161
Figure 8.1 Block diagram of the developed methodology ...........ccccevvriiineiiiiniiinnns 175

Xi



Acronyms

AMI
BESS
CsvV
CPP
CDF
DR
DSM
DEFRA
DECC
DHW
ECUK
ERP
FIT
GDP
GHS
HVAC
HH
IRP

LMP

Advanced Metering Infrastructure

Battery Energy Storage System

Comma Separated Values

Critical Peak Pricing

Cumulative Distribution Functions
Demand Response

Demand Side Management

Department for Environment Food and rural affairs
Department of Energy and Climate Change
Domestic Hot Water

Energy Consumption in the UK

Energy Reduction Program

Feed In Tariff

Gross domestic product

Green House Gas

Heating, Ventilation and Air-Conditioning
Household

Integrated Resource Planning

Load Management Program

Xii



MPAN

OECD

ONS

PBP

PV

RTP

RE

RETs

SBP

SMLP

SSP

SM

SSM

TOU

Meter Point Administration Number
OECD countries

Office for National Statistics
Payback Period

Photovoltaics

Real Time Pricing

Renewable Energy

Renewable Energy Technologies
System Buy Price

Simple Method Load Profile
System Sell Price

Statistical methods

Supply Side Management

Time of Use

Xiii



Chapter 1

Introduction

1.1 Background

Estimating load profile data is vital for planning electricity distribution networks and
optimal generation capacity. Energy planners require this data in order to design and
operate an optimal energy system from an economic, environmental and technical
perspective. Electricity demand models are often used to forecast the demand at the

national level.

Various forecasting tools, based on historical data, exist for planners of national
networks that are very effective in planning national interventions to ensure energy
security, and meet carbon obligations over the long term. However, at a local
community level, where energy demand patterns may significantly differ from the
national picture, planners would be unable to justify local and more appropriate

intervention due to the lack of appropriate planning tools.

The most typical application of electricity demand models is the short and long term
forecasting of future use [1]. Intuitively, direct measurements look like being the best,
observable way to collect quantitative information about residential energy
consumption. Indeed, measurements of total residential electricity use in individual
households can be obtained quite easily, but to determine the proportions of different
end-uses, specific measurement devices have to be installed. Therefore, most
quantitative studies of household electricity look at total electricity demand.
However, following the growth of rules in order to increase energy efficiency there is

better attention to detail regarding what people essentially use electricity for. This
1



approach is not cost effective due to the equipment and high processing costs [2].
Moreover, a significant amount of time would be required to build up such a system.

Load modelling could be a viable alternative to this approach.

Load balancing is also a major concern for several countries, particularly where the
demand is close to the available generation capacity. This is represented in the
deregulated market by higher pricing during peak periods. Continuous growth in peak
load raises the possibility of power failure, and raises the marginal cost of supply.
The lack of domestic consumers’ awareness of the dramatic rises occurring as a result
of simultaneous high energy use is one of the key reasons contributing to increases in

load peaks.

In the UK the domestic sector accounts for about one third of the total electricity use
[3]. It contributes the largest peak demand, particularly in the winter season, which
has consequences for the power infrastructures. This ratio is expected to increase

considerably in the coming years.

Under competitive electricity market conditions, if reasonable financial incentives are
provided to consumers, they could be encouraged to modify the style of their
consumption in response of financial incentives [4]. Consequently we can achieve the
objective of making the load more level and recover the stability and efficiency of the

power system.

As a result of fossil fuels becoming ever more expensive, renewable energy power
use has been increasing rapidly in the UK overrecent years [5]. Even though
the availability of hydroelectric power is practically predictable and controllable,
renewable power (solar and wind) are only available when the weather permits. It is

therefore problematic to match supply to demand. A way to incorporate renewable
2



energy resources into the system is to combine them with storage elements to plug

the supply gap when the renewables are not available, or to do peak load shaving [6].

The renewable energy generated in a local community rather than on a national scale
can be considered as one of the key solutions to the current global challenges but it is
also vital for renewable energy projects to be developed by or with the close
involvement of local people, and to ensure that a local community experiences
benefits within relatively short time periods. Instead of producing a large amount of
energy in a few places and using very inefficient long distance transmission cables to
deliver it, it is possible to produce smaller amounts of power in many places from the
most appropriate renewable sources. Energy can then be fed back into the distribution

network, or potentially consumed locally via localized distribution networks.

Future smart grids with disperse renewable resources provide a wide range of new
features including smart metering, demand side management and integration of
storage elements. One of the drivers of smart grid deployment is the optimal
integration of embedded generation, as well as of energy storage systems and demand
side management (DSM) systems [7]. Smart grids will give customers the ability to
control energy consumption, using demand response. Such factors as peak shifting

and overall conservation will impact on a demand response system.

With the developing electricity market, storage elements, smart grids and the drive
for lower carbon generation technologies there is the opportunity to support consumer
participation in the electricity market in future, especially if they have energy
production of their own. So, the energy market is becoming more attractive and
competitive. Therefore, local energy solutions should be introduced to ensure an

efficient use of various energy resources and infrastructure.

3



1.2 Research objectives

The objectives of this thesis are:

» To develop a methodology that enables the prediction of realistic electricity
load profiles at half hourly intervals for local residential communities in order
to help local planners decide on measures such as embedding renewable
energy and demand management.

» To investigate incentives available to consumers that help in load shaving.
This includes the use of electricity storage elements on a local residential
community, rather than national scale.

» To investigate the potential and optimization of residential tariffs schemes that
could influence consumer behaviour and how these tariffs can be used to
achieve cost effective peak demand reduction via load shifting.

» To increase knowledge and understanding of the patterns of electricity
consumption and load curves within UK households (which is of use to
electricity producers and distributers) in order to study measures that could be
used to reduce energy consumption.

» To investigate the use of renewable energy generated at local residential
community level.

> Investigate measures to help planners understand the cost of intervention in

the domestic energy sector.

1.3 Thesis organization

The thesis is divided into eight chapters starting with the introduction. In chapter 2, a
literature review is presented, discussing the energy trends in the UK domestic sector.

A review of the various techniques that have been developed through the years for
4



modelling residential sector energy consumption is provided. Factors affecting

electricity demand and consumers’ behaviour, and occupancy patterns are explained.

Chapter 3 describes two cases to demonstrate the use of the traditional load profile
tools. The first case focuses on the use of the regression analysis technique to develop
a model for household electricity consumption on a monthly basis; the model
considers the results of previous study and monthly consumption derived from
electricity bills as input data. This is followed by the second case which describes and
investigates the analysis of electric energy data obtained from a monitoring study of
the electricity consumption of a single-family household with two adults and

children. The results are presented and discussed.

In chapter 4, a methodology for generating realistic load profiles at a residential
community level and its key data sources are presented. The results are presented and

discussed.

Chapter 5 presents and discusses the investigation of economy?7 tariffs as an incentive
to generate demand response and shows its impact on consumer behaviour in UK
domestic buildings using the results presented in chapter 4. This is followed by an
investigation of an optimization of residential tariffs scheme which could influence
consumers’ behaviour to achieve cost effective peak demand reduction via load

shifting.

Chapter 6 contains an evaluation and investigation of the impact of using renewable
energy on local communities based on the methodology presented in chapter 4. This
is followed by an investigation of optimisation of residential tariffs schemes that

could influence consumers’ behaviour. The results are presented and discussed.



Chapter 7 demonstrates pricing criteria to help developers and planners of local
communities to understand the cost of intervention in order to evaluate where the

load is when the prices are high. The results are presented and discussed.

Finally, in chapter 8 a summary and conclusion of the thesis are presented, as well as

suggestions for future work.



Chapter 2

Literature Review

2.1 Background

Adequate information on the electricity consumption pattern of consumers is
necessary as a basis for assessing the influence of any initiative to reduce overall
electricity use and determine the amount of overall reduction which occurs during
different times of the day. With this information, utilities would be able to develop
trading and marketing strategies and have the ability to design specific tariff choices
for the various types of consumers. This information could also be used to better
address the operation of the distribution infrastructure, its future enhancement, and
for integrated system planning by considering the load management alternatives that

can be used to effectively meet system peak demand.

The demand characteristic is the most important factor for analyzing consumers’
information. Load research has been widely used in different utilities in many
countries to work out the load characteristics of consumers. Information on the
consumers’ consumption patterns can be gathered through the use of the daily load

profile.

In this chapter, energy trends in the UK domestic sector are presented, and the
various modelling techniques that have been developed through the years for

modelling residential sector energy consumption are reviewed.



2.2 Literature Review

Over the years various studies have been conducted on the topic of residential
electricity demand. Due to the wide range of topics, this literature review has been

arranged so that key reference papers are presented.

2.2.1 Energy Trends in the UK Domestic Sector

In the UK, there are approximately 26 million houses, and the number of households
in the UK increased by 17 percent between 1990 and 2010 [8-10]. In 2010, final UK
electricity consumption was 328 TWh, where the domestic energy use accounted for
about 36 percent% (119 TWh) of total UK final energy consumption [9]. Figure 2.1

below breaks this down by key economic sector.

Sector breakdown of electricity consumption 2010
(328TWh)

Figure 2.1 Sector breakdown of electricity consumption in 2010 [9]

The fuel mix for domestic energy consumption has significantly changed since 1970

when 39 percent of consumption was coal, 24 percent natural gas and 18 percent

8



electricity; this changed to 8 percent coal, 63 percent gas and 18 percent electricity in
1990; and to 1 percent coal, 69 percent natural gas and 21 percent electricity in 2010,
as shown in figure 2.2. This means that residential use of electricity has grown by
16.7 percent from 1990 to 2010 [9]. This indicates that residential electricity use is a
significant portion of the total domestic energy use. It contributes to the largest peak
demand, particularly in the winter season, which has consequences for the power

infrastructure [14].

100%
90%
80%

70%

@ Petroleum

B Renewables and waste
B Heat sold

@ Electricity

m Natural gas

@ Other solid fuels

B Coke and breeze
mCoal

60%

50%

40%

Thousand tonnes of oil equivalent

30%

20%

10%

0%
1970 1975 1980 1985 1990 1995 2000 2005 2010

Figure 2.2 Domestic energy consumption by fuel, UK, 1970 to 2010 [9]

The UK Government’s Climate Change Bill in 2007 sets a legally binding target of a
60% reduction in national CO, emissions by 2050 compared to 1990 levels [11]. In
the domestic sector emissions have increased by 2% since 1990 despite non
electricity consumption in the domestic sector increasing by 9.5% over the same

period. The reason for this is considered to be the increase in the number of
9



households, with reduced average energy consumption per household. This evidence
suggests that changing household energy behaviour and reducing the use of resources
by everyday practices will play a large part in reducing our national energy
consumption and CO; emissions if the UK is to meet emissions reduction targets.
Energy consumption per household has increased by 1 percent and energy

consumption per person has increased by 9 percent in 1990 as shown in Figure 2.3.
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Figure 2.3 Domestic energy consumption per person [9]

Figure 2.4 below is an estimation of UK household electricity demand load by
domestic appliance, for the main appliance categories: (i) lighting; (ii) cooking
appliances; (iii) cold appliances (iv) wet appliances; (v) brown appliances; (vi)

miscellaneous appliances [13].

10



Figure 2.4 Electricity consumption by domestic appliance

According to the UK Department of Energy and Climate Change (DECC) the
average domestic consumption per Meter Point Administration Number (MPAN) in

2008 was 4,202 kWh.

2.2.2 Overview of Techniques to Model Energy Consumption

This section aims to give a brief description of the various modelling techniques used

for modeling residential sector energy consumption.

Domestic energy demand models might focus on a building, city, region, or nation.
The electricity demand models are often applied to forecast the demand at the utility
level. The data that electric utilities usually have on residential electricity use do not
include much information on its nature. The data is usually the total consumption of
several households without awareness of the actions in individual households. The

variation of electricity use relating to an individual household remains unseen, as
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does the partition of use between different categories of household appliances.
Alternatively detailed information can be produced with simulation models. The level
of detail of input parameters is a function of data availability, model purpose, and
assumptions. Increased detail allows for more wide ranging analysis of particulars,
even though precise assumptions might considerably simplify the modelling

procedure and provide appropriate results.

The various modelling techniques for residential energy use can be mainly classified
into two approaches: top down (econometric) and bottom up (engineering). Each
technique relies on different levels of input information, different calculation or
simulation techniques, and provides results with different applicability. The
terminology is with reference to the hierarchal position of data inputs within the

domestic sector as a whole [14].

2.2.2.1 Top down Approach

The top down model attempts to attribute aggregate energy use data to different
characteristics of the residential sector and economy, with the main aim of
recognizing long term trends in energy consumption. It treats the whole sector as
energy sink and is not concerned with individual end uses [15]. It makes use of
historic aggregate energy usage data supplied by energy suppliers, and treats it as a
function of top level variables. Variables that are commonly used by top down
models include macroeconomic indicators such as population, gross domestic product
(GDP), climatic conditions or housing construction and demolition rates [15]. The top
down approach is used to provide long-term forecasting, and due to its reliance on

historical data, it usually focuses on national levels rather than local levels.
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The strengths of the top down approach are: it needs only aggregate data which is
commonly available, simplicity, and the ability to identify trends over time when
historical data is used. The reliance on historical data is also a drawback since these
models have no essential capability to directly model changes that are not reflected in
economic or demographic variables, such as improvements in technology or
behavioural changes [16]. Moreover, the lack of details about the energy use of
individual end uses reduces the ability to identify key areas such as implementation
of demand side management (DSM) and meeting a countries commitment to CO,

emission targets.

2.2.2.2 Bottom-up Approach

Although top down models help to explain trends in whole housing stock energy use
patterns, they cannot show the different components that contribute to energy use at
the consumer level. For this type of analysis it is required to carry out investigation at
the local level. The bottom up method takes a disaggregated approach and predicts
energy load data using a combination of physical, behavioural and demographic

characteristics for a household [17].

Bottom up method can be categorized into two types which are reliant on the data and
structure of the study needed. These types are the statistical method and the
engineering method. The engineering model approach is based on building physics. It
estimates the energy use of different end-uses by taking into consideration energy
ratings and usage of appliances. Statistical methods (SM) are based on historical data
and types of regression analysis which are used to attribute household energy use to

particular end uses [18-19]. Once the relations between end uses and energy use have
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been recognized, the model enables to predict the energy demand of households

representative of the housing stock.

The detailed data input can be considered the strength of the bottom up approach and
enables it to model technological choices. The bottom up model has the ability to
predict the energy use of each end use and in doing so can identify areas for
improvement. As energy use is calculated, bottom-up approaches have the ability to
determine the total energy use of the domestic sector without relying on historical

data.

In conclusion, the main dissimilarity between the two approaches is the perspective
that is adopted. Top down method starts with aggregate information and then
disaggregates down as much as they can. Conversely, bottom-up methods start with

detailed disaggregated data and then aggregate this data so far as they possibly can.

2.2.3 Factors Affecting Domestic Energy Consumption

Understanding the main determinants affecting a households’ energy use is important
for the planning and implementation of efficient strategies to reduce energy use in the
domestic sector. There are many factors affecting the energy demand of households.
These factors potentially include electricity price, number of electric appliances,
income level, weather conditions, the energy systems within the building and the
behaviour of the occupants living in the building. The factors affecting the levels of
energy use in domestic buildings could be divided into two types of determinants

[18,40]:

1- Behavioural determinants: Occupants’ behaviour of using energy in a house can

significantly influence the household’s energy use. The electric energy consumed
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may slightly relate to weather but is strongly related to households’ human
factors (occupants’ behaviour). The behaviour of occupants towards the
appliances they use (switching them off or not at departure, using different
appliances at once, their behaviour towards stand by appliances) will play an
essential role in shaping the load profile.

2- Physical determinants: The kind of energy consumed, for example, heating,
cooling and lighting energy has a high correlation to climate and building design,
however a low correlation to occupants’ behaviour. The physical factors of
energy usage, such as house size, design, and heating system are the result of

relatively fixed decisions.

Several authors have previously looked into the characteristics and factors affecting
domestic energy consumption [20-29]. In [20] the growth in electricity use was
found to be the result of many factors including income levels, energy policy
measures, and consumer behaviour. Governments sometimes have promoted using
electricity as an alternative for oil in support of energy security reasons. The demand
for electricity can also be influenced strongly by the structural changes in the
economies of the OECD countries, through the effects of increased personal income,
changes in lifestyle, and shifts in the composition of industrial output and

developments in production technologies.

In [21] an econometric model with log linear demand function was used to study the
monthly electricity consumption for domestic consumers throughout the summer
season, for the period from 1972 to 1975. The results showed that the factors

influencing electricity consumption were weather, the real price of electricity, and
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requests for energy conservation. Even though this reference is old, it is still relevant

to work with traditional modeling.

The study in [22] split the total household electricity use into four main end uses;
heating, ventilation and air-conditioning (HVAC), low power appliances, lighting and
lifts. Throughout the hot summer months, it was found that HVAC was the major
electricity end use, accounting for about 30-60%, lighting was second with 20-35%
and low power appliances was the third with about 15-25%.The lift accounted for the

smallest percentage of the total load.

In [23] the relationship between energy use and GDP using annual data from 1971 to
2002 for twenty countries was investigated. The study results explained that an
increase in GDP is associated with an increase in energy use in the long term.

In [24] the determinants behind increased household electricity demand in Norway
were investigated by using annual consumer expenditure data. The findings showed
that, an increase in the number of households, average electricity consumption per
household, stock of appliances, income, and number of rooms, were the main factors

responsible for the rise in household demand for electricity.

The authors in [25] studied the determinants of aggregate electricity demand in South
Africa by using an econometric model throughout the period 1960 to 2007. The
results showed that use of electricity was deeply influenced by changes in household
income. However, the study found that changes in electricity price had no effect on
electricity use. The study found that any government policy for implementing

changes in electricity price relies on the factors which affect electricity use.

The authors in [1] presented results from the analysis of responses to an individual

household questionnaire survey and associated annual gas and electricity meter
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consumption data of UK domestic energy-demand. Simple and multiple regressions
were used to determine the strength of the relationships and identify the most
statistically significant indicators of differences in gas and electricity consumption.
No significant effects of built-form type on energy consumption have been observed
in the sample of data available. However, the findings showed that the number of
bedrooms and regular home-working, have a significant influence on household

energy consumption in the UK.

Household electricity use in Taiwan was studied for short and long term periods [26].
The key variables of the study were household income level, electricity price,
population growth, and weather. The analysis concluded that in the long term
electricity demand increased as household income increased, with price having a
negative impact. However, the effects of price and income were smaller in the short
term as compared to the long term. Moreover, weather and urbanization influenced
electricity consumption in both the short and long term. A study in [27] confirmed
this result by making a comparative analysis of the determinants of electricity
demand in domestic and commercial sectors for London and Athens, and reached the
same conclusion; that social, economic and demographic factors play a key role in

demand for electricity.

A study looked at the determinants which brought changes in aggregate electricity
demand in Greece for both short and long run periods [28]. The study concluded that
in the long run real income, price level and weather played an important role in
domestic electricity demand. However, in the short run changes in demand for
electricity were influenced only by weather conditions. The author concluded that

domestic demand for electricity in future will stay stable in Greece. A study in [29]
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analysing the factors of household (HH) energy demand in Turkey also concluded

that income and price influence electricity demand.

2.2.4 Load Profile Models

Nowadays, load profiling has become one of the most appropriate methods to deal
effectively with the consumers’ load shape. The aim is to divide consumers with
similar load profiles into consistent groups. Load profiling is commonly used for
billing, demand predicting, and tariff designs. The choice of the most appropriate
load profiling method for any situation depends on factors including data availability,
cost, equipment availability, accuracy requirements, regulatory requirements and the

needs of the utility distribution company [4].

Several papers present work regarding the establishment of load profiles for a group
of consumers [4, 30- 44], which are based on surveys and measurements.

A survey of more than 1000 adults was conducted via a questionnaire in the south
east of England by [4] in order to collect information about consumers’ ownership

levels of appliances, their usage patterns, etc.

A measurement of electrical energy use profiles for the social housing sector in the
UK was taken over a period of 2 years [30]. The measurements were all obtained at 5
minute intervals. Annual energy uses, daily and overall profiles were obtained for the
dwellings from the data. A survey was undertaken amongst the occupants living in
the monitored houses in order to make a link among the energy use profiles and

SOCio-economic issues.

The Swedish Energy Agency [31] recorded appliance consumption data of individual

appliances for 400 households in order to understand where and how measures

18



should be taken to increase the number of energy efficient appliances in the homes.
This provided accurate consumption data on individual appliances and the results are

of sufficient detail to make energy efficiency recommendations.

The patterns of electricity consumption and how occupancy and housing
characteristics affect domestic electricity use for 27 homes in various locations
throughout Northern Ireland (cities, towns and villages) were studied by [32]. The
results of this study showed that there is a strong correlation between average annual

electricity consumption and floor area.

A demand side management study in 1999 recorded electricity load profiles for 30
homes every one-minute over periods of 1- 4 weeks [33]. The recorded loads clearly
show the effects of different appliances on consumption levels. Similar monitoring
studies in the non-domestic building sector (secondary schools) have also been
undertaken which identify consumption patterns based on whole building electricity
measurements [34]. A study in [35] provided a detailed analysis of the effects of time
averaging on eight domestic electricity load profiles at a resolution of one minute.

Data were logged and analysed at 1 min intervals at seven houses over two years.

A bottom-up approach was presented by [36]. This was based on relevant
socioeconomic factors, demographic characteristics, lifestyles and also appliance
ownership, where load curves are constructed from power demand profiles of single
appliances. Load profiles for individual houses were generated. The aim was then to
aggregate the profiles in order to predict the overall consumption of a group of
households in a given area. This information could then be used to predict the
response to rate policies and demand side management strategies. Likewise, another

study [37] presented another bottom-up model for creating domestic electricity load
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profiles at individual household level, where the household load profile comprises of
individual appliance groups. The input data of the model was based mainly on public
reports and statistics. The problem with models having both high temporal and spatial
resolutions is the amount of input data needed and the often complicated model

structure.

In [38] a model of domestic lighting demand was developed. The model is based on
half hourly data measured for a sample of 100 houses in the UK. A modelling
approach for generating daily electricity and hot-water demand profiles for
households was developed by [39]. A simple method of generating household load
profiles (SMLP) for the design of renewable energy systems in the UK was presented
by [40]. The input data of the model was based mainly on public reports and
statistics, such as the composition of households and average energy consumption of
appliances per capita. The UK average size household (3 persons) was selected for
this model. Previous study in generating non HVAC (Heating, Ventilating, and Air
Conditioning) load profiles at five minute time intervals for three target Canadian
households (low, medium and high energy) using a bottom up approach was
presented by [41]. A probabilistic approach to characterizing the aggregated load
pattern (ALP) of low-voltage consumers in distribution networks was proposed by
[42]. This included a load survey which had been performed on a real distribution

system.

A high resolution model of domestic electricity load profiles was presented in [43].
This model was based on a combination of occupancy patterns (i.e. when occupants
are at home and awake), and profiles of daily activities that describe how occupants

spend their time performing certain activities. One minute time interval synthetic
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electricity load data was generated throughout the simulation of domestic appliance
use; the model covers all major appliances commonly used in the domestic sector. In
order to validate the model, electricity demand within 22 dwellings in the East
Midlands, UK was recorded over the period of a year. A comparison was made
between the synthetic and measured data sets; it showed them to have similar
statistical characteristics. A paper [44] on micro-grids provided high resolution data
for one house and proposed a simple model to generate load patterns for a set of

hypothetical households and dwellings.

In general, these models and other high-resolution demand models tend to be
complex and dependent on large amounts of input data and assumptions and are
therefore not commonly used. The challenge with detailed demand modelling must
therefore be to keep the model structure as simple as possible while ensuring
sufficiently realistic output data. In particular, there is a need for more general and
more realistic model structures in which the demand is based on activities in
households rather than the resulting power demand. A major challenge for further
demand modelling must be not only to make detailed models but to do it with the

lowest possible complexity and need of input data.

2.2.5 Demand Side Management

Demand Side Management (DSM) is the process of planning and implementation of
activities designed to influence consumers in such a way that the shape of the load
curve of the utility can be modified to produce power in an optimal way. It monitors
activities on the consumer's side of the meter to modify the amount or timing of
energy use. DSM provides a variety of technical and behavioural solutions to modify

electricity use and demand and therefore increases the efficiency and reliability of
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power systems [45]. Demand side management of the load considers not only
technical or economic factors, but also social measures, since these are all related to
behavioural issues. Load management measures are both direct and indirect. Direct
load management (control) is based on technological measures and controls the load
demand by directly switching different appliances on or off. Indirect load control is
based on economic measures. Different tariffs and pricing mechanisms are introduced

in order to encourage customers to optimise load demand.

Understanding appliance profiles and patterns of use can serve to develop strategies
to reduce peaks in demand, easing the potential problems of insufficient generating
capacity. DSM includes demand response and energy efficiency measures, such as
load management, energy efficiency and electrification activities, and has developed
in response to changes in industry structure and policy priorities since the oil crisis in
the 1970s [46]. DSM programmes use rates, incentives and other strategies to help
better manage electricity use during periods of high peak demand. Demand side
management initiatives involving direct participation from the consumer side can
bring a significant reduction in electricity prices, as demand-driven shifts of demand
during peaks could reduce marginal costs [47]. Several rate design programs have
been conceived by distribution utilities to lower electricity rates for consumers. Time
of Use rates (TOU) which are based on an hourly or peak/off peak rates are one of the
most effective programs. Time differentiated rates apply different demand and energy
prices for different daily time periods of use. These rates are based on the theory that
the customer should face prices that reflect the cost of service, which is higher when
the demand on the system is greater. Different rates may apply on a seasonal basis, or

may be expanded to include specific day types.
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A generalized tool to assess the responsiveness level among domestic consumers was
presented in [48]. The load profiles for different domestic consumers which are
composed of power consumption of end-use appliances were studied. The impact of
different electricity tariffs on the load profile of domestic consumers was also shown.
A 1992 study conducted by the Electric Association in the U.K showed the majority
of consumers preferred a time-of-use (TOU) rate tariff and that they adjusted their
use of electricity accordingly. As expected, usage was reallocated to the less
expensive off-peak periods, while overall monthly consumption remained relatively

constant [49].

The Ontario Energy Board Smart Price Pilot was conducted to evaluate customer
impacts and reactions to TOU rates [50]. The analysis considered 373 households in
Ottawa, Ontario which were placed in three pricing groups: TOU rates, TOU rates
with a critical peak period (CPP), and TOU rates with a critical peak rebate (CPR).
Under the CPP rate structure, participants were charged 30 cents/kWh for electricity
consumed during the critical peak period. Under the CPR rate structure, participants
were refunded 30 cents for every kWh reduction below their baseline usage during
the critical peak hours. Researchers evaluated the extent to which the various TOU
rate structures caused a shift in the customers’ electricity usage to off-peak periods
and a change in the monthly electricity demand, as well as the customers’ acceptance
of the rate structure. The results showed that there was a 5.7% shift in load during the
four critical peak days during the summer period for participants on TOU rates. For
participants on CPP rates and CPR rates, the reduction was 25.4% and 17.5%
respectively. Also, the majority of participants (78%) from all rate categories
suggested that they would recommend TOU rates to their friends. This study provides

significant justification for the introduction of TOU rates in Ontario.
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A statistically representative typical single detached Canadian house was modelled
by the building energy simulation software ESP-r by [51], in order to estimate 15 min
electricity load profile data. This model was used to evaluate the benefits of adopting
the time of use price plan under various demand response scenarios. The scope of the
study was to present the magnitude of the potential of cost savings by implementing
time of use price plans. Also several other studies have recently been published on

the benefits of electricity dynamic pricing [52-55].

2.2.6 Occupants Behaviours and Occupancy Patterns

The biggest barrier in utilizing domestic demand response is lack of information
regarding the consumers’ behaviour and consumption patterns. Occupants’ behaviour
with regard to energy usage in a house can significantly influence the household’s
energy consumption. Occupants’ behaviour with regard to using energy is a complex

issue and presents a big challenge for researchers.

The population is a various group of people each having different histories, attitudes,
and socio cultural backgrounds (age, sex, education and income). People also show
differences in their physical or mental condition, relationships with family or friends

and amount of free time, all of which influences their energy consumption behaviour.

Understanding people’s fundamental knowledge of energy consumption, rather than
just measured consumption, might also be important, since this will possibly help to
determine why some individuals abstain from particular energy use behaviours.
Individuals often prefer to buy cheaper less efficient models, because there is usually
a price increase associated with the highest efficiency equipment [56], while
appliances’ producers need to achieve high production rates if sales prices are to be

minimised. If individuals consumed less energy before energy efficiency
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technologies were even used, the combined realized energy savings would be even
greater. Therefore, human behaviour should be considered as one factor in achieving
greater energy efficiency. However, human behaviour might not be easy to change,

particularly when it is in the result of cultural background.

A study by [57] stated that energy consumption may be controlled if consumers have
more information regarding their consumption. Domestic consumers decrease their
energy consumption when provided with information and feedback on how much
they are consuming. On the other hand, a study by [56] argued that energy
consumption can be reduced by providing the consumer with a more informed choice
about their energy usage. In general, changing energy consumption behaviour has
promising potential for energy conservation [58]. Previous work in [59,60] suggested
that energy savings can be achieved by locating ‘cold” appliances sensibly (e.g. not
adjacent to an oven) but once located little can be benefited by changing user
behaviour. With ‘wet’ appliances, consumers can choose different wash temperatures
and maximise their washing load per cycle. With lighting, consumers can use more
efficient bulbs, use timers and remembering to turn lights off. Therefore, the best
ways the consumers can influence wet appliances and lighting system might include
on/off decisions and somewhat more complex choices regarding lighting levels and

setting wash temperatures.

Energy consumption in twenty eight identical town houses was investigated by [61].
The result indicated that the highest variant in energy use was two to one, i.e. one
town house used twice as much as another. Moreover, the energy use depends on the
occupants. In another study, the energy consumption in 22 identical houses in

Germany was measured over a 2 years period [62]. It was found that the main
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variation in energy use between 12 of the houses which were ventilated identically
was 284%. The house with the smallest use had the lowest mean temperature
involving that residents conserved energy by having a lower heating set-point in the
heating season. The determinants for space heating system use were studied using a
questionnaire survey [63]. It was found that the age, number of occupants, income
level, and ownership level influenced the use of oil used for heating. This
demonstrates that socioeconomic status has an impact on the behaviour patterns of

occupants.

A detailed survey among householders resident in the south east of England was
conducted by [4]. The survey focused on ownership levels for certain appliances and
their usage patterns, recognizing environmental attitudes and beliefs, and the type of
information occupants aim to receive on their energy consumption. The survey
findings showed that members of the general public: (i) pay attention when receiving
information about their energy consumption and the related environmental impact,
and (ii) are willing to change their behaviour to lower household energy use and
environmental harm. A similar result was found by [64], in which the energy use of
120 houses in Bath, UK, was observed along nine months. The participants received
feedback in diverse forms (i.e. Their consumption compared to previous use or to
similar others; energy saving data; or feedback relating to financial or environmental
costs). The study indicated that participants who had positive environmental attitude,
but who had not previously engaged in energy conservation activities, were more

expected to modify their use in response to the energy consumption information.

The authors in [65] observed a significant change in levels of household electricity

use in a UK study that monitored electricity use in 72 houses over a period of two
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years. Categorizing households into low, medium and high energy consumption
groups, the study showed that the average annual electricity usage of the high group
was over about two and a half times more than the low group in a population
consisting mainly of modestly sized social housing. Moreover, annual electricity
usage was found to vary by a factor of 8.6 over the whole sample range in the first

year of monitoring.

Several studies widely support the concept of occupancy being a key driver of many
domestic energy demand models, but the lack of availability of input data is a
common issue. A study in [40] considered varieties of physical and behavioural
factors to formulate energy load profiles in UK domestic buildings. Five occupancy
pattern scenarios were proposed. It was concluded that electricity load profiles
depend mostly on the number of occupants and occupancy pattern. The authors in
[66] concluded that “occupant characteristics and behaviour significantly affect
energy use”. A study in [39] explained how time use data (TUS) can be used to
represent the behaviour of occupants in dwellings in terms of the appliances in use
throughout a relevant TUS activity. The influences of occupants’ behaviour and
activity pattern on electricity use in Kuwaiti residences were studied by [67]. In this
study, occupancy patterns and operation schedules of electrical appliances used in
these residences were surveyed by selecting a sample of 30 residences. The study
showed that annual energy consumption in the residential buildings is certainly

influenced by the lifestyles of their occupants.

2.3 Conclusion

In this chapter, a review of various techniques that have been developed through the
years for modelling residential sector energy consumption was provided. Then,
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factors affecting electricity demand were explained. Finally, an overview of literature

regarding consumer behaviour and occupancy patterns was presented.

The literature review has shown that there are various forecasting tools which exist
for planners at national level. However, at a local community level, where energy
demand patterns may significantly differ from the national picture, planners would be
unable to justify local and more appropriate intervention due to the lack of
appropriate planning tools. Therefore, in this thesis we need to find a tool that can
show the dynamic performance of the load during the day and can be integrated with

other technologies.
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Chapter 3

Traditional Load Profile Tools

3.1 Background

There are various ways to obtain time series energy use data. Generally, energy
consumption data is derived indirectly from utility bills on a quarterly or monthly
basis by studying load profiling and forecasting. Alternatively, direct measurement of
electricity use can be made to obtain the profiled demand data. The choice of the
most suitable methods is usually determined by the availability of data and the

intentions that exists with of the forecast at hand.

The purpose of this chapter is to assess households’ electricity load profiles based on
two different sources of electricity consumption data; first data derived from utility
bills on a quarterly or monthly basis and second data obtained through direct
monitoring. In this chapter, two cases are described to demonstrate the use of
traditional load profile tools. The first case focuses on the use of the regression
analysis technique to develop a model for households' electricity consumption on
a monthly basis. The model considers the results of previous study as an input data
element, in order to predict the monthly domestic electricity consumption by means
of consumption data derived from electricity bills. This is followed by the second
case which describes an analysis of data obtained from a monitoring study of the

electricity consumption of a single family household with two adults and children.
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3.2 Forecasting Household Electricity Demand using a Regression

Analysis Technique

3.2.1 Data Description

The household data used in this study is formed from two different sets of data; one
set for building the general model and another set for monthly forecasting of
electricity consumption based on this model. The first data set provides information
on the average monthly electricity consumption per unit area for UK households for a
one year period. This data set was obtained from a previous study presented by [32]
throughout the period from December 2004 to February 2005. The study measured
electricity usage using a half hour load meter for 27 dwelling in Northern Ireland to
obtain an understanding of how occupancy and dwelling characteristics affect
domestic electricity use and also to study the pattern of UK households’ electricity
consumption [32]. The other data set contains information for quarterly electricity
consumption for a group of consumers for the whole year -January through
December, arranged seasonally, and derived from consumers’ electricity bills. The
four seasons are winter (Jan 2009-Mar 2009), spring (Apr 2009- Jun 2009), summer

(Jul. 2009-Sep. 2009) and autumn (Oct. 2009-Dec. 2009).

In order to validate the model, we compared the resulting fitted equations for
different areas to that of the consumption via electricity bills for different houses. The
monthly bill data was collected for seven households, taken from their personal
records. Table 3.1 lists the quarterly electricity consumption for seven consumers for
a one year period. The heating and hot water systems for the houses are provided by

means of natural gas. The average monthly electricity consumption per square meter
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obtained from [32] is listed in Table 3.2. The seasonal electricity consumption data of

the seven households (H;to Hv) is shown in Figure 3.1.

Table 3.1 Quarterly electricity consumption for seven households based on

electricity bills

Household Seasonal quarterly consumption (kWh)

Winter Spring Summer Autumn
Hi 572.1 429.7 446.1 591.8
H, 751.0 578.0 346.0 671.0
Hs 919.2 745.3 771.1 863.8
Hs 421.0 343.5 360.6 436.2
Hs 500.8 425.6 425.4 556.4
He 695.1 569.3 584.1 737.1
H7 914.8 782.7 846.9 1073.9

Table 3.2 Average UK household monthly electricity use per square meter [32]

Month Jan | Feb | Mar | Apr | May | Jun | Jul | Aug | Sep | Oct | Nov | Dec

Consumption | 46 | 3.9 | 38 | 36 | 35 | 33 |325| 33 | 35 | 42 | 435|475
(kWh/m?)

3.2.1.1 Regression Analysis

Regression analysis is a statistical tool that examines the strength of a relation
between a dependent variable and one or more independent variables, also called
explanatory variables. How much of the movement in the dependent variable is
explained by the independent variables. The mathematical model of the relation

between the dependent variable and the explanatory variables is known as the
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regression model. The regression model contains one or more unknown parameters
that are estimated using the given data on the explanatory variables [69, 70]. The

proposed models using simple regression are described in Equation (3.1).

Y®:ﬂﬁ§M2X£Hdo (3.1)

Where Y(t) is the electric load at time t, n is the number of explanatory variables, X;(t)
Is the explanatory variables at time t, £; is the regression model parameter and ¢(z) is
the residuals of the regression model.

The fitting algorithm that determines the regression model parameters (5’s) in

equation (3.1) uses the ordinary least square (OLS) criterion [71].

In this study, the regression technique has been used to build the general regression
model which is being used to forecast the monthly electricity demand. The regression
equation which relates the explanatory variable is denoted by M with the outcome

denoted by MEC.

MEC= f (M) (3.2)

Where; MEC is the monthly electricity consumption per unit area (kWh/m?) and M is
the month index (1 for Jan., 2 for Feb, ... and 12 for Dec.).

For the time period from January to December, the statistical analysis was used to
forecast the general fitted regression monthly electricity consumption per unit area.
The response is the monthly electricity consumption data (Table 3.1) which was
obtained from [32]. The predictor is the month index.

The computer statistical package software MINITAB has been used to get the fitted

regression equation. MINITAB is a widely used software developed by MINITAB
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Inc. It can be used for various purposes of statistical analysis [141]. The software tool
was chosen as it is widely available in the computer labs of the University and the
author has prior experience of the software. The MINITAB output is shown in Table
3.3.

The resultant fitted regression model used to forecast the monthly electricity

consumption per square meter as a function of month index is:

MEC = 5.044 —0.5631M + 0.04529M 2 (3.3)

The resultant fitted regression plot of the monthly electricity consumption per square

meter is shown in Figure 3. 2.

Various statistical tests are used to validate the models. They include the adjusted

- _— 2 . .
coefficient of determination R to determine how well the model explains the actual
consumption data and F-test for overall significance of the model. Table 3.3 which

shows the MINITAB output entails the model summary and presents crucial
. . 2 . 2
information about the model, namely, the value of S, R and the adjusted R . The

coefficient of determination (R) measures the proportion of variance in the energy

consumption (MEC) that is explained by M (month). The coefficient of determination

R2 is 0.938 which indicates that 93.8% of the variation in household monthly

electricity consumption (MEC) is around its mean, explained by M (month). The
monthly electricity model developed is good with coefficient of determination R2 of
0.938, but better models may exist as the adjusted Fz2 is less than 0.924.

Through the adjusted R2 we can obtain an idea about the quality of generalization of

our model. It would be ideal if its value would be the same or very close to the value

of RZ. The value shows that the difference for the model is very small (in fact the
33



difference between the values is (0.938 - 0.924) = 0.014 (about 1.4%). This indicates

that the cross-validity of this model is very good.

Table 3.3 MINITAB output regression

Polynomial Regression Analysis: MEC versus M

The regression equation 1is

MEC = 5.044 - 0.5631 M + 0.04529 M**2

S = 0.144632 R-Sq = 93.8% R-Sqg(adj) = 92.4%

Analysis of Variance

Source DF SS MS F P
Regression 2 2.83236 1.41618 67.70 0.000
Error 9 0.18827 0.02092

Total 11 3.02062

The significance of R2 was tested using an F-ratio. The F ratio is F = 67.7 and
significant at p =0.000 which indicates that the model reflects a real association

between the dependent variable (MEC) and the independent variable (M).
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. . S 0.144632
Fitted Line Plot R-Sq 93.8%

MEC = 5.044 - 0.5631 M R-Sq(adj) 90.4%
+0.04529 M**2

5.0

4.5 4

4.0

MEC (kWh)

3.51

M (month)

Figure 3.1 Fitted and actual lines plot of monthly electricity consumption per square

meter

Figure 3.2 shows the actual electricity consumption along with the predicted values
using the models developed. As can be seen, an appropriate fit of the historical data is
provided by these models. The residuals produced by these models are also well

behaved.
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Figure 3.2 Actual and forecasted values of monthly electricity demand

The fitted regression equation for monthly electricity consumption for a house with
an area of A (m?) can be obtained by multiplying the resulting fitted regression

equation (Equation 3.3) by the total surface area:

MEC’ = A(5.044 — 0.5631M -+ 0.04529M ?) (3.4)

Where; MEC' is the monthly electricity consumption per specified area (kWh/m?).

For example, the fitted regression equation for a house of 100 m? area will be in the

form:

MEC’ =504.4 —56.31M + 4.529M 2 (3.5)
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3.2.2 Forecasting of Households’ Monthly Electricity Consumption

In this section, we aim to predict the monthly electricity consumption for the selected
houses by using the general fitted model shown in Equation (3.5). The prediction is
based on electricity consumption derived from households' electricity bills. In order
to forecast the households' consumption, it is assumed that the households' monthly
electricity consumptions are more likely to have the same pattern (houses of differing
areas have differing load consumption but are likely to have the same characteristics).

Using Table 3.2; the quarterly electricity consumption for the winter season (from Jan
to Mar) for a house with area of 100 m? was calculated by multiplying the

aggregation of demand during the winter season by 100 which is equal to 1230 kWh.

The fitted regression equation (3.6) has been applied to forecast the monthly demand
for different houses with different consumptions. The monthly electricity

consumption model can be obtained using the following formula:

MEC'; = gcéBi“ (MEC/) (3.6)

Av

Where; j is the household number, QCgjy is the quarterly electricity consumption
obtained from the electricity bill at a certain period ( from January to March) and
QCay is the average quarterly electricity consumption obtained from site measurement
of previous study ( Table 3.2) for the same period.

The monthly electricity demand model which is based on quarterly billing for seven
consumers for the months from January to December (Table 3.1) can be formulated

as:

MEC’ =%(504.4—56.31M +4.529M ?) (3.7)
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MEC'; =QCg,1(0.41-0.046M +0.0037M ?) (3.8)

Equation (3.9) shows as an example, the monthly electricity consumption for the first

household (MEC").
MEC'; =572.1(0.41-0.046M +0.0037M ?) (3.9)

MEC', = 234.6 — 26.18M + 2.1M 2 (3.10)

An Excel spreadsheet has been used to predict households’ monthly electricity
consumption. The fitted (predicted) values of monthly electricity consumption for the

seven households are shown in Table 3.4.

Table 3.4 Predicted households’ monthly electricity consumption

Month Jan | Feb | Mar | Apr | May | Jun | Jul | Aug | Sep | Oct | Nov | Dec

H1 | 211 | 191 | 175 | 163 | 156 | 153 | 154 | 159 | 169 | 183 | 200 | 222

H2 | 276 | 250 | 229 | 214 | 205 | 201 | 202 | 209 | 222 | 240 | 264 | 293

Consumption | H3 | 316 | 286 | 262 | 245 | 234 | 229 | 229 | 231 | 240 | 254 | 275 | 302

(kWh) H4 | 149 | 135 | 123 | 115 | 111 | 108 | 109 | 113 | 120 | 129 | 142 | 159

H5 | 179 | 162 | 148 | 139 | 132 | 130 | 132 | 135 | 144 | 156 | 171 | 190

H6 | 252 | 228 | 209 | 196 | 187 | 183 | 185 | 191 | 203 | 220 | 241 | 268

H7 | 364 | 329 | 302 | 282 | 270 | 264 | 266 | 276 | 293 | 317 | 348 | 387

3.2.2.1 Discussion

The fitted values give an idea about the fluctuations of monthly consumption. Table
3.5 shows the fitted values and the residuals for the monthly consumption data of

household H1 as an example; the residuals indicate how well the developed model
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fits the actual data. From the table, it can be seen that the proposed model follows the
actual values very closely. The forecasted electricity consumption for the entire
period is very close to the actual data. It was noted that the model gives a maximum
error of 9.8% in the spring season and a minimum error of 0.85% in winter season.
The results clearly indicate that the proposed model forecasts the monthly electricity

consumption with a reasonable agreement with the actual dataset.

Table 3.5 Comparison of actual and forecasted monthly electricity use for H;

Season | Actual Consumption Forecasted Residual %
(kwh) Consumption ( kWh) Error
winter 572.1 577 4.9 0.85
spring 429.7 472 42.3 9.8
summer | 446.1 482 35.9 8
autumn | 591.8 606 14.2 2.4
Total 2039.7 2094.84

The percentage of the forecasting error, which is the percentage of deviation of the
actual value from the forecasted value, is shown in Table 3.6. The four seasons’
actual consumption data for the seven consumers (H;- Hy) were compared to the
forecasted values. From Table 3.6 and Figure 3.4, it can be observed that in winter,
spring, summer and autumn the predicted and actual energy demand figures are
within a reasonable range, except in summer where there was a forecast percentage
error of 82% for the household H, where the actual consumption (346 kWh) is much
lower than the predicted value (633 kWh) because the occupants of house H, were on

holiday outside the UK for about 2 months.
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Table 3.6 Percentage error of households’ forecast

Forecasting Error (%0)
Household Winter Spring Summer Autumn
H, 0.85 9.8 8 2.4
H, 0.53 7.1 82 14
Hs 0.6 0.5 13.7 3.8
H, 3 2.5 5 11
Hs 24 5.8 3.6 7.2
He 0.74 0.6 0.9 11
H-; 8.8 4.3 14 2.1

From Figure 3.3, which shows the actual seasonal electricity consumption for
household H,, it can be seen that the electricity usage drops dramatically through
spring and summer. This might be due to the fact that demand for artificial light in
the houses is higher in the winter and autumn than in the spring and summer,
reflecting mainly the monthly variation in the hours of the day between sunset and

going to bed.
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Figure 3.3 Actual and forecasted seasonal electricity use for household H,
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3.2.3 Load Profile from Measurements from a Single Household

3.2.3.1 Data Collection and Measurements

A typical English terraced three storey house was selected for the electricity
consumption monitoring. The number of occupants in the house is six (two adults and
four children who are of school age). One of the adults is a full time student, the other
one is working part time in the morning period in order to take care of the children
after school. Measurements of the whole household electricity consumption have
been obtained over a period of 12 months for the period from January 2010 to
December 2010 in the BD7 area of Bradford, in Northern England. The house space

heating, DHW and cooker are all powered by gas.

The measurements were obtained at a high resolution (1 min intervals), moreover the
consumption patterns of some individual appliances were also monitored at a high
resolution (1 min intervals). Monthly electricity consumption, daily and overall
profiles were derived for this household type from the monitored data. The data has
been collected using a small wireless handheld portable electricity monitor named
owl that enables remote downloading of stored electricity consumption in kWh
during 1 minute intervals. The owl wireless monitor uses current transformer sensing
technology to sense a small magnetic field around the house power cable. It measures
the value of current (A) being passed through the cable and, by reference to the
system voltage (230 V), calculates the amount of power being used, the quantity of
greenhouse gas emissions and the cost, then transmits this information as CSV files
from the sender box to a wireless remote monitor on a wireless frequency of
433MHz, from up to 30 m away (uninterrupted transmission). The data is transmitted

periodically to an individual computer via a USB receiver and displayed using the
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Owl Home Energy Monitor program. The collected data are exported as CSV files
that can be opened up with spreadsheet type applications. The data presented are

complete twelve month files including over 500,000 individual data values.

3.2.3.2 Household Load Characteristics

A typical domestic profile over one day at a 1-min resolution and with the
corresponding half-hour averages is shown in Figure 3.4. The figure shows that half-
hourly average loads are much lower and smoother than 1 min loads. During the
period from 00:00 to 07:00 there was a constant cyclical pattern of power
consumption between around 100W and 200W which represents the base load. The
minimum power consumption of about 160 W represents the power consumption of
the continuous appliances and the appliances in standby mode. The continual increase
to 200 W was caused by the cold appliances’ power consumption. This pattern would
be noted regularly throughout the day. From 07:00 to 09:00 the energy consumption
was going up as other appliances started to be in use. As there is nobody at home for
the period from 09:00 to about 13:30 the base load pattern would be repeated again.
However, the second adult is working part time (from 8.00 to 13.00), so, the energy
consumption is slightly increased again from the period 13.30 to 15.00. The evening
peak period occurs between about 15:30 (time of return home from school) and
21:00, Consumption is more pronounced during this period compared to consumed

power at other times when not all the occupants are at home.

The one-minutely average total power consumption showed that, there were several
high peaks (spikes) above 1kW that were caused by switching on some electrical

appliances with high consumption such as an iron or kettle. The time interval is so
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short that noise could affect the readings and may cause a few spikes to be added or

subtracted from the reading.
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Figure 3.4 Load profile at 1 min and 30 min intervals

To identify with the variety of electricity demand, the daily winter (from Jan. to Mar)
and summer (from July to Sep) load profiles logged at 1 min intervals were averaged
over 30 min intervals for weekdays and weekends as shown in Figure 3.5 (this has
been done in Microsoft Excel spreadsheet). From the figure, it can be seen that, the
base load of the demand occurs overnight and is mainly from cold appliances,
continuous appliances and appliances in standby mode. The standby appliances are
actively switched on by the occupant and their power consumption might not be zero
when not in use (e.g. TV). Furthermore there is not a significant difference between

summer and winter and weekday or weekend base loads.
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The key difference between the weekday and weekend profiles is the period between
09:00 and 18:00, where the load during the weekend profile is higher because of

higher occupancy.
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Figure 3.5 Daily winter and summer profiles

The daily electricity consumption of the selected house was measured over a one year
period at a high resolution (1 min interval). The seasonal variation of the monthly
electricity consumption was recorded. The results for the twelve months are shown in
Figure 3.6 where each bar represents the consumption for an individual month. The
lowest monthly electricity consumption was about 212 kWh in August while the
highest monthly electricity consumption was about 269 kWh which occurred in
December. The average monthly electricity consumption was 238 kWh which is
lower than the UK Government estimate of average monthly electricity consumption
of UK houses (320 kWh in 2008) which reflects the fact that the house space heating,

Domestic Hot Water (DHW) and cooker were powered by means of gas.
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Figure 3.6 Monthly electric energy consumption

3.3 Conclusion

The use of traditional load profile tools was demonstrated. There are various ways to
obtain time series energy consumption data. Profiled demand data can be obtained
indirectly through forecasting (Indirect Profiling) or directly through measurement
(Direct Profiling).This chapter has discussed the use of the traditional load profile

tools in two cases.

The first case investigated the forecasting of households’ electricity demand by using
regression analysis techniques. It demonstrated that, the simple regression method
(trend extrapolation method) assumes that things will keep changing in the future the
way they have been changing in the past. Therefore it is important to first determine
the general trend. This method is observed to be suitable for short term forecasting,

but for planning purposes does not address changes.
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In the second case the analysis of electrical energy data measured at 1 min intervals
over a period of one year for a sample household of two adults with children has been
described and investigated. The effects of time averaging were considered. Detailed
electricity load profiles for domestic buildings are an important requirement for the

accurate analysis of demand side management.

The choice of the most suitable method for analysis is usually determined by the
available data sources and the intentions of the forecast. Measurement results in the
most accurate profiled data, at the expense of installing measuring equipment and the
time required in obtaining data. Moreover, the effort involved in installing, testing,

downloading data and checking for data quality is high.

Traditional methods do not study the behaviour of people. The issue is that different
households have different behaviour. Therefore, traditional forecasting methods are
not suitable for an intervention approach at local community level because there is no
clarity on how the intervention could affect behaviour. So, there is a need for a tool
that can link the behaviour of households for local planners. This then, is what the

next chapters will be addressing.
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Chapter 4
Statistical Predictions of Electric Load Profiles in a

Virtual Community

In this chapter, a methodology of generating artificial but realistic load profiles at half

hourly time interval for a community is presented.
4.1 Electricity Consumption Models

Suitable planning and management for energy at community level can give
considerable environmental and economic benefits. Community groups have a
considerable impact on increasing the use of sustainable energy practices, adopting
demand side management (DSM), raising awareness of climate change, and helping
people understand the role they can play in reducing carbon emissions. One of the
main barriers is the absence of community load profile data, as usually no measured

data are available.

Decision makers increasingly realise that many of the solutions to improving energy
consumption performance need to be much more local than national. Local solutions
are often very successful, as they reveal the needs of specific communities and get
people to participate in taking action in order to help communities become more

energy self-sufficient and help facilitate the reduction of CO, emissions.

The literature review presented in Chapter Two shows that research into modelling of
domestic energy consumption can be grouped into three sections. The first section

focuses on using statistical techniques to understand the factors that influence
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domestic energy consumption using top-down approaches [17-28]. The second
section looks at the residential energy consumers’ behaviour and how changes in
behaviour could help to control a household’s energy consumption [4, 39-40, 56-67].

The third section looks at load profile models of the domestic sector [29-44].

A bottom-up model was presented in [36], where load curves are constructed from
power demand profiles of single appliances. This model is considered powerful
because of taking into consideration factors such as psychological and behavioural
characters, but a usual limitation of this model is the need for extensive data about the
domestic appliances and how they are used by the homes’ occupants. Another
bottom-up model presented in [37] uses statistical mean values and general statistical
distributions, which lowers the model precision, but also decreases the amount of
data needed. The data needed includes the mean electricity consumption rate and
seasonal variation with a weekly resolution. The limitations of the model presented in
[37] are; that it does not use occupancy as an input, the amount of input data needed

is extensive, and the often complicated model structure.

A remarkable load profiling study in the UK domestic sector was presented in [40].
The study considers composition of a household’s size, occupancy patterns, and the
energy use of domestic appliances and hot water. The authors introduced a simple
method to formulate a daily household electrical loads profile (SMLP) for the
average number of persons per household in the UK. The generation of the residential
electricity load profile is based on five approximate occupancy scenarios. The
modelling results of a UK average household appliances load profiles are shown in

Figure 4.1.
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This method can be applied at both individual household and community level. The
limitations of the method presented by the authors in [40] are the lack of
consideration of behaviour change data, the lack of consideration of household
occupancy patterns and the fact that it represents a limited number of scenarios,

which may not necessarily correspond to scenarios in the real community.
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Figure 4.1 Electricity load profiles of UK average size domestic household [40]

There is a need for more general and more realistic model structures in which the
load profile is based on actions in households rather than the resulting profile. A
major challenge for such further demand modelling must be not only to make detailed
models but to do it with the lowest possible complexity and need for input data.

To address this lack in research we have developed a household model that generates
realistic electricity load profiles by applying a bottom up load model similar to that in
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[40]. In both models the household appliances of each individual household are
simulated separately. Then these load profiles are aggregated to generate artificial but
realistic load profiles at half hourly time resolutions, first at individual household

level, then at community level.

In this thesis, the methodology used to predict daily load profiles at community level
Is based on the cumulative distribution function which describes the usage times of
the appliances in order to generate the random nature of consumption. The

cumulative distribution functions are based on real values of a sample population.

4.2 Load Profile

Load profiling is the procedure of describing the pattern of electricity use for a
consumer or a group of consumers over a given period of time and can be considered
an essential source of information on which energy decisions are made [72]. This
information is available in a range of forms, relating to the way in which it is used.
The time period could be daily, weekly, monthly or yearly, with a definite time
resolution such as hourly or daily. In other words, load profiles demonstrate the
relationship between consumer behaviour during the day and the resulting energy
demand. Figure 4.2 below shows a graph of the typical domestic load for electricity

in the UK [74]. This shows 48 half hour settlement periods during a 24 hour day.
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Figure 4.2 A typical daily pattern of demand for the average domestic

unrestricted consumer [74]

The concept of load profiling has been used as an efficient tool for energy tariff
scheme design, planning and load management. It has emerged as one of the most
appropriate methods to deal with the shape of consumers’ load profiles. It involves
two main actions [73]:

- Determining an approximation of the average load profile of a group of

consumers over a known period of time, and

- Allocating that load profile to all consumers in that consumer type.

4.3 Methodology and Data

Modelling of domestic energy consumption relies on input data from which to
calculate energy consumption. The level of detail of the available input data can vary
dramatically, resulting in the use of different modelling techniques which seek to take

advantage of the available information.
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The creation of daily load profiles is based on various assumptions. The profiles were
created for a virtual community with different household types which have different
consumption behaviour. Different households have different lifestyles, which mean
consumers of differing types and characteristics have differing daily load profiles.
The process of creation of daily load profiles basically starts with the number of
households in the community as initial input. Depending on the modelling
methodology to be used, the input data required to develop the domestic energy
model includes information on demographic information, annual electricity

consumption patterns and daily occupancy information.

The methodology presented in this chapter uses cumulative distribution functions
(CDF) to describe the usage time of the appliances for different groups of consumers
and give a complete description of the probability distribution of their random
operations. This represents the probability of a household performing a specific
activity during any hour of the day. The cumulative distribution functions are based
on real values from a sample of households’ occupancy surveyed data describing
when and how occupants are likely to be utilizing their electrical appliances at
different times of the day. Daily load profiles from individual dwelling to community

can be predicted using this method.
4.3.1 Algorithm Description

The total daily energy consumption resulting from utilising electric appliances is

calculated as shown in Equation (4.1).

SEO=XNO~E (41)
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E.->E® (4.2)

Where Ej(t) is total energy consumed by appliance type i at time t, N; (t) is the
number of connected appliances type i used at time t, E; is the energy consumption
per time of usage of appliance i and Ep is the total daily energy consumption of

households on a half hourly basis.

Electricity use is primarily the result of the utilizing of various types of owned
appliances such as electric kettles, computing equipment and lights, which are
controlled via users’ behaviour by being turned on or off.

Generally, all electric appliances are connected in parallel with each other and
supplied by the main power source, as shown in Figure 4.5. Each appliance is
connected via a switch and consumes power only when the switch is closed and will
be out of use when the switch is open. Therefore the operation of each appliance is

reliant on the probability of turning the switch on or off.
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Figure 4.3 Simple diagram of electric appliances in a house
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The probability of the switch being on or off is shown in Equation (4.3) below.

P(S) =3 S r(HH, ,t) x P(HH ) 43)

j=1 t=1

Where P(S) is the probability of turning the switch(S) on, T (HH; ) is equal to 1 when

the household type j is at home at time t, and P(HH;,t) is the probability of utilization
of appliance n by household type j, at period t. So, P(S) is equal to zero when ¢

(HH;, t) equals zero, and will be equal to P (HH;, t) when ¢z (HH;, t) is equal to one.

1 when the house is occupied ( e. g early morning or evening).

T(HH, 1) = {O when the house is occupied ( e.g day time or after mid night).

The cold appliances such as fridges and freezers have to be switched on all the time
which means, there is an exemption for them as the occupancy of consumers does not
have a big influence on their operation, assuming the opening or closing of the cold

appliance’s door has no impact.
4.3.2 Creation of Virtual Community Data Inputs

A community is a social group of any size whose members live in a particular area,
share a government, and have common cultural and historical traditions; or a social,

religious, working, or other grouping which has common characteristics or interests.

Community energy initiatives can be categorised, for example, in relation to their
focus on improving the energy system: energy efficiency, renewable energy
technologies (RETs) and behaviour change. Community groups can play a vital role
in reducing energy dependence, increasing awareness of climate change, and helping

people understand how they can participate effectively in reducing CO, emissions.
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The model of the electricity load profile for the virtual community uses data from
three main input sources:
e Demographic information: The information on the type of households is required
such as the number of adults, working people, and number of children.
e Annual electricity consumption patterns: Includes ownership level of appliances,
and total energy consumption of certain appliances.
e Daily Occupancy information: This is the behaviour of occupants in households

with respect to their usage of appliances and lighting on a daily basis.

4.3.2.1 Demographic Information Required

The Census data available at the UK Office for National Statistics (ONS) is used as
the primary information [16]. The Office for National Statistics (ONS) is the
executive office of the UK Statistics Authority, a non-ministerial department which
reports directly to Parliament. ONS compiles information about the UK’s society and
economy which provides evidence for policy and decision making, and the allocation
of resources. Social Trends offers up to date statistical data on population changes. It
is available electronically on the  National  Statistics  website;

www . statistics.gov.uk/socialtrends.

The population of the UK was 62.3 million in mid-2010, with an average household
size of 2.4 persons. The forecast for the UK population growth from 2010 to 2030 is
shown in Figure 4.4. The ONS projection shows that the current UK population of
61.4 million would rise to 67 million by mid-2020 and should the same trend be
maintained beyond 2020 then the UK population could rise to above 72 million by

mid-2030 (Figure 4.4).
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Figure 4.4 Percentage UK population growth forecast 2010 to 2030 [16]

For this generator, the household types have been chosen to be used as scenarios for
prediction. A household is defined as a person living alone or a group of people
living at the same address who share common housekeeping or a living room,
whether related or not [7,75]. There were about 26.0 million households in the UK in
2010. The number of households has increased by 6.1 per cent since 2001, slightly
faster than the 4.5 per cent growth in the size of the UK population over the same
period. This is due to the trend towards smaller household sizes: the proportion of
households containing one person increased from 28.6 per cent to about 30.0 per cent
over the period 2001 to 2010. Table 4.1 shows the UK household composition in
2008 by the type of household. It can be seen from the table that, in the UK, couples
with no children or with children who represent 22 per cent and 19 per cent
respectively are the most common household occupants. The next most common
household type is a single adult without children household working or retired adults

which represent 16 per cent and 14 per cent respectively.
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Table 4.1 Percentage share of household type

Type of Household

Percentage Share (%0)

Single adult without children 16
Single adult with children 5
Single retired adult 14
Two adults without children 22
Two adults with children 19
Two retired adults 10
Two adults or more without children 9
Two adults or more with children 5
Total (%) 100

4.3.2.2 Electricity Consumption Patterns of Domestic Appliances

Electricity use in the residential sector has increased dramatically as ownership of
electric appliances such as fridges, electronic games and tumble dryers has increased.
Efficient energy usage is affected by the choices people make about owning various
appliances and the way the appliances are used. Electrical domestic appliances can be
generally divided into six groups: brown goods, cold appliances, cooking appliances,

wet appliances, miscellaneous appliances, and lighting. Table 4.2 lists the different

categories of domestic electrical appliances.
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Table 4.2 Domestic appliances categories

Brown goods

electronic consumer goods : TVs, VCRs, radios,

clock radios, X-boxes (games), etc.

Cold appliances

refrigerators, freezers, and combined fridge-

freezers.

Cooking appliances

electric ovens, electric hobs, and microwaves,

etc.

Wet appliances

washing  machines, tumble dryers, and

dishwashers.

Miscellaneous appliances

vacuum cleaners, irons, electric showers, PCs,
garden equipment, hair dryers, sewing machines,

torches, drills, battery chargers etc.

Lighting

lights

The ownership levels of electrical appliances are also presented by household.

Figure 4.5 shows the ownership level of domestic electrical appliance by household

in the UK. This information was obtained from [4], and was updated using data from

the Department for Environment, Food and Rural Affairs (DEFRA) [76]. The tags

marked ‘*’ are the updated ones. From the figure, it can be seen that the majority of

households own a television, kettle, vacuum cleaner and iron, around 75% own a

video recorder, 55% own a freezer, approximately 57% own a refrigerator, 64% own

an electric oven, 85% own microwaves and 45% own an electric hob (consumers
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generally prefer to use gas hobs because they are believed to give more flexible
control of temperature). In order to produce a daily load profile for different
households, the ownership level of domestic appliances was assumed to be the same

for different types of households.

100

Ownership Level ( %)
Ul
o

Appliance Type

Figure 4.5 Ownership level of domestic appliances

The information on the average daily consumption for key appliances in UK
households was obtained from research on energy use carried out in [4]. The
information provides the type and the average annual daily consumption per
household, the average annual energy use per capita per day and the ownership rate.
Table 4.3 lists the average energy consumption of appliances in the UK. The
consumption is given by households as well as by per capita. Cooking appliances’

and wet appliances’ activities are accountable for the majority of the peak load in

houses [3].

59



Table 4.3Average energy consumption of electrical appliances in the UK [40]

Appliance Average consumption per Average
household (kWh/day) consumption per capita
(kWh/day)

Electric hob 1.33 0.39
Electric oven 0.74 0.22
Microwave oven 0.23 0.07
Refrigerator 0.82 0.33
Freezer 19 0.55
Television 0.91 0.27
Video recorder 0.3 0.09
Dishwasher 1.72 0.48
Washing machine | 0.8 0.2

Tumble driers 0.78 0.28
Electric kettle 0.78 0.28
Iron 0.3 0.09
Vacuum cleaner 0.15 0.04
Miscellaneous 11 0.33
Computers 0.5 0.3

4.3.2.3 Daily Occupancy Information

Occupant behaviour has a significant impact on the energy use of households. The
occupancy level of dwellings is an important parameter to know in order to determine
the energy use. The usage of electrical appliances within buildings varies
significantly with respect to time, mainly in accordance with the activity of the
building occupants. In the domestic sector, the energy usage is related to the
occupancy and depends on the number of occupants, how they behave in their homes
and the unoccupied period during the day. Occupants influence the use of electricity
by the number of electrical appliances they own and through their use of the

appliances. For example, when there is nobody at home; most appliances will not be
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in use. A daily appliance electricity profile shows that occupants consume practically
low power during the night (only cold appliances). Occupants get up, prepare and
have breakfast and leave the house during the morning and then may come home
again around lunch time. In the evening, many activities are done: cooking the meal,
taking a shower and watching television, etc. The household occupancy pattern can
be influenced by many factors such as:

e Number of people living in the house.

e The getting up time in the morning and the sleeping time.

e The period of time the house is vacant during the day.

It is important to identify the type of households when analyzing the load profiles,
because the load profile depends very much on the occupancy pattern. Due to the lack
of information about household occupancy patterns, it was decided to make
assumptions for the most common scenarios of household occupancy patterns in the
UK. Eight scenarios which present the most common occupancy patterns in the UK

have been assumed based on household type. Table 4.3 lists these possible scenarios.

In the domestic sector, a better understanding of consumer behaviour or the usage
behaviour of the different parameters of the domestic load is required. One of the
main difficulties of domestic demand response is the lack of proper understanding of
consumers’ behaviour. The daily occupancy information available in the literature is
limited, so simpler assumptions have been made for each scenario. For the assumed
profiling scenarios, three occupancy profiles have been used: continuous occupancy,
vacant throughout working hours and a late. Although the load profile of the cold
appliances usually fluctuates throughout the duty cycle of these appliances, the

assumption of a constant load is assumed suitably precise [27]. The remaining
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appliances will have discrete events where the appliance is switched on and utilized.

A questionnaire survey was designed to investigate this.

Table 4.4 Scenarios profiles & occupancy assumptions

Scenario Household Type Unoccupied period & Assumptions

1 1 working adult 08:30 to 18:00

2 1 retired The house is occupied all the time

3 1 adult with children 08:30 to 13:30, the occupier is a part time
worker

4 2 working adults 08:30 to 18:00

5 2 working adults with | 08.30 to 13.30, one adult has full time job.

children Other may have a part time job in the morning

to take care of the children after school.

6 2 retired The house is occupied all the time

7 3 adults or more 13:00 to 18:00, two members have full time
jobs; the other has a part time job in the
afternoon.

8 3 adults with children | The house is occupied all the time, two adults
have a full time job and the other one is
retired.

4.3.2.4 The Questionnaire Survey

A household energy questionnaire survey was carried out in the BD7 area in Bradford

on ninety eight households from the 1% of August 2009 to early September 2009 to

generate data regarding household energy consumption patterns. Eighty seven (87)

out of ninety eight (98) participants completed and returned the survey. The
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questionnaire survey used is presented in Appendix A. It is a three pages survey

form.

The first aim of the questionnaire survey was to collect specific data to find out when
and how many occupants switch on electrical appliances during different times of the
day. The results of the survey will help us to get probabilistic estimates of usage of
electrical household appliances. It is intended to make a model that gives domestic

appliances' electrical load profiles.

The survey questions were divided into three main sections. The first section requests
general information about the household to give an overview of household type and
occupancy patterns. The second section requests general information about the use of
electric appliances in order to collect specific data on when and how often occupants
use their electrical appliances at different times of the day. The third section aims to

gather information about lighting use.

The questionnaire explained the reason for the research and also explained that the
survey was being carried out as part of a PhD project. Participants were assured of

the anonymity of their responses.

Analysis

The information from the section of general information about the household is
illustrated in Table 4.4. The survey shows that the most common type of household
was a couple of adults without children, which accounted for about 24 percent of
households. The second most common type was two adults with children, which

accounted for about 19 percent. The next most common household type is a single
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working adult without children which represents 15 percent. A household with more

than two adults with children represents the lowest share; 3 percent.

The types of households of respondents were compared with the 2008 Census data,
available at the UK Office for National Statistics (ONS). From the table we can note
that there is a reasonable agreement between the percentage share of the surveyed

data and the percentage share of the national statistics.

Table 4.5 Occupation of the surveyed households

Household Type Questionnaire Survey National
Statistics

No. of Percentage Percentage
households | share (%) share (%)

Single adult 13 15 16

Single retired 13 15 14

Two adults 21 24 22

Two adults with children 17 19 19

Two retired 8 9 10

More than two adults 7 8 9

More than two adults with children 3 4 5

Single adult with children 5 6 5

4.3.2.5 Daily Energy Consumption of Appliances

The daily energy consumption of different types of household electrical appliances
was calculated based on average annual consumption per day (per capita or per
household depending on the household type as listed in Table 4.3). Each of the
appliances listed in Table 4.2 (refrigerator, freezer, dishwasher, clothes washer,
clothes dryer, etc) were simulated individually and then combined to generate a
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random half hourly daily load profile for each household type. In the surveyed
households, the heating and hot water systems are provided by means of natural
gas. Although the boiler uses an electric powered burner, the electric consumption
of this burner is too small and has not been considered. Furthermore, In order to
generate appliances load profiles we assumed that the ownership level of each
appliance is similar to that of the UK national ownership level and each household

has been assumed to have only one of each appliance listed above (Table 4.2).
4.3.3 Electric Lighting Patterns

Artificial lighting provides a wide variety of benefits in houses. It allows activities to
be conducted without daylight and creates different interior lighting atmospheres to
meet occupants’ needs. Lighting use is dependent on the occupancy pattern and is
highly affected by daylight conditions (seasons) and the presence of active occupants,
e.g.in winter, people need to switch on the artificial lighting in the morning for their
activities, but in summer due to the daylight no artificial lighting is required. The
lighting loads were calculated based on the survey. Houses were assumed to be using
more efficient light bulbs. The following equation can be used to calculate the

electric lighting energy consumption (E)):

E, =N, xE, (4.4)

Where Ny is the number of light bulbs per household distributed between bedrooms,
kitchen, living room, bathrooms and others, and E,., is the energy rating per bulb per
hour. The number of hours during which the light sources in each room consumed

energy was obtained from the questionnaire data.
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4.4 Generating the Load Profile

4.4.1 Household Type Allocation

In this study, we are generating a load profile for a virtual residential community of
400 different types of household. Given the diversity of people in the UK population,
it is almost certain that different households have different levels of knowledge about
electricity consumption, different attitudes and different energy-using or saving
practices.

To get a picture of the demographic characteristics of the area in order to allocate
different numbers of households, the calculation was based on the percentage share of
surveyed households (Table 4.5). After calculating of the number of households, the
physical location of the households was then allocated randomly using Excel's rand
function. Figure 4.6 shows the projected number of each type of household for the

assumed community.
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children children with
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Figure 4.6 Projected numbers of households
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4.4.2 Time of Use Probability Profiles

The time of use probability profiles attempts to quantify the probability of the
specified activity being undertaken as a function of time of day. The probability
profiles represent the probability of a household carrying out a particular activity
during a 24 hour period. Occupancy profiles inform the appliance time of use
probability which illustrates when an appliance is in operation at a given hour of the
day. In order to compute relative probabilities, the survey dataset is filtered to only
include information about when and how the occupants use their electrical appliances

during different times of the day.

Generally, the relative probability of an event could be approximated by the relative
frequency, or fraction of times that the events occur. Relative frequency is the
number of times an experimental event occurs, divided by the total number of trials
[77]. Relative probability is given by the following equation:

N 45
o N (45)

Nt

Where Pg is the relative probability, Ny is the number of times an event x occurred,

and N is the total number of trials.

The appliances are physically allocated to households based on the national
ownership levels and using the random function. The random nature of electricity
load profiles is generated by using cumulative distribution functions (CDF) which
describe the usage times of the appliances. The cumulative distribution functions are
based on real values of a sample of the population. Figure 4.7 shows the approximate
probability and cumulative distribution functions (CDF) of first usage times per day

of an electric hob for the single adult household, which resulted from questionnaire
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survey analysis. This data is obtained from the questionnaire survey of the BD7 area.
In other words the behaviour is being predicted on the basis of a particular
community. Hence, the assumption is that the 400 households in the community have

similar behavior with respect to appliances as the BD7 community.
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Figure 4.7 Relative probability & cumulative distributive function of first usage

times per day for a hob for the single adult household

4.4.3 Generation of Electricity Load Profile

The random creation of load profiles is implemented in Excel on a half hourly basis
in order to generate daily electrical load profiles for the eight household types.

Microsoft Excel is a powerful and widely used Spreadsheet software developed by
Microsoft [142]. Excel is a spreadsheet application with special features for
performing calculations and providing a wide variety of graphics, making it one of

the most popular and widely used PC applications [143]. The inbuilt numerical or
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statistical functions formed in Excel are sufficient for our purposes. Excel was chosen
for its simplicity, the universal availability and the author has prior experience of the

software.

Figure 4.8 shows the outline of the generator. From the figure, it can be seen that the
number of households in the community is the initial input. The number of household
types is then calculated using external data from surveyed households, giving the

composition of households.

Nos. of Households

The community composition
of household.

Calculate number of each
household type.

Distributing the households

Appliance ownership levels RANDomly

(%)

Determine the appliances per
household type

Distributing appliances to
locations using RAND.

CDF for each appliance

Allocating time usage of
per type of household

appliance with CDF

Energy consumption of
appliances

Generate Half Hourly load
Profile for each appliance

1l IT

Calculate energy profile

Figure 4.8 Outline of how to produce household load profiles

The household type is then distributed in the community in a random manner
reflecting the reality of a community. The appliances for household types are then

determined using external data on ownership levels. The appliances are then
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distributed again in a random manner. The time usage of each appliance is then
predicted using the cumulative distributive function that was previously determined
by the survey of a similar community; BD7 in Bradford. Finally the energy
consumption of each appliance from external data is included so that the total energy
consumption can then be computed. The eight loads were generated individually on a
daily basis to generate a random half hourly daily load profile for each household
type. The summation of the whole community can then be done to determine the
community load profile. The total daily electricity demand profile for the community

IS generated by aggregating the load profiles of the eight scenarios (households).

4.5 Results

Eight daily electricity load profiles were generated separately for each household type
on a half hourly basis. As an example of the functioning of the load profile generator,
typical half hourly load profiles have been generated for the community that is used
in this study. The random fluctuation in daily consumption levels was achieved by

using a normally distributed random number.

The electricity load profiles for the eight household scenarios have been generated
and then the average values were calculated for each household type and plotted, as
shown in Figure 4.9. Note that the random nature implies that results are only
particular to the instant. The variation in electricity consumption on a daily level was

observed on a half hourly basis.

The peaks in the figure occur around meal times: breakfast time and dinner time are
clearly visible. However, it is important to note that all, except scenarios 2 and 6,

show the typical small peak in the morning and a significant peak in the evening. The
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reasons for this are that the two scenarios (2 and 6) are about retired people.
Typically they have high energy consumption during the daytime. In scenario 5, a
third peak is visible in the afternoon as one of the occupants has a part time job so has
to return from work to take care of children returning from school. Scenarios 3, 4, 7

and 8 show similar magnitudes of energy consumption, despite different occupancies.

The aggregate electricity demand for each scenario of the whole community, giving
the maximum, average and minimum daily possible values, is shown in Figure 4.10.

This was done by running the profile for 23 runs (i.e. random days). The two adults
with children household and the two working adults household have the most energy

consumption; 28% and 21% of total domestic energy consumption respectively.
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Figure 4.9 Instantaneous half hourly daily consumption for eight scenarios
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Figure 4.11 Energy consumption profile of the 400 household community

The aggregate daily electricity demand in the particular community of 400
households is shown in Figure 4.11. By observing the generated demand profiles, it is
noticeable that the total demand has a peak in the morning, in the afternoon and the
highest peak in the evening. The energy usage in the early morning period is very low
as would be expected due to few electric appliances being on. The initial peak of
about 120 kWh occurs at around 8:00 hrs due to operating such appliances as
cookers, kettles and electric showers in order to get ready for starting the day. The
energy consumed then remains almost level at 50 kWh with only a slight increase as
children return from school. After 17:00hrs, there is a significant increase in
consumption (usually the highest peak) as people return home. This remains high
until around 21:00 hrs when it starts falling. The maximum and minimum are seen to

be significant in the evening period varying by 15% at the highest peak.

The cumulative distribution functions (CDF) enable the generation of the random

nature of consumption and can be considered as a good representation of behavior
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change. Different communities have different behaviors. In order to take into
consideration the variation in load consumption various communities may have,
different values of cumulative distribution functions (CDF) to describe the usage time
of some appliances for different groups of consumers at different communities have

been assumed as shown in Figure 4.12.

The effect of variations in CDF on the results of the simulations is shown in Figure
4.13. From the figure it can be seen that the change in cumulative distribution
functions (CDF) values has a noticeable effect on the nature of the energy
consumption profiles of the community. Therefore, it is possible to improve the
database of the tool by obtaining better national representative cumulative
distribution functions (CDF) across the country for different groupings and regions,

which could be used by local planners
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Figure 4.12 Cumulative distribution functions at different values

75



270

—s=—Load profile at CDF1 A
240

—— Load profile at CDF2 /q
210 ——load profile at CDF3 J/ N
180 f 9\7__ - ﬁ:\
150 { ‘
120

% A I
\ A

60 /

m JRAP A \

0

Electricity Consumption (KWh)

P QQ PSSP @ $ $ @ Q° 00 I\ @ é’ oc’ é’ QQ 0° &
é‘ & 0"’ F P e & SRR T O
Time

Figure 4.13 Energy consumption profile under different cumulative distribution

functions

4.6 Comparison to Measured Data

A measured load profile for a two adults and four children household, as presented in
chapter 3 (section 3.3.4) is used for comparison. Figure 4.12 shows the measured data
from the household compared with one predicted by the profile generator. The
averaged half hourly load profile from the measured data has shown a reasonable
agreement compared with the generated load profile for the same household type
(i.e., scenario 5; two adults with children household). The average daily electricity
consumption from the measured data is about 9 kWh, and about 11 kWh from the
generated load profile for the same household type. The profile from monitored data

is slightly lower than the generated profile because the cooker was powered by means

76



of gas and the household did not have some appliances such as a dish washer and a

tumble dryer.
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Figure 4.14 Comparison of modeled load profile to measured data

From the figure, it can be seen that the base load of demand occurs overnight and is
mainly from cold appliances, continuous appliances and appliances in standby mode.
The initial peak occurs between 6:30 hrs and 8:30 hrs. The second peak occurs
between 13:30 hrs and 15:30 hrs as one of the occupants returns to take care of the

children. Finally, the peak in the evening occurs as the family returns.

The significant difference that occurs after 21:00 hrs indicates that the occupants of
the household do not reflect the typical behavior of British households. This is

verified to be true as the nationality of the occupants is non-British.
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4.7 Discussion

A methodology for generating community load profiles was presented. The load
profile can vary significantly between communities due to different housing data,

different occupancy types, and different consumer behaviour.

Modelling a small community based on a behavioural understanding of the local
community can lead to a better understanding of possible intervention. The procedure
used in this thesis was based on a number of key assumptions and data. It was
primarily based on a combination of the national statistical data, and a questionnaire

survey.

Higher accuracy requires more detailed input data. In this study, the survey was done
with only eighty seven participants. With this information, it was possible to profile a
similar residential community of four hundred households. For a community that may
be different from this (different behavior), we would require a survey to be
conducted. Moreover, with updated information, the simulated profiles could be

improved.

The methodology presented in this work took into consideration the variation in load
dissimilar communities may have, via the use of the cumulative distribution function
(CDF). The cumulative distribution function was used to describe the usage time of
the appliances for different groups of consumers. It was based on real values of a
sample of households’ occupancy surveyed data describing when and how occupants
are likely to be utilizing their electrical appliances at different times of the day. The
simulation is sensitive to the CDF. The change in CDF values has a noticeable effect

on the nature of the generated load profiles of the community. The CDF allows us to
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generate the random values for consumption. The variations in electricity
consumption on a daily level were observed on a half hourly basis. These variations
indicate that there must be opportunities for behavior change with respect to time of

use, so as to result in less peak demand.

To enable the tool to be useable for different communities, the database of the tool
could be improved by generating national representative cumulative distribution
functions (CDF) across the country for different groupings and regions, which could

be used by local planners.

The results showed which category of household contributes most to the energy
usage peaks. It is possible therefore to focus energy conservation on those households
first rather than the whole community, which may be too costly. The variations in the
daily usage between maximum and minimum indicate that there must be
opportunities for behavior change with respect to time of use so as to result in less
peak demand. The tool does not consider the variation in load from weekdays to

weekend to avoid complexity and this should be considered in future work.

4.8 Conclusion

This chapter can be concluded as follows:

¢ A new methodology to predict electricity energy scenarios for small residential
local communities has been presented to help local planners decide on measures
such as embedding renewable energy and demand management.

e The inputs are based on a limited set of statistical data of household types, and of
ownership levels, both of which are available in the public domain.

e The scenarios are made relevant to the communities being investigated by
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carrying out a straightforward survey of consumer behaviour in similar
communities.
The differences between eight types of households show that occupancy has a
significant impact on energy consumed. This is something local planners could
modify, if their community’s households differ from national types, in order to
help plan for their communities.
The result was compared with measurements of a single household, and shows
reasonable agreement.
The results of the generated load profiles have been used to evaluate the
incentives currently available to consumers for shifting load.

e The results of the generated load profiles have been used to study measures that
could be used to reduce energy consumption. The resulting generated load
profiles are being used to assess the impacts of time of use (TOU) tariff plans

(economy 7) on domestic consumer behaviour and energy savings.
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Chapter 5
Investigation of Tariff Initiatives for Peak Load

Shaving at Domestic Level

This chapter presents and discusses an investigation of the use of economy 7 tariffs as
an incentive to generate demand response, and shows the impact of these tariffs on
consumer behaviour in UK domestic buildings, using the results presented in

Chapter 4.
5.1 Background

Rising electricity demand and worries over a future lack of resources make energy
management tools such as peak load reduction or load shifting a valuable method for
maintaining a stable and efficient network. Domestic load balancing is a major
concern for several countries, particularly where the demand is close to the available
generation capacity. This is represented in the deregulated market by higher pricing
during peak periods. The results of the generated half hourly domestic electricity load
profile presented in Chapter 4 are used to evaluate the incentives currently available
to consumers for shifting load. With the generated electricity demand profile,
consumers' bills at both standard tariffs and time of use tariff plans have been
calculated. This chapter discusses some aspects of electricity markets from the
perspective of the demand side. It also outlines the tools and techniques that should
be developed to help consumers take advantage of the opportunities offered by

competitive markets. An optimization model of electricity tariffs using load shifting
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to maximize the consumers' gain by shifting to an economy 7 (TOU) tariff rather than

a standard tariff, was proposed.

5.2 Introduction

Peak demand is a key issue in power supply systems when demand goes over the
available capacity. Continuous growth in peak load raises the possibility of power
failure, and raises the marginal cost of supply. In the UK the domestic sector
accounts for about one third of total electricity use. It contributes the largest peak
demand, particularly in the winter season, which has consequences for the power

infrastructure.

Under competitive electricity market conditions, if a reasonable electricity tariff for
consumers is determined, consumers could be encouraged to modify the style of their
consumption in response to financial incentives. Consequently we can achieve the
objective of making the load more level and recover the stability and efficiency of the
power system. Demand response (DR), is defined as the changes in electricity usage
by end use consumers from their usual usage patterns in response to changes of the
electricity price over time. Demand response relates to the fact that the behaviour of
occupants in their own homes results in significant changes in electricity load that are
often highly correlated and thus have a considerable impact on the electricity supply

system both locally and system wide.

Time of use tariff (TOU) is one of the significant tools of demand side management
(DSM) which encourage consumers to adjust their consumption during the high
demand periods [79]. Time varying tariffs offer smart off peak rates, but relatively

high peak rates. TOU tariffs for domestic consumers were first begun in 1965 and led
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to an exceptionally significant growth in electric storage water heaters and a resultant

growth in off-peak use including the Economy 7 tariff scheme in the UK [80].

Economy 7 is a cheaper night time electricity tariff which normally operates from
midnight where seven hours of low tariff electricity at night but slightly more
expensive tariff throughout the day. In the UK, this is most effective for those
customers that use electric heating. This is because of the high load for heating.
However, the majority of houses in the UK now have gas central heating systems.

The incentives for load shifting of the peak are therefore limited.

5.3 Demand Side Management

Demand Side Management (DSM) programmes began modestly in the 1970’s in
response to the impacts of oil crises on the electricity utility industry. These oil crises
led to a rapid increase in energy price, increased cost of power generation and
subsequently higher electricity costs [81, 82].

Due to technological and economic developments energy demand has gradually
increased. The old way to assure this increasing demand was to increase supply
capacity by constructing more power generation plants, which was formally called
supply side management (SSM) [83]. However, due to limited energy resources, a
deteriorating environment, and unfavourable demand profiles another strategy to
meet demand needed to be found. It soon became clear that the SSM approach was
inappropriate for sustainable growth either from an economic or an environmental
point of view. Nowadays, DSM has become part of the application of integrated
resource planning (IRP) and refers to a series of approaches and options to help
utilities maintain a balance of electric supply and demand under uncertain conditions
[81]. Currently, facing the prevailing change in electricity market structure, DSM
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implementation has come into a new era and is leading changes in the design of the
restructured utility market. The DSM programmes have focused on how to manage
the consumption pattern of electrical appliances by minimizing the negative impacts
on consumers [84]. Demand Side Management (DSM) vs. supply side management

(SSM) is described in Table 5.1.

Table 5.1 Demand side management Vs. supply side management

DSM SSM

After the consumer meter Before the consumer meter

- Reduce power - Increase generation capacity

- Shift time of use - Improve generation efficiency

- No reduction in service quality | - Reduce transmission and
distribution losses

5.3.1 Definition and Objectives of Demand Side Management

The concept of Demand-Side Management (DSM) was initiated by the utility
industry primarily for changing the timing and level of electricity demand, i.e., the
shape of electricity loads, among their customers.

Demand Side Management (DSM) is a technique used by utilities to control the loads
in order to achieve a better overall network performance and to obtain a better match
between the available supply and the consumer demand, so that their connection to
the grid is scheduled according to the availability or cost of power. In other words,

DSM is the implementation of those measures that help the consumers to use
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electricity more efficiently in order that power can be produced in an optimal way

[84-86].

5.3.2 Approaches to Demand Side Management

One approach in residential load management is direct load control (DLC). Direct
load control allows a utility to turn on or off particular appliances at the time of peak
demand periods by direct control. This kind of load control contains encroachment
on the consumer’s right to use his electricity supply as he needs. However, users’
privacy may be a barrier when load control is utilised in residential situations. An
alternative is dynamic pricing, which is designed to reduce system costs for utilities
and bring down customer bills. Dynamic pricing programmes can be targeted at many
kinds of customers, from the residential consumer through to the commercial
consumer and the industrial consumer. The electric utility company is most often
responsible for programme design, implementation, and evaluation and monitoring.
The implementation of new metering and billing systems and sometimes the
installation of end-use controlling equipment are involved [91]. With dynamic
pricing, users could be encouraged to manage their load. In this regard, time-of-use
pricing (TOU), critical peak pricing and real time pricing are among the most popular
options [80].

o Time-of-Use Pricing (TOU): Electricity prices are designed higher in time of
peak hours and lower in off-peak time, typically not changing more often than twice a
year. Prices charged for energy used during these periods are well-known to
consumers in advance, enabling them to change their consumption in response to
prices and therefore cope their energy costs by shifting load to a lower cost time or

reducing their use overall.
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o Critical Peak Pricing (CPP): This rate design is based on a time of use scheme
(TOU) combined with an additional penalty charged over the standard peak time of
use price for consumption during these hours when electricity is costly or system
conditions are critical. CPP is only used on a limited number of days each year [88,
89]. Although CPP represents an improvement to time of use (TOU), it has the
drawback that the penalty charges are set in advance and the numbers of occasions on
which they can be applied are limited. Critical peak pricing needs a better level of
metering than time of use rates which needs only on-peak and off-peak usage
measurements, whereas CPP must be capable of hourly measurements of load.
Moreover it also needs further communications equipment in order to inform

customers of the time of critical hours.

o Real Time Pricing (RTP): This type of pricing is based on the scheme that the
electricity price should always reflect the current market situation. Under a real-time
pricing, the electricity prices vary hourly or sub-hourly all year long, for all or some

of a customer’s load.

5.3.3 Implementation of DSM

The key components of DSM are load control, load management, remote metering
and billing automation. Load control and management is used to analyse situations
such as users’ electricity consumption, electricity prices, weather and heating
characteristics in buildings in order to determine the optimal operation and load
control scheme and also guide the consumers to shift load and flat load curves with

reasonable pricing structures. The main categories in this DSM activity are: [79]

e Energy reduction programs (ERP): reducing demand through more efficient

processes, building or equipment;
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e Load management programs (LMP): changing the load pattern and encouraging

less demand at peak times and peak rates.

Remote metering and billing automation allow the generation of reports and curves of
electricity prices automatically by obtaining meter data from remote consumers and

transmitting it to the control centre.

Load management programmes aim to manage the power on the demand side using
various technical and economic measures to reshape the load curve into the objective
curve to enable the supply system to meet the demand at all times in a cost-effective
manner [88]. The load on the system is always changing with time and never remains
constant, so that utility providers must keep an eye on the maximum load and average
load of their systems. Load management programmes basically optimize the loads to
improve the system load. The load factor is the ratio of the average load to the
maximum load within a certain period.

average load (5.1)

Load factor =
f maximum load

The ideal value for the load factor is 1, which indicates that the average load is equal
to the maximum load. However, practically this is impossible and it is always less
than one (< 1.0). The lower this load factor, the greater the fluctuations within the
demand profile. This results in increased capacity and cost for the operation of the
supply side. Therefore measures need to be implemented which improve the load
factor. Load management is a suitable way of increasing the load factor, which is the
process of scheduling the loads, to reduce the electrical energy consumption or the

peak demand at a given time. Figure 5.1 illustrates different load shape objectives of
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demand side management programs. These include: peak clipping, valley filling, load

shifting, strategic conservation, strategic load growth and flexible load shape:

Peak clipping: denotes to the reduction of utility loads during peak demand
periods. This can reduce the need to operate at the most expensive unit and defer
the need for future capacity additions to decrease the utility’s cost of service.
The net effect is a reduction in both peak demand and total energy consumption.
The method usually used for peak clipping is by direct utility control of
consumer appliances or end-use equipment.

Valley filling: encourage consumers to use energy when the energy price is low.
This is the process of making an energy production and delivery system more
efficient by encouraging additional energy use during periods of lowest system
demand.

Load shifting: involves shifting load from on-peak to off-peak periods. The net
outcome is the reduction in peak demand, but no change in total energy
consumption. Typical methods used for load shifting are the time-of-use (TOU)
rates and/or the use of storage devices

Strategic conservation: encourage consumers to use efficient energy such as
renewable energy and energy efficient appliances to reduce energy use in order
to lessen average fuel cost and reschedule the need for future utility capacity
additions.

Strategic load growth: encourage consumers to use electro technologies instead
of inefficient appliances such as fossil-fuel equipment. This can decrease the
average cost of service by distributing fixed costs over a larger base of energy

sales and benefits all customers.
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o Flexible load shape: use programs such as demand subscription services and
priority service pricing which alter energy consumption. Utilities can realize both
operating and future fixed costs by allowing dispatchers the flexibility to reduce

or postpone demand for selected customers [83].
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Figure 5.1 Demand side management load shape curves [83]

5.4 Electricity Tariffs Structure

As residential energy markets open to competition, consumers can choose from a
range of tariffs offered by different suppliers. Currently in the UK, most domestic
consumers, who have no electric heating, have slight or no incentive to shift their

usage away from peak periods as they are charged at standard electricity tariffs for
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their consumption regardless of time of use. The standard tariff consists of a standing
charge tariff, a Tier 1 charge for an agreed amount of usage, and a Tier 2 charge for
the remainder. A standing charge is a fixed amount the consumers pay daily to their
electricity supplier. It’s a little like a connection fee and the consumers also pay for
the electricity they actually use. It is used to cover the energy suppliers’ costs such as
meter reading, maintenance and the cost of keeping the consumer connected to the

network.

The economy 7 tariff is a cheaper night time electricity tariff which normally operates
from around midnight for seven hours. To shift more energy consumption into the
night, some main appliances such as, washing machines, tumble dryers or
dishwashers might be configured to run during the night period tariff i.e. early
morning. To examine the consumer’s behaviour in response to the tariff changes,
consumers’ quarterly electricity bills under different standard tariff schemes offered
by five suppliers in the UK, were calculated. Table 5.2 shows the actual electricity

standard tariff plans offered by five suppliers in 2010 in the UK [90].

Table 5.2 Standard tariffs (including VAT) offered by different suppliers

Supplier | Standing Tier 1 Tier 2 (for the rest)
Charge

1 - 14.91p/ kWh for the first 720 KWh 13.90 p/ kWh

2 8.4210 p/day | 11.885p/ kWh -

3 - 19.91p /kWh for the first 900 KWh 9.84 p/ KWh

4 - 23.538p / kWh For the first 500 kwWh | 9.172 p/ kWh

5 13.301 p/ day | 10.2250 p / kWh -
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The Tier 1 day rate will apply to a block of 1000 kwWh or 720 kWh each year ( e.g.
for an electricity bill covering three months the first 247 kwh will be charged at the
Tier 1 rate, all extra day kWh will be charged at the Tier 2 rate). Night consumption
will be supplied for a total of 7 hours between 11pm and 8am (actual times set by the
local network operator) and these will be charged at the night kWh rate. Table 5.3
shows actual electricity economy 7 plans offered by two suppliers in 2010 in the UK

[90].

Table 5.3 Economy 7 electricity tariffs rates (including VAT)

Brand Supplier

Supplier X Y

Tier 1 rate | 23. 80p/ kWh for the first 1000 | 22.134p/kWh for the first 720

kWh kWh

Tier 2 rate | 11.21p/kKWh for the remainder | 13.288p/kWh for the remainder

Night rate | 5.03p per kWh 4.63p per kWh

5.5 Analysis of Household Electricity Consumption

To obtain a better understanding of the effect of different tariff schemes on consumer
behaviour, half hourly load profiles for different types of households as presented in

Chapter 4 is used.
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An analysis of domestic electricity consumption was carried out to determine if UK
households are responsive to the economy 7 tariff scheme. These household are

assumed to all have gas central heating.

5.5.1 Load Profile Data Characteristics

A consumer’s consumption of electricity is influenced by the number, type and time
of usage of electrical appliances. Households do not have to reduce their consumption
to benefit from low tariff rates at off peak periods. By shifting their electricity
consumption to lower rate periods, which means they use electricity in off peak
periods, consumers can save on their electricity bill even if they do not reduce their

consumption.

Household actions needing electricity include food preparation, using electronic
apparatus, running appliances etc. Of these activities, utilizing wet appliances (e.g.
tumble dryers, washing machines and dishwashers) outside of peak periods is likely
to result in the least disruption to households and personal lifestyles. The percentage
share of electricity consumption by household domestic appliances is shown in
Figure 5.2. The largest share was for the wet appliances which accounted for 19
percent of the total amount of electricity consumed, followed by brown appliances
(18 percent), cooling appliances (17 percent), miscellaneous (16 percent), and
lighting (13 percent). As such, it is feasible to shift the wet appliances usage to

different time periods.
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Figure 5.2 Electricity consumption by households’ domestic appliances

5.5.2 Bill Calculations

The generated household electricity consumption data presented in Chapter 4 has
been manipulated in two ways to help determine the likely change in the electricity
bill and shift in electricity use in response to economy 7 tariff schemes. The two

ways are described below:

» Will the households gain naturally from the adoption of economy 7 tariff rates?
That is, are there any households that are expected to save on their electricity bills,
given their electricity use patterns without the adoption of economy 7 tariff rates
(i.e. under standard tariff schemes). A comparison between different consumers’
bills under standard tariffs offered by five suppliers has been made in order for
consumers to understand more about standard tariffs before choosing their
suppliers. The general equation to calculate the quarterly consumer’s bill under the

standard tariff is:
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S = QF.xl + Qz.xz (52)

where:

S is the electricity bill under standard tariff, Qg is a fixed consumers’

energy use in lower tier (i.e., the first 1000 kWh will be charged at the Tier 1 rate),
Q- is all extra consumed kWh, x, is tier 1 rate (E/kWh), and x; is tier 2 rate (E/kWh).
The general equation to calculate the quarterly consumer’s bill under economy 7

tariff is:

E == QF.x3 + Q4.x4 + QN'XS (53)
where:

E is the electricity bill under economy 7 tariff.

Qr = Tier 1 fixed usage at tier 1 (kWh) under Economy?7 tariff.

Qy =elec. consumed during night period (kWh) under Economy?7 tariff.
Q4 = Tier 2 extra usage above tier 1 (kWh) under Economy?7 tariff.

x3 = Tier 1 rate (p/kWh), under Economy?7 tariff.

x4 = Tier 2 rate (p/kWh), under Economy?7 tariff.

x5 = Night rate (p/kWh), under Economy?7 tariff.

Under the same energy usage: Q, = Q4 + Qy

The daily percentage of electricity consumed during the Tier 1, Tier 2 and night
periods was calculated for each household type and for the whole community prior to

the adoption of the economy 7 tariff.

The difference between the tiered costs and the expected economy 7 costs (E — S)

was calculated for each household. Positive differences indicate that the expected

94



economy 7 costs would be greater than the actual tiered costs, and thus indicates that
the household is not expected to benefit naturally under the new economy 7 rate
scheme. Similarly, negative differences indicate that the expected economy 7 costs
would be less than the actual tiered costs, and thus indicates that the household would

be expected to benefit naturally under an economy 7 rate.

» Do the households shift the time when they consume electricity upon the adoption
of the economy 7 tariff rate? That is, do the households shift the usage of
appliances such as washing machines, tumble dryers, kettles and irons to run a bit

earlier in the morning.

Table 5.4 Electricity consumption ratio during periods

Scenarios
1 2 3 4 5 6 7 8

No. of households | 60 | 60 24 96 76 36 32 16

Electricity consumption (%)

Night Period 15 |14 |17 |18 |16 16 |18 |15
Tier 1 (limit) 52 |50 |19 |31 19 30 |20 |18
Tier 2 Period 33 |3 |64 |51 65 54 |62 67

Each of the households has similar average percentages of electricity consumed
during night periods, as shown in Table 5.4. The average household proportion of
electricity consumed during night periods ranged from 14% -18% between the
households. Scenarios 4 and 7 have the highest proportion of electricity consumed

during night periods.
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5.5.2.1 Natural Benefits (without load shifting)

The calculation performed was intended to determine if households would benefit
naturally from the adoption of economy 7 tariffs. To answer this question, a
comparison between quarterly bills from each household type under both the standard
tiered rates offered by five suppliers and economy 7 rates was performed, as shown in
Figure 5.3. From the figure, it can be seen that the households have an average
quarterly electricity bill associated with tiered tariff (standard) in the range of £56 to
£167. The average quarterly electricity bill of these households associated with the

economy 7 tariff ranged from £76 to £165.
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Figure 5.3 Quarterly consumers’ bills using different standard tariffs &
economy 7 tariff, for the eight scenarios
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The single adult and single retired households have the lowest quarterly electricity
bill associated with standard and economy 7 tariffs, while the two adults with
children and three adults or more with children households have the highest quarterly

electricity bills associated with standard and economy 7 tariffs.

The results denote that none of the eight scenarios would benefit naturally from the
economy 7 tariff. Also, from Figure 5.3, it is clear that some consumers (scenarios 3,
5, 7 & 8) will benefit naturally from the adoption of economy 7 tariff rates if they are
on standard tariffs offered by the first supplier. This is because the standard tariff is
different at Tier 2, making it more costly for users. If Tier 2 rates of the standard rate
were higher; it would force some customers to shift to economy 7. This is effectively
what would be required as Tier 2 represents the additional usage of customers, and

Tier 1 the fixed bill.

5.5.2.2 Load Shifting

If the load is now shifted from Tier 2 to night time, there could be possible savings.
Using a standard tariff scheme as baseline, and two economy 7 tariffs, options 1 and
2 described below explore this idea and the results are illustrated in Figures 5.4 and
5.5.

As shown from the figures, the percentages of possible savings under the standard
tariff and the expected economy 7 tariff were calculated for each household type

(scenario).
Standard tariff: (supplier 3)

Tier 1 rate: 19.91p (inc. VAT) per kWh for the first 900 kWh

Tier 2 rate 9.84p (inc. VAT) per kWh for the remaining usage
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Option 1: Economy 7 tariff: (supplier X)

Tier 1 rate: 23. 80p (inc. VAT) per kWh for the first 1000 kWh
Tier 2 rate: 11.21p (inc. VAT) per kWh for the remaining usage

Night Rate: 5.03p (inc. VAT) per kWh.

Figures 5.4 and 5.5 show for each scenario, the savings compared with the standard
tariff (negative indicates loss). The graphs indicate that in option 1, a minimum of

25% load shift is required. However, for option 2, a load shift of 15% is sufficient for

some households to benefit.
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Figure 5.4 Savings with option 1 pricing

Option 2: Economy 7 tariff: (supplier Y)
Tier 1 Rate: 22.134p (inc. VAT) per kWh for the first 720 kWh.

Tier 2 Rate: 13.288p (inc. VAT) per kWh for remainder.

Night Rate: 4.63p (inc. VAT) per kWh.
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Figure 5.5 Savings with option 2 pricing

5.5.2.3 Practical Adoption of Economy 7 Tariff (option 2)

The previous calculations were all done by numerically shifting the load. However, in
practice, it is the usage of appliances that has to be shifted by behavior. In this section
we examine shifting the usage of appliances such as washing machines, tumble
dryers, kettles and irons to run a bit earlier in the morning (before 8am). Table 5.5
shows the shifts and gains made with various changes in appliance usage. The table
shows that with a significant amount of change in behaviour from the consumer, the
total amount of load shift was only around 23%. At this level only a few consumers
get a slight benefit. The reason for this is that most of the bill is actually made of Tier
1 & Tier 2, and the ratios are different, as shown in Figure 5.5. The change must still
be made at Tier 1 and 2 for there to be a shift. This can be done by conventional

optimization techniques.
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Table 5.5 Percentage savings in consumers’ bills using economy 7 tariff (option 2)
compared to standard tariff for load shifting of (i) Washing Machine (W/M)
(i)W/M + Dryer (iii)W/M + Dryer + Iron (iv)W/M + Dryer + Iron + 0.3 of Kettle’s

load (V)W/M + Dryer + Iron + 0.3 Kettle + VVac. Cleaner

Load shift i ii iii iv v
% of Tier 2 load |9 17 20 21 23
shifted to night

Scenarios % Savings

1 -1.3 0.2 1.2 1.5 2.2
2 -2.5 -1.2 0.6 0.9 1.8
3 -1.5 -2.8 -1.3 -1 0.1
4 -5 -2.3 -0.9 -0.8 0

5 -9.3 -4.9 -2.9 -2.7 -1.4
6 -5.9 -3.8 -2.6 -2.2 -2
7 -6.5 -2.6 -1.1 -0.2 0.7
8 -9.5 -5 -3.6 -2.8 -2.3

5.6 Utility Load Facing

Figures 5.6 and 5.7 show the typical electricity load profiles for the selected scenarios
and the whole community respectively for load shifting using scheme (iv). It can be
seen that a percentage of the daily load in the peak hours can be shifted to early

morning hours.
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Figure 5.7 Comparison of normal electricity consumption profile of the 400

household community with load shift to night hours

The benefit to the utility would be dependent on what rates they actually purchase the
electricity at. If the cost is significant, then there would be an incentive to invest in
trying to change the behaviour of the consumers. However, the focus of any attempt
should be on the type of households where the benefit would be significant. Figure
5.8 shows the amount of energy shifted by type of household. It can be seen that the
two adults, and the two adults with children represent about half the energy shifted.
As such, the utility could target marketing literature, and any incentives on those

consumers.

There is however, the issue that utilities may not be interested in changing national
tariffs. If so, it may be possible for a local community company or organisation,

newly entering the market, to make such changes.
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Figure 5.8 Proportion of load shifted in kWh for scenarios (scheme iv)

5.7 Optimization of Electricity Tariff

For domestic electricity tariffs to be effective, it is essential that the tariffs offered are
designed in such a way as to adequately motivate consumers to change their
electricity usage behaviour. Load balancing is a major concern, particularly where the
demand is close to the available generation capacity. Demand is largely
uncontrollable and varies with time of day and season (there have been insufficient
incentives for demand to become responsive). This is represented in the deregulated
market by higher pricing during peak periods. Moreover, households face a vast
assortment of increasing electricity prices and increased awareness for environmental
sustainability. The implementation of DSM has been slow due to a number of reasons

such as lack of incentives.
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The optimization of electricity tariffs offered to consumers by their utility providers
Is invariably the primary reason given for introducing competitive electricity markets.
Dynamic energy pricing research could be grouped into two categories: profit

maximization for utility companies or cost minimization for consumers [92].

5.8 Formulating a Mathematical Model of the Consumer’s

Electricity Bill

Consider the problem of setting tariffs, where the setting of economy 7 electricity
tariffs needs to be established to offer financial incentives to domestic consumers
who agree to reduce their energy usage when energy demand is high. The form of the
electricity tariff structure is one of the first considerations in any optimization

problem which involves minimizing electricity costs.

In our case, a mathematical model was developed to calculate the electricity bills for
each household type under both the standard tariff (S) and economy 7 tariff (E).

Then, the difference between the bills under tiered rates (standard tariff) and the
economy 7 tariff with load shifting was calculated to assist decision making in

resetting the economy 7 tariffs.

The key decision is how to minimize the loss of shifting to economy 7 by finding out
how much the electricity rates should be paid by the consumers, while still ensuring

the consumers save under economy 7 compared to standard tariff.

5.8.1 Consumer’s Electricity Bill under Standard Tariff scheme

Then the total monthly bill under standard tariff (S) is similar to Equation (5.2).
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S =0Qp.x, +0Q3.x;

And the total electricity consumption (Q) will be

Q=0Qr+0; (5-4)

5.8.2 Consumer’s Electricity Bill under Economy 7 Tariff scheme:

(@) Without load shifting
Then the total monthly bill without load shifting under economy 7 is similar to

Equation (5.3).
E =Qp.x3+ Q4.x4 +Qu.X5
And the total electricity consumption will be
Q=Qr+ Qs+ Qy (55)
(b) With load shifting

If
Qsn = part of Tier 2 load shifted to night period(kWh),

The new electricity bill under economy 7 with load shifting will be
Egn = Qp.x3 + (Q4 — Qsp). x4 + (Qn + Qsp)- X5 (5.6)
If
Qs =KQ; Then Qy=(1-K)Q;
And if Qg = yQ, = KyQ, Then
Egpn = Qp.x3+ (1 —y)kQp. x4 + (1 — k + ky) Q5. x5 (5.7)

Where k is the percentage of exrea usage (Q) used as tier 2 usage under Economy 7

tariff, and Ky is the percentage of exrea usage (Q-) shifted to night period.
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The difference between the consumer’s bill under both economy 7 tariff with load

shifting and standard tariff is obtained in Equation (5.8).

Egp —S =Qpr. (x3—x1) —Qx; + (1 —y)kQ,. x4, + (1 — k + ky)Q,. x5 (5.8)
Simplifying, we obtain:
Esp — S = Qp. (x31) + Q2 (x5 + kxys — kyxys) (5.9)
Where x3; = X3 — X1, X45 = X4 — X5, Xgp = X5 — X,

Using the tariff schemes offered by different suppliers shown in Tables 5.2 and 5.3,
the range of variables are:

23.80 — 23.53 < x3; < 23.80 — 14.93

0.27 < x3; < 8.8

4,63 —13.9 < x5, < 5.03 —9.172

—9 < x3; < —411.21 — 5.03 < x,5 < 13.288 — 4.63

6.2 < x3; < 8.6

0<ky<0.25

Where Kk is calculated for each scenario, and k is in the range [0 - 0.25] based on

Figure 5.5.

The aim is to maximize the gain of the consumer through minimizing the difference
between the consumer’s bill under both the economy 7 tariff with load shifting and
the standard tariff (E;;, — S ) by shifting to an economy 7 plan.

Also since changes to economy 7 should result in no change in bill when ky is zero,

so we have:

Qp- (x31) + Q2(xsz + kxys) =0 (5.10)
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The values of Q, Qr, Q2 Qn, Q4 and K for the eight scenarios are summarized in

Table 5.6.

Table 5.6 Values of Q, Qr, Q2 Qn, Q4 and K (supplier Y)

Scenarios

1 2 3 4 5 6 7 8
Q(kWh) 145 147 383 246 364 251 369 410

Qr(kWh) 75 75 75 75 75 75 75 75
Q2(kWh) 70 72 308 171 289 176 294 335

Qn(KWh) 22 21 65 47 76 40 67 70
Q4(KWh 48 51 243 124 213 136 227 265
K 0.69 0.71 0.79 0.72 0.73 0.77 0.77 0.79

The two adults and the two adults with children households represent about half of
the energy shifted. As such, the utility companies could focus marketing literature,
and any incentives on such consumers. To summarize, we have the following
problem formulation for the fifth scenario equation (5.11).

Eg, — S = 75x31 — 289x,5 + 138.72x,5 (5.11)

5.9 Problem Formulation and Optimization Model

Modeling a problem using linear programming (LP) involves writing it in the
language of linear programming. The keys to a linear program are the decision
variables, objectives, and constraints. The LP must be converted into a problem

where all the constraints are equations and all variables are non-negative.
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Decision Variables: The decision variables represent (unknown) decisions to be
made. For this problem, the decision variables are the difference between the Tiers’
rates. We will represent these unknown values by x5, , x,5 and x,< respectively.
Objective: The objective is to minimize the loss of shifting to economy 7 by finding
out how much the electricity rates should be so that consumers save more under the
economy 7 tariff than under the standard tariff.

The objective is to minimize the function represented in equation (5.13).

Constraints: Every linear program also has constraints limiting feasible decisions.
Here we have six types of constraints: x3; < 8.8, x,5 <9, x45 <8.6.

The basic problem is to find a rate design that prompts consumers to take action to
make savings, without undermining the supplier’s ability to recover its legitimate
costs of operation (to ensure the supplier will not lose), S = E that means,
75x31 — 289x55 + 210.9x45 = 0

75%3, — 171x,5 + 123.5x,5 = 0,

Finally we add the linear constraints x3; = 0, x,5 = 0 and x,5 > 0 to enforce the

non-negativity constraint.

5.9.1 Final Model

This gives us the complete model of this problem:
Minimize 75x31 — 289x55 + 138.72x,5
Subject to:

1x34 + O0xy5 + Oxy5 < 8.8

Ox31 + 1xy5 + 0x45 <9

Ox31 + 0x55 + 1x,5 < 8.6

75x31 — 289x55 + 210.9x45 = 0
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75x31 - 171x25 + 123.5.X45 =0

X311 X235, Xa5 = 0

The resulting minimization problem is formulated as a linear function of parameters;

it can be solved by linear programming (LP) methods.
5.10 Solving the Model using LINDO Optimization Software

In this study, the computer package named LINDO (Linear Interactive and Discrete
Optimizer) has also been used to get the solution for the decision problems. The name
LINDO is an acronym for Linear Interactive Discrete Optimization. This software
has an emphasis on operations research. It is a specialized programme which covers
the topics such as linear/non-linear programming and combinatorial optimizations

[144].

The LP objective function value and the outputs from LINDO Optimization Software
are reported in Table 5.7. From the table, it can be seen that the LINDO package
found the optimum solution after 3 iterations (pivots) and an optimum solution has
been arrived at with x3; = 0.36188 , x,:=6.369, x,5 = 8.6 and minimize (E;, — S)

=620.748.
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Table 5.7 Optimal solution of the model

LP OPTIMUM FOUND AT STEP
OBJECTIVE FUNCTION VALUE

1)

VARIABLE
X31
X25
X45
ROW

2)
3)
4)
5)
6)

-620.7480

VALUE
0.361880
6.369831

8.600000
SLACK OR SURPLUS

8.438120
2.630169
0.000000
0.000000
0.000000

NO. ITERATIONS= 3

REDUCED COST
0.000000
0.000000
0.000000
DUAL PRICES
0.000000
0.000000
72.180000
-1.000000

0.000000

5.11 Electricity Tariff Optimization

For electricity tariffs to be effective, it is essential that the tariff offered is designed in
a way as to adequately motivate consumers to change their electricity usage
behaviour. In order to propose a new rate design, the dataset which was derived from
the optimum solution achieved in the last section and standard tariff rates presented in
Table 5.2 is used for the calculation. Based on the optimum solution shown in Table
5.7 and the value of Standard tariff tier 1 rate (x;), the results of the proposed rates are

shown below:

For: x; (Standard tariff Tier 1 rate) = 19.91 p/kWh, the other tier rates have been

calculated as follows:

X3 (Economy 7 tariff Tier 1 rate) = 19.91+ 0.36188 = 20.27188 p/kWh

Xs ( Night rate) = 9.84-6.369 =3.47 p/kWh
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X2 (Stand. tariff Tier 2 rate) = 6.369 +3.47=9.84 p/kWh

X4 (Econ. 7 tariff Tier 2 rate) = 8.6+ 3.47 =12.07 p/kWh

5.12 Consumer’s Electricity Bill under a New Tariff Scheme

The calculation performed was intended to determine if households would benefit
naturally from the adoption of the new economy 7 tariffs scheme. To answer this
question, a comparison between consumer’s bills from each household type under the
standard tiered rates and new designed economy 7 rates was performed as shown in
Figure 5.9. From the figure it can be seen that, with no load shifting, the single adult,
single retired, and two retired households would not be expected to benefit naturally
from the new rate of economy 7 tariff, while the electricity bills under both tariff
schemes for two adults, two adults with children, and three adults with children
households, are the same. It is clear that the single adult with children and three
adults or more households would be expected to benefit naturally from the new rate

of economy 7 tariff.
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Figure 5.9 Percentage savings in consumer’s bill using a new economy 7 tariff

compared to standard tariff

If the load is now shifted from Tier 2 to the night time, there could be possible
savings. Figures 5.10 shows, for each scenario, the savings compared with the
standard tariff (negative indicates loss). The results indicate that, a minimum of 20%
load shift is required for single adult and single retired households to benefit from the
adoption of the economy 7 tariff. However, a load shift of about 5% is sufficient for

scenario 6 (two retired household) to benefit.

The previous calculations were all done by numerically shifting the load. However, in
practice, it is the usage of appliances that has to be shifted by behaviour. In this
section we examine shifting the usage of appliances such as washing machines,
tumble dryers, kettles and irons to a bit earlier in the morning (before 8am). Table 5.8

shows the shifts and gains made with various changes in appliance usage. The table
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shows that with a significant amount of change in behaviour from the consumer, the
total amount of load shift was only around 23%. At this level all consumers get a

benefit range from around 2 to about 12 percent.

Table 5.8 Percentage savings in consumer’s bills using the economy 7 tariff

compared to the standard tariff for different schemes of load shifting

Load shift i i iii iv v
% of Tier 2 load shifted to night 9 17 20 21 23
Scenarios %
Savings
1 1.8 3.2 4 4.4 4.7
2 1.8 3.1 4 4.8 4.9
3 0.9 4.1 6 7.8 7.9
4 2.9 5 7 7.8 8
5 4 6.2 8 9.5 9.8
6 3 51 6 7.8 8
7 2.9 5.2 7 8.8 8.9
8 1 3.1 6 7.9 8

The benefit to the utility company would be dependent on what rates they actually
purchase the electricity at. If the cost is significant, then there may be an incentive to
invest in trying to change the behaviour of the consumers. However, the focus of any
attempt should more focus on the type of households where the benefit would be
significant. The two adults household (scenario 4) and the two adults with children
household (scenario 5) represent about half the energy shifted. As such, the utility
company could more focus on marketing literature, and any incentives on such

consumers.

113



25
—& - Scenario 4 (new tariff) =-%--Scenario 5 (new tariff)

20 —i— Scenario 4 (old tariffy = Scenario 5 (old tariff) o

% Savings

-15

-20

% of shifted Tier 2 load to night period

Figure 5.10 Percentage savings in consumer’s bills under new proposed tariffs

and old tariffs for scenarios 4 &5

If the load is now shifted from Tier 2 to the night time for scenarios 4 and 5, there
could be possible savings. Using a standard tariff scheme as baseline, the new
proposed tariff and old tariff are compared. Figure 5.10 shows, for scenarios 4 and 5,
the savings compared with the standard tariff (negative indicates loss). The graph
indicates that the new designed rates for electricity tariffs seem to be effective; in old

rates; a minimum of 25% load shift is required. However, the use of the new rates

was found quite significant.

The percentage savings in electricity bills for all the scenarios, using scheme (v) of
load shifting, is shown in Figure 5.11. It can be seen that, at the old tariff level and

with 23% of Tier 2 load shifted to the night time period, only a few consumers get a
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slight benefit. However, the adoption of a new proposed rate using scheme (v) of load

shifting would benefit all consumers.
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Figure 5.11 Percentage savings in consumer’s bills using new proposed tariffs

and old tariffs for the eight scenarios

5.13 Discussion

The use of economy 7 tariffs as an incentive to implement demand response in local
communities to achieve cost effective peak demand reduction via load shifting was
investigated. The tool presented in Chapter 4 enabled the research to simulate
changes in customer electricity consumption under economy 7 tariffs, compared to
rescheduling the usage time of household appliances. It was found that tariff schemes
definitely influence consumer behaviour. The simulation result has shown that
economy 7 tariffs hardly have any effect on consumers that have a gas supply as well.

The reasons for this are historical and ought to be reconsidered.

Optimization of the current tariffs could possible help shift some of the load at peak

hours. However, this was found to be more relevant to particular types of households.
115



The methodology helped identify such households. As such, the utility company

could target marketing literature, and any incentives on such consumers.

From the results it was found that, a simple change of existing standard tariffs to

economy 7 tariffs did not provide enough financial incentives for households to

invest in DSM technology.

5.14 Conclusion

The conclusions drawn are presented below.

The use of economy 7 tariffs as an incentive to implement demand response in a
local community to achieve cost effective peak demand reduction via load
shifting, has been investigated.

The simulation result has shown that economy 7 tariffs have hardly any effect on
consumers that have a gas supply as well.

A model for optimization of residential electricity tariffs in the presence of load
shifting including problem formulation and solution was proposed.

Current tariffs are not sufficient to change consumer behaviour at peak times as
there is little benefit to them in financial terms.

The analysis helps to determine the suitability of adopting demand response in the
domestic sector at community level.

Mechanisms for local communities may be required to encourage shift in load.
This could be via newer energy companies acting as local distributors for a local
area.

The results enable suppliers to focus on the particular types of households to

market load shifting techniques to.
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Chapter 6

Investigation of Renewable Energy at Local

Community Level

6.1 Introduction

The main resources used to generate electricity worldwide are non-renewable fossil
fuels such as coal, gas, and oil, as well as non-renewable nuclear materials. Natural
gas and coal are the most common fuel for electricity generation, used in 46 percent

and 28 percent of the UK’s electricity generation.

The need to move towards sustainable energy solutions is highlighted by the
increasing greenhouse gas emissions resulting from the use of fossil fuels. Currently,
renewable energy sources are considered a possible way to solve world energy and
environmental problems. Investment in renewable energy sources would mean that
the UK would be able to produce energy cleanly and locally, reducing the reliance on

imported fuel supplies.

Renewable energy generated on a local community, rather than national can be
considered one of the key solutions to current global challenges. But it is also vital
for renewable energy projects to be developed by or with the close involvement of
local people, and to ensure a local community experiences benefits within relatively
short time periods. Rather than producing a large amount of energy in limited places
and using very inefficient long distance transmission cables to deliver it, it is possible

to produce smaller amounts of power in many places from the most appropriate
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renewable sources. Energy can then be fed back into the distribution network, or
potentially consumed locally via localized distribution networks.
Out of all the renewable resources, solar power and wind power are currently the

most popular options around the world for producing electricity.

One of the most promising renewable energy technologies is photovoltaic (PV)
power. PV systems are a truly elegant means of producing on-site electricity from the
sun without noise, pollution or any moving parts. It is estimated that one hour of solar
energy received by the earth is equal to the total amount of energy consumed by
humans in one year [93]. Over the past years there has been growing interest, across
Europe, in the use of photovoltaic (PV) panels for the production of electricity in
urban environments. Current UK Government policy appears to focus on large-scale
renewable energy production schemes [94], which often attract much public concern
and frequently fail to achieve planning permission. By encouraging small-scale
schemes, the public may feel more inclined to make a contribution to reducing
emissions and could eventually contribute a significant amount of electricity into the

energy market.

The chapter aims to use the methodology developed in Chapter 4 to investigate the
possibility of using renewable energy (RE) at community level. The evaluation of the
cost-effectiveness of the building integrated photovoltaic roofing system when
connected to the utility grid has been taken as an example. Using the current utility

rates and the energy consumption data, the payback period of the system is evaluated.
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6.2 Energy Supply in the UK’s Domestic Sector

The UK’s residential sector consists of about 26 million households, which account
for approximately one-third of all electricity consumption. Energy use in the UK is
based mainly on fossil fuels and accounts for over 97% of emissions of carbon
dioxide, the main greenhouse gas [95, 96]. The continued use of these fossil fuels has
led to an increase in the production of greenhouse gases, especially carbon dioxide
(COy). Currently the UK emissions of CO; contribute about 2% to the global man-
made total [97]. Increased emissions of greenhouse gases will contribute to climate
change [98]. The effects of global warming require the level of CO, emissions be
greatly lowered, which includes reducing the UK’s consumption of fossil fuels.
Beside the negative environmental impact associated with this situation there are
significant concerns about energy security, as the UK is an increasing net importer of
fossil fuels [99]. Since the UK Government’s energy policy aims are to reduce its
greenhouse-gas emissions (GHG) by at least 80% by 2050 relative to 1990 emissions,
and to keep secure, various supplies of energy [100], significant changes are required

in the way that energy is sourced and used.
6.3 The Solar Resource in the UK

Solar irradiance is absorbed and reflected as it passes through the Earth’s atmosphere,
and partly converted by dispersion into diffuse irradiance. The total irradiance on the
horizontal is known as the global irradiance, which is the sum of the direct and
diffuse components [101]. Figure 6.1 shows the global horizontal irradiation arriving
at a horizontal surface for locations across the UK and Ireland. Locations ranging

from (Scotland) to (South-West England) receive approximately 3200 to 3900 MJ/m?

119



(880-1100 kWh/m?) of global irradiation annually on a horizontal surface, assuming

no shading. Insolation varies with time of day and season.

Yearly total of global horizontal irradiation [kWh/m2]
UK and Ireland

Ags [ LSnsommssion
== Joint Research Centre

100 km

npiire rc.ec.europasupvals

PVGIS @ European Communities, 2001-2007

Figure 6.1 Yearly global horizontal irradiation (kWh/m?) in UK and Ireland

The average daily global irradiation for different locations during different months of
the year is shown in Figure 6.2; the data was extracted from the NASA website. From
the figure it can be seen that summer days receive a much greater quantity of
irradiation than winter days in the UK. During the winter the sun is lower in the sky
and hence, ideally, a solar panel would increase its pitch at such times to capture the

maximum possible global irradiation.
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Figure 6.2 Monthly-average solar irradiation during different months of the year

Figure 6.2 also explains the difference between different geographical locations.
Southampton receives about 127% of the irradiation received in Glasgow, about

116% that of London and, about 124% that of Bradford.

6.4 Photovoltaic status in the UK

Photovoltaic (PV) energy is the direct conversion of solar radiation into direct current
electricity by the interaction of light with the electrons in a semiconductor device or
cell. The word photovoltaic actually means "electricity from light". The size of the
PV array required by a household depends primarily on the electricity demand, the

type of PV cell used, the availability of roof space and budget.

Grid-connected solar PV is the fastest growing energy supply technology in the
world, with 50% annual increases in cumulative installed capacity in 2006 and 2007,

giving a cumulative total of an estimated 7.7 GW,,
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The PV installed capacity in the UK increased from 18.1 MW in 2007 (over 16 MW
grid-connected) [97, 100] to 76.9 MW in 2010. The total energy generated from PV
increased from 11 GWh in 2006 to 33 GWh in 2010 [99].There have been significant
increases in capacity and generation of PV in recent years due to increased support
from government policy incentives. Support in the past has principally been from the
Major Photovoltaic Demonstration Programme (2002-2006) and the Low Carbon
Buildings Programme (2006 - May 2010), both of which provided support for PV
installations by means of capital grants. Support for PV and other microgeneration
technologies is now provided through a system of Feed-In Tariffs (FITs ) introduced
by the UK Government in April 2010, which provide householders and communities
generating their own electricity with regular payments through their energy supplier.
This may be the main reason for the steady increase of PV use in the UK. Figure 6.3

shows the PV installation capacity in the UK.
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Figure 6.3 PV installation capacity in the UK [102]
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6.5 Financial Benefits and Feed-in Tariffs for PV System

Feed-in tariffs (FITs) (also known as the Clean Energy Cash Back) is a collective
term which covers everything related to the electricity your PV system generates and
how much you get paid for it. Feed-in tariffs (FITs) are not a new concept and have
been successfully used in Germany since 1991. They have since been taken up by
other countries such as Denmark, Spain and France. The feed-in tariff varies in
Europe from between 40 to 50 eurocents, being adjusted depending on the size and
location of the system. It was introduced in the UK on 1 April 2010, under powers in
the Energy Act 2008. Through the use of FITs, DECC hopes to encourage
deployment of additional small scale (less than 5MW) low carbon electricity
generation, particularly by organisations, businesses, communities and individuals
who have not traditionally engaged in the electricity market. This will allow many
people to invest in small scale low carbon electricity, in return for a guaranteed

payment for the electricity they generate and export.

Payments consist of a tariff for each unit of electricity generated together with a
second tariff for each unit of electricity that is then exported to the grid. Tariffs are
linked to the Retail Price Index and support for individual PV schemes has been
guaranteed to last for 25 years. Specific tariff levels are dependent on size and type of

installation (i.e. retro-fit, new build or standalone).

Installing an embedded generation system that is connected to the grid provides three
possible types of financial benefit. Firstly, energy bill savings (Avoided Costs):
These are the savings you make on your electricity bill by not having to import
electricity from the national grid, and by generating your own electricity ‘on-site’.

The amount may depend on how much of the electricity is generated and used on site.
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At present the average electricity price for domestic consumers is 13p/kWh [104].
Secondly, if the PV system generated capacity is higher than the base load of the
community, it would produce an energy surplus that could be exported to the grid
(Export Tariff). The owners get paid an 'export tariff' which is a minimum of
3.1p/kWh. Thirdly, PV system owners are entitled to a generation tariff for each kWh
produced whether it is used or sold back to the grid. For small systems installed on
existing roofs (‘retrofit’) this tariff is currently 21.0 p/ kWh. The amount of energy
generated is measured by a 'generation meter' installed with the PV system. Feed-In

Tariffs (FITs) vary with installation size as shown in Table 6.1.

Table 6.1 FIT Levels for systems

System type System size Tariff per KWh generated
New build <4kWp 21.0p
Retrofit <4kWp 21.0p
New build /retrofit | 4-10kWp 16.8p
New build /retrofit 10-50kWp 15.2p
New build / retrofit | 50kWp-150kWp 12.9p
New build / retrofit | 150kWp-250kWp 12.9p
New build / retrofit | >250kWp 8.5p
Standalone - 8.5p

6.6 Methodology

In order to design a photovoltaic system (PV) and assess its potential contribution to

energy consumption, it is necessary to have knowledge of the amount of solar
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radiation available at the chosen locations. As the energy output depends most

significantly on the solar radiation, the input to be used for calculation will be the

average hourly solar radiation on a horizontal surface available in Glasgow, Bradford,

London and Southampton.

The generated load profile of the virtual community presented in Chapter 4 has been

used to study the cost-benefits of a photovoltaic roofing system compared to a non-

electricity producing conventional roof. The proposed usable roof area is about
1280m?. The methodology followed within this study was as follows:

1. Estimate the solar irradiance which is the amount of solar energy that falls on a
unit area of a surface per unit of time. It is measured in watt/m?. As mentioned;
solar radiation is identified as one of the most important parameters affecting
power production.

2. Estimate the electricity output of the PV system for typical UK installations.

3. Calculate the solar fraction by incorporating estimates of typical household
electricity usage, and also estimate the proportion of energy exported rather than
used within the household.

4. Estimate the quantity of upstream energy resource and carbon emissions

displaced by solar-derived electricity.
6.6.1 Sources of Data

Two types of data were used for this evaluation study to obtain a better understanding
of the cost-effectiveness of building an integrated photovoltaic roofing system. These
were the average solar radiation data, and the generated load profile previously

presented in Chapter 4.
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Solar radiation data is essential in order to conduct performance analyses of
photovoltaic systems. Hourly radiation data from across the UK from four locations
spanning a wide latitude from the lowest at 50°95"N to the highest at 55 °82"N was
used for the above purpose, as shown in Table 6.2. The average solar radiation for all
of the locations selected was obtained from the NASA website [103]. NASA has
produced a grid map of the world with information available for any given latitude

and longitude.

Table 6.2. Selected locations for the present study

Location Latitude Longitude
Southampton 50.95° (N) 1. 4°(W)

London 51.51° (N) 0. 11°(W)
Bradford 53.79° (N) 1. 75°(W)
Glasgow 55.86° (N) 4. 25°(W)

The monthly solar radiation data for the selected locations has been estimated on a

half hourly basis, as shown in Figures 6.5 and 6.6.
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Monthly Averaged Insolation Incident On A Horizontal Surface (kW/m2)
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Figure 6.4 Monthly averaged insolation incident on a horizontal surface in
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Figure 6.5 Monthly averaged insolation incident on a horizontal surface in Southampton
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Table 6.3 shows that the amount of solar radiation is affected by the geographic
location and the season. The summer season receives a much greater quantity than
winter. The amount of available solar radiation in Glasgow, London and Bradford is
lower than that in Southampton. Southampton receives the highest amount of the

irradiation while Glasgow receives the lowest amount.

Table 6.3 Average daily insolation levels at different locations

Glasgow | Bradford London | Southampton
Month Daily Insolation Levels (kWh/m?)
Jan 0.57 0.65 0.77 0.9
Feb 1.28 1.32 1.39 1.64
Mar 2.19 2.22 2.34 2.7
Apr 3.32 3.39 3.59 4.21
May 4.58 4.42 4.57 5.36
Jun 4.56 4.5 4.84 5.64
Jul 4.31 4.48 4.81 5.55
Aug 3.68 3.85 4.23 4.79
Sep 2.54 2.64 2.86 3.3
Oct 1.45 1.57 1.73 1.95
Nov 0.74 0.82 0.96 1.08
Dec 0.44 0.51 0.6 0.68
Yearly(kWh/m?) | 2.47 2.53 2.72 3.15

6.6.2 Electricity demand and PV generation pattern

On a daily basis, the energy in the microgrid powered by several generators can be

written as:

D< 2 E, (6.1)

n
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Where D is the daily electricity demand and E, is the energy produced by the
generator n.
The total amount of electricity generated by the PV modules is calculated using the

following formulation (Equation 6.2).
E, =(R)x(A)x () (1) 6.2)

Where, E, is the PV electricity output; R is the average solar resource (kWh/m?/day)
which includes the direct and diffused solar radiation incident on a horizontal PV
panel. A is the module area (m?), | is the module conversion efficiency (0.13) and
is the inverter efficiency (0.9).

As mentioned previously photovoltaic installation outputs are obviously majorly
affected by solar variability and the load data. Determining the demand data gives the
first idea of the necessary energy required. For PV systems the best option is roof
mounted installations. The roofs should be high enough to not be obstructed.

The area of a single PV panel is about 1.6m> This can be used to calculate the

necessary number of PV panels for the proposed area of roof.

The general assumptions for the calculations are:
* There are 400 households (HH)
* Average PV area: 3.2m?/HH, with a conversion efficiency of 13%.

* Average single PV panel area: 1.6 m2.

Area of roofs that are planned to be covered = 400 x 3.2 =1280m?

If a 1280m? area of roof is to be covered by PV, this would require %20 =
800 panels .

Given the insolation data previously mentioned and the electricity production per unit

area, the total electricity generated by a PV system in half hourly intervals for each
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month within a given location can be calculated and compared to the electricity loads

consumed by the community.

PV systems installed on buildings can supply electricity directly to the electrical
appliances within the building or export electricity to the mains electricity grid
(Figure 6.6). Export of electricity only occurs when the power generated by the PV
system is greater than the loads consumed by the buildings. This situation can often
arise when the PV generation is high, such as in the middle of day, and the buildings
electricity consumption is low with the occupants at work. PV generated electricity
which is supplied directly to the building load decreases the need to import energy

from the grid and therefore reduces the electricity bill of the occupants.

Domestic <:| PV system
Consumers output

Import Export
General Grid
Import = Domestic Export =PV output —
loads - PV output Domestic loads (Where
(Where PV output < PV output > Domestic
Domestic loads) loads)

Figure 6.6 Electricity flows in a grid connected building integrated PV system

The PV power is not always generated at the exact time needed by the households.
The electricity chart for different months at two different locations is shown in Figure
6.7. The figure shows that all produced energy would be consumed on site because

the base load is higher than the maximum power output from the PV panels.
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However, the system could prove economically feasible if the roof area covered with

the PV panels was increased.
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Figure 6.7 Electricity chart for different months

Variations in power output throughout the year are related to solar radiation

fluctuations.

Seasonally generated power

from photovoltaic panels varies

significantly. Thus, in May and June PV energy may is about 10 times higher than in

December.
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Figure 6.8 Monthly distribution of solar PV generation

The energy gain from photovoltaic panels during the five month period from April to
August is the highest, as shown in Figure 6.8. The variance in energy output between
months could be explained by different weather conditions, such as cloud cover and
the number of sun-shine hours during the year. The total annual energy generated by
the photovoltaic system reached about 226.9MWh, and the annual energy demand of
the community was about 1,323MWHh. As a result 800 PV panels would produce

approximately 17% of the energy demand of the whole community for the year.

6.7 Simple Payback Period (PBP) Analysis

The purpose of this study is to assess the impact on the payback period of installing
four identical PV systems for a similar community to that presented in Chapter 4, at

four different locations.

A simplified form of cost/benefit analysis is a simple payback period technique. In
this method, the total cost of the improvement is divided by the first year energy

cost savings produced by the improvement. The simple payback period (PBP) can be
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appropriately defined as the time needed for the cumulative revenue earned to equal
the total initial investments, i.e. how long it takes to recover the initial investment
made by selling energy. For new construction, it can be used to evaluate conventional

construction to energy-efficient design alternatives.

In simple payback analysis, the service life of the energy efficiency measure will be
assumed to equal or exceed the simple payback time. Simple payback analysis
presents a relatively easy way to examine the overall costs and savings potentials for
a variety of project alternatives. While the payback period analysis does not take into
consideration the time dependent value of money, nor the total accumulated cost or
savings over the life of the system, for systems with equal expected life, the simple
payback period can be applied to determine relative performance among alternatives.

Total cost of the system (6.3)
Annual income & savings

Simple Payback Period =

» Without government incentives

To calculate the PBP with no government incentives, the amount of electricity
produced, total annually electricity bill under a standard tariff scheme, and savings
during the year, are calculated using the following data assumptions.

Data:

Area of full roof: 1280m?

Avrea of panel: 1.6 m?

Cost of panel: £685 [104]

In this study an assumption of a twenty five year lifetime period for the modules was

used. The simple payback period will be calculated under the standard tariff.
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Tier 1 tariff (p/kwh) 19.91
Tier 2 tariff (p/kwh) 9.84
Tier 1 Limit (kwh) 225
The typical cost of the PV system of 800 panels, including all components and

installation is about £548,000. The results for total electricity generated, total

electricity bill and savings are all shown in Table 6.4.

Table 6.4 Total electricity generated, total electricity bill and annual savings without

government incentives

Location Total electricity Total electricity bill Annual
generated per year (E) savings
(kWh) without with PV (E)
PV

Southampton | 168618.8 166505 149913 16592
London 145840.5 166505 152172 14333
Bradford 132043.5 166505 153512 12993
Glasgow 128912 166505 153824 12681

Using Equation 6.3 the simple payback period was calculated for similar
communities living at different locations, in order to observe at what point the system
appears cost-effective compared to the conventional non-electricity producing
roofing system. The results are summarized in Table 6.5. From the table, it can be
seen that the energy payback time for the PV modules at the four selected locations

ranges from 33 to 43.2 years from Southampton to Glasgow.
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Table 6.5 Simple payback period at different locations without government incentives

Location Southampton | London | Bradford | Glasgow

Simple payback time (years) 33 38.2 42 43.2

Since these values have not been discounted, Equation 6.3 will give overly optimistic
estimations. However, in the case that external service from PV system adoption
offset the discount rate, this would be an accurate representation of the years for a net
utility return of zero. Additionally, discount rates may be offset by increasing
electricity prices due to increasing shortages of fossil fuel. If this is the case, the PV
system would be a good investment for all selected locations with average payback
periods less than 40 years. Generating a payback period that does incorporate
discount rates gives us the ability to view the strict financial viability of photovoltaic

energy as an investment with current prices, electricity costs and PV efficiencies.

>  With Government incentives

Using the following data, the yearly amount of electricity produced, total electricity
bills and savings are calculated (Table 6.6).

Data:
FIT Generation Tariff: 16.8p/kWh (based on Tariffs valid from 12 Dec 2011).

Export income: 3.1p/kWh (based on Tariffs valid from 12 Dec 2011).

Electricity savings: 13p/kWh (based on Tariffs valid from 12 Dec 2011).
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Table 6.6 Total electricity generated, total electricity bill and annual savings with

government incentives

Location Total electricity Total electricity bill Annual
generated per year (E) savings
(kwh) without with PV (£)
PV
Southampton | 168618.8 172082 150162 50248.4
London 145840.5 172082 153123 43407
Bradford 132043.5 172082 154916 39349
Glasgow 128912 172082 155324 38404

Using Equation 6.3 the simple payback period under government incentives has been

calculated using FIT generation tariff. The results are summarized in Table 6.7.

Table 6.7 Simple payback period at different locations with government incentives

Location Southampton | London | Bradford | Glasgow

Simple payback time (years) 10.91 12.61 13.92 14.26

For the roof mounted PV system, the payback period at the four locations has been
estimated to be from 10.91 years to 14.26 years from Southampton to Glasgow. This
is obviously shorter than the lifespan of the PV systems, which is about 25 years.
This means that the systems in Southampton and Glasgow will have paid for
themselves in less than 11 and 14.26 years respectively. The remaining £703,477 (in
Southampton) generated over the subsequent 14 years will be pure profit. The results
also show that the PBP varies significantly with the PV installation location. The

location of PV systems has an impact on the payback period of the capital costs used
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to build the system. Capital costs can be recovered over different time scales;
therefore the amount of profit that can be made after the break-even point depends on

the location of the PV system.

In general, choosing locations with good sun exposure and choosing optimal
orientations are the keys to using PV technology economically and sustainably.

The above results indicate that government incentives have a big influence on the
payback period, creating conditions that make solar installation an attractive
investment. Behaviour change is one of the desired outcomes of this incentives policy

on the part of the government.

6.8 Emission Savings of the PV System

The most significant environmental benefit is reducing of greenhouse gas emissions,
especially carbon dioxide. Total emissions in the network come from conventional
plants. Only CO, emissions are considered in this study. Solar power i.e. as a clean
source of power has no output emissions. Daily demand level varies at different hours
of the day and is being supplied by different generation technologies, resulting in
different levels of emissions during the day. Therefore the amount of emission
reduced by solar power depends on levels of solar power and demand. The long-term
effect of solar power in the network is considered by giving priority dispatch to solar
power. This means that for every MWh of solar generation produced at a certain hour
during the day, it is assumed that there will be another MWh of power production
that will not need to be produced at a conventional plant, at that particular hour or

demand level.
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For UK grid electricity use, the carbon dioxide emissions factor (2011) is 0.521 kg
CO./kWh [104]. The annual energy output (AC electricity) of the PV system
installed at Southampton was estimated to be 168618.8 kWh. By generating
renewable energy, the PV system will reduce carbon emissions by 2196.3 tonnes of

CO, over 25 years (168618.8 kWh X 0.521 kg CO,/kWh X 25).

In general, by increasing the photovoltaic system penetration it is expected that there
will be a reduction in emission levels, as a result of the energy produced by
conventional plants being displaced by solar power. This reduction level varies at

different locations where the PV system is installed because of the network’s impact.

6.9 Discussion

In this chapter, the possibility of using renewable energy (RE) at community level
has been investigated. An evaluation of the cost-effectiveness of building an
integrated photovoltaic roofing system, connected to the utility grid, has been taken

as an example.

The results indicated that government incentives have a large influence on the
payback period, creating conditions that make solar installation an attractive
investment. The introduction of the feed-in tariff is perhaps the primary reason why

the uptake of PV has increased significantly.

Geographical location was seen as an influence on the timing and quantity of solar
output. Solar PV benefits can vary widely between UK regions. A significant benefit
to PV installation is a lower energy bill, but the magnitude of this benefit depends on
the amount of solar energy that can be generated given the available conditions, and

the way in which utilities charge for electricity. At peak hours of the day, the
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electricity produced by a PV panel is very low and almost zero so the effect of the PV

system on reducing the peak demand is not significant.

A major benefit of a PV roofing system is that it is located close to the customer. This
avoids transmission and distribution costs for utilities. This could reduce losses in the

distribution grid and the possibility of mitigated voltage drops to customers.

Although PV currently appears to be an expensive option for producing electricity
compared to other energy sources, many countries support this technology because of
its promising future potential and additional benefits. As well generating electricity it
also reduces greenhouse gas emissions and air pollutants, and potentially presents the

opportunity to develop a new industry and create jobs.

The tool developed in this research does not use the dynamic load profile
characteristics it only uses the total consumption over the year. As such, using the
developed tool does not help in really understanding the effectiveness of introducing
PV cells. It is possible to use PV cells as an appliance with a particular behaviour
(negative load) and integrate load profile into the tool. This would enable
understanding of the interaction between the energy generation and the load within

the house.

Another issue is that the PV system of tariffs is based on government incentives and
could change. It has in fact recently changed to a lower tariff. The tool can be used
only to evaluate renewable energy in conjunction with other interventions. This
benefit would be helpful to local planners. The storage required for renewable

energies is one example of the need to understand the dynamic interactions.
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In the next chapter, a methodology is presented which demonstrates how renewable

energy intervention could be analysed using the tool developed for local planners.

The tool is really useful only if we can exploit dynamic characteristics.

6.10 Conclusion

The conclusions drawn are presented below:

Renewable energy integration currently can only be studied using bulk quantities
over a long period. This is because of the tariff scheme currently being used. As

such, a nationally based decision is more useful than using software tools.

The dynamic behaviour of the load may be critical to the utilities as the peak load
may have serious implications in terms of investment in infrastructure. The tool
developed could be used to investigate how renewable energy intervention could
be used to help improve the load shape. The tool could include the dynamic
model of the renewable energy source. This would help in observing the

interaction of renewables with the dynamic behaviour of the households.

It still would be difficult to price the dynamic interventions of the renewable

energy using standard tariffs. This is explored in the next chapter.
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Chapter 7

Development of Pricing Criteria at Community Level

7.1 Introduction

In the UK there is no real time retail market, and hence no real time retail electricity
pricing. Therefore domestic electricity consumers in the UK pay electricity prices
that do not vary from hour to hour, but are rather some kind of average price. The
key question is whether we can evaluate energy management and renewable energy

intervention in the behaviour of customers in real market terms.

Currently only behaviour changes with respect to total consumption can be evaluated.
Interventions cannot be defined for peak load behaviour. The effectiveness of the
introduction of renewable energy is also hard to assess. Therefore, it is hard to justify
introducing of renewable and demand side management at local community level,
apart from when following government approved schemes, subsidies, and other
initiatives. The government sets legislation such as carbon targets or subsidies, such
as for PV cells. These help the UK Government meet EU 2020 climate and energy
targets, and ensure that the cost of renewable energy falls over time. The UK
Government’s Climate Change Bill in 2007 set a legally binding target of a 60%

reduction in national CO, emissions by 2050 compared to 1990 levels [11].

In this chapter, a criteria will be developed to help developers and planners of local
communities to understand the cost of intervention, in order to evaluate where the

load is when the prices are high.
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7.2 UK Electricity Market

Electricity is an asset which can be bought, sold or traded, but cannot be easily stored
like other goods. It could be stored in batteries or in the form of energy by pumping
water into storage. The difficulty in storing electricity forces the generation to match
the demand at any time. Otherwise there will be power cuts as seen in many third

world countries.

The restructuring of power markets has been ongoing in various countries around the
world, including the UK, over the last two decades. Since the early 1990's the UK’s
electricity industry has changed from a government controlled monopoly to a
competitive market in order to deliver a lower cost to the consumers, giving
consumers the choice to select their energy supplier. In the process a commodity
market for wholesale electricity transactions was established. Here electricity is
traded in large volumes, mostly between electricity producers (selling the output of

their power stations) and electricity suppliers (buying what their customers need).

There are four components to the electricity industry. These components are
generation, transmission, distribution and retailers. The generation sector is the
production process of electricity in power stations. Transmission refers to the
transportation of electricity through high voltage cables. Distribution is the
transportation of electricity at lower voltages and facilities to the final customers.
Retailers are the people who make the sales of electricity to the final customers.

Electricity markets can also be divided into wholesale, retail and balancing markets.

The wholesale market in the UK is the market for the sale and purchase of electricity
between retailers and generators of electricity. The current trading arrangements in

the wholesale market allow suppliers to buy the electricity they need to meet their
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customer’s needs from the generating company of their choice, i.e. this is a

competitive market.

The retail market is the market for the sale and purchase of electricity between
consumers of electricity (customers) and retailers of electricity (suppliers). The
current trading arrangements allow individual consumers of electricity to choose their

supplier, i.e. it’s a competitive market.

Retailers and generators try to match their demand and generation, respectively, to
their contract levels so that they do not have a surplus or deficit of electricity. This is
one of the key objectives of the trading arrangements in encouraging all participants

to have contracts covering all of their generation and/or demand.

The generators may generate more or less energy than they have sold through
bilateral contracts during the process of electricity production and trading. Retailers
may purchase more or less power through bilateral contracts than their customers’
actual consumption, and traders may buy more or less energy than they have sold.
Such circumstances are regarded as being in imbalance. This energy imbalance is

also bought or sold.

The balancing mechanism market is through the National Grid Company (NGC). The
National Grid Company (NGC) will accept offers and bids for electricity close to real
time to maintain energy balance, and also to deal with other operational constraints of
the transmission system. The balancing mechanism allows electricity companies and
traders to submit offers to sell energy (by increasing generation or decreasing
consumption) to the system. These participants can also submit bids to buy energy
(by decreasing generation or increasing consumption) from the system, at a price of

the company's choosing. The National Grid Company will take the lowest priced
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offers and accept the highest priced bids. The imbalance prices, the system buy price
(SBP) and system sell price (SSP), applied to imbalances, are derived largely as the

weighted average prices of these accepted balancing mechanism offers and bids.

System Buy Price (SBP) is an imbalance price at which retailers settle the deficit in
electricity by buying electricity to meet the demands of their customers from
the suppliers. If the retailer's actual demand is lower than it has contracted for, it pays

the system sell price (SSP) for the excess.

7.3 Fuel prices

Household spending on energy is directly affected by the price of different fuels.
Fuels used for electricity generation broadly fall into one of three main categories;
fossil fuels such as coal, oil and natural gas, which are generally traded on the

international market, biomass fuels and nuclear power.

The proportion of net electricity supplied by fuel input in the UK for 2010 was; 46
percent from natural gas, 28 percent from coal, 16 percent from nuclear power, 1
percent from oil, 6 percent from renewable energy sources (including hydro), and 3
percent from other non-thermal sources [1]. The majority of electricity generated is

produced from natural gas, coal, and nuclear energy.

The price volatilities of coal, natural gas, and oil can directly impact on the cost of
generating electricity. Figure 7.1 shows the trends between fuel prices for coal, gas,
electricity, and oil in the manufacturing industry. There is a positive correlation
between electricity prices and fuel prices. Over the past five years from 2005 to 2010

the average industrial electricity prices rose by about 54 percent. Over the same
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period the average gas prices rose by about 25 percent. Average coal prices were

remarkably stable throughout the whole period.
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Figure 7.1 Fuel prices for manufacturing industry, cash terms, 1990 to 2010 [105]

The figure also shows that electricity prices went down for the period from 1999 to
2003. This is because of the reform of the electricity market which contributed
significantly to improvements in efficiency and productivity, and hence to price
reduction. However, after 2003 electricity prices began to rise steeply, maybe due to

increasing oil prices, environmental costs and inflation.
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Figure 7.2 Average UK household fuel price [106]

Figure 7.2 shows the average UK household fuel price from 1970 to 2009. The real
price of electricity has increased by over a quarter since 1970, and the rise since 2003
has been much steeper: a jump of about 63 percent in only six years. The cost of
electricity is higher because of the costs associated with conversion, transmission,
distribution and profit margins of private companies. Gas prices went down
constantly during the 1980s and 1990s, with the exception of 1995 when VAT was
introduced. By late-2000 prices were one-third below 1987 levels. Prices peaked in
January 2007 at a level 82% above the late 2000 [107]. Solid fuels include coal or
biomass fuels such as wood, charcoal, agricultural residues, and animal dung. The

prices of solid fuels have tended to remain stable.
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7.4 System Buy Price

System Buy Price (SBP) is the price at which retailers settle the deficit in electricity

by buying electricity from suppliers to meet the demands of their customers. It is

possible to use the System Buy Price (SBP) as an indicator of electricity real price.

Figure 7.3 shows a sample of the half-hourly electricity System Buy Price for one

week, for the time period 09™ Jan 2010 to 15™ Jan 2010 [108]. The figure shows the

half hourly electricity SBP data in pounds per megawatt hour (E/MWHh). As can be
seen from the figure, there are two key peaks. Monday is an unusual event and has

large spikes. This might be due to a sudden failure in the power grid which led to a

high increase in prices in a very short period of time.
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The half-hourly national demand data over two days is shown in Figure 7.4. The data

Figure 7.3 System buy price vs. time

was taken from the National Grid website [109].
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Figure 7.4 System demand vs. time

From Figure 7.4 it can be seen that the demand is more predictable, with less
variations between days. The amount of daily demand for the whole data sets ( from
January, February and March ) is approximately the same (ranging from 2244 GW to
about 2250 GW). Furthermore, there is only one key peak. We can use the demand as

an indicator of price.

Considering Figure 7.3 and Figure 7.4, despite national demand not changing much,
we notice peaks at different times of the day. This indicates variations in retailers
predicting their own market demand. It also gives us an indication of the price
retailers would be prepared to pay in real time rather than in ahead (via contracts).

If, through contractual agreement, the retailer purchases more electricity than
required, then the retailer has to sell it back. The price of selling it back therefore

indicates whether he is making a profit or a loss. The selling back price therefore
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would logically be below the contractual price or else market would naturally
underbuy on contract. Therefore, the fluctuation in prices indicates the ability of the
retailer to accurately forecast his demand in the future and hence the value of his
contractual purchases. In other words the retailers’ ability to accurately predict will
help him to enter contracts in a strong position so that he does not have to buy or sell
in the market. In practice, it is not possible to be perfectly accurate as that would
require significant management and simulation tools. The market behaviour resolves
this in an elegant way. The fact that all companies face the same issues makes the

system work to the benefit of all.

The SBP prices were plotted against national demand to give an indication of the way

prices rise as demand comes close to the fundamental limits of supply capacity

(figure 7.5).
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Figure 7.5 System Buy Price vs. demand;

From the figure we can see that big variations occur on Monday and slightly higher
price on higher demand points. In order to model this further, a per unit system is

developed in the next section.
7.5 Per Unit System

Using per unit values allows essential characteristics of the data sets to be compared
on the same diagram. This allows data on different scalesto be compared, by
bringing them to a common scale. Moreover, different systems can be compared. The

per unit system is based on the formula shown in Equation (7.1).

Actual Quantity (7.1)

perunit = -
Base Quantity

Base price

The base price is the average half-hourly price. It is calculated as shown in Equation
(7.2).

Sum of all half hourly prices

Base price = Number of half hours

N 48

2 2P

== -
N x 48 (7.2)

Where Py ;= SBP rate in day d at time i, N= Number of days.
If Equation (7.2) is used in abnormal situation (in sampled case) would result in a big
error unless filter out the extremes or use much wider widowed data to reduce the

error caused by the abnormal situation.

Base National Demand
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The base national demand is the average half hourly demand. It is calculated as
shown in Equation (7.3).

Sum of all half hourly national demand

Base national demand = Numbor of half hours

N 48

22Dy,

— d=1 i=1 73
N x 48 (7:3)

Where Dq ;= national demand in day d at time i,
Base Community Demand

The base community demand is the average half hourly community demand for a

day. It is calculated as shown in Equation (7.4).

48
2.D

Base community demand = ':1? (7.4)

where, D; = Half hourly community demand at time i,
The base values are calculated for the time period 11" Jan 2010 to 14™ Jan 2010 as

shown in Table 7.1

Table 7.1 Summary of base values

Base Price (E/MWh) 86

Base National Demand (MW) 46787

Base Community Demand (kWh) 75.3

The results of the calculated per unit values for system buy price are shown in Figure

7.6.
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11/01/2010 12/01/2010 13/01/2010 14/01/2010

Figure 7.6 System buy price in per unit vs. time

From the figure 7.6, it is clear that Monday (11/01/2010) is an unusual event and the

peaks on other days reach near to 1.9 pu. Note that, 1 pu is the average.

7.6 Community Electricity Cost under SBP

The generated load profile for the local community of 400 households presented in
giving customers the freedom to choose their energy supplier Chapter 4 has been
used to investigate the effect of SBP as an indicator of real time price on the
electricity cost for the whole community. We are in need of a measure of dynamic
load cost over the day, in order to look at the peak load shaving and a potential for a

market.

The community load with SBP prices in per unit for Monday to Friday is shown in
Figure 7.7 in a radar chart. As can be seen from the figure, the prices change basically

during days and week. Monday is an unusual event and has large spikes.
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The electricity cost is the sum of the products of the individual period rates and the

energy consumed. Equation (7.5) gives the electricity cost on a time interval.

Where:

48
C = Z;, P,.D,
j=

P;= SBP rate at time j in pu.

D; = Electricity consumed at time j in pu.

C = total electricity cost to time period T in pu.

(7.5)

If high SBP rates occur during periods of high power demand, consumers can see

electricity cost increases above those seen with a fixed rate.
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Figure 7.7 SBP rate vs. community demand
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The electricity costs of the community have been calculated for each day. The results

are shown in Figure 7.8.

Figure 7.8 shows variations in electricity cost. If we use Monday’s prices we notice a
very high cost around 18:00 and 19:00 of about 4.5 pu, but if we use Tuesday’s prices
the cost is much lower than on Monday and reaches about 2.3 pu around 21:00 PM.
Also, it can be seen that the electricity cost on Thursday is high at 19:00 and 21:00
with a value of about 2.8 pu. Moreover, the peak cost on Friday of about 1.45 pu

occurs at 17:00 and 21:00.

The load has a similar cycle but the system buy price (SBP) has a different cycle with
different values for each day. As a result, the cost of electricity is different each day
(Monday to Friday) reflecting the fluctuation in price. From the results we can
conclude that it is very difficult to manage as indication of price keeps changing.

Therefore, it is not a reliable tool for the planners.
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Figure 7.8 Community demand and electricity cost under SBP

Figure 7.9 shows the local demand plotted against national demand. From the figure,
it can be seen that the national demand is more stable across the day and has a peak
around 16:30 to 18:30. The local residential demand would naturally have peaks at
different times of the day. As a result of that, investments to reduce bills under
standard tariffs would therefore not have a significant impact on natural peak load
(between 16:30 - 18:30). Therefore it is difficult to understand what intervention in

behaviour is required using purely load behaviour.
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Figure 7.9 Community demand vs. national demand

In order to model further, three possibilities of electricity measure of system price are

developed in the next section.

7.7 Price Model

When overlaid the system buy prices data for January, February and March (as
shown in Figure 7.10 [106]), the whole data sets are not visually discernible. It can be
seen that the supply capacity is in the range of about 55 to 58 GW, and that there is a
considerable knee in the curve at around the 52GW, £100/MWh region. Also, there is

a spread in price points for demand between 40 and 58 GW.
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Figure 7.10 System buy price vs. demand (data combined)

Figure 7.10 is not useful in this form, therefore it was decided to use the quartiles as

an indicator of range of prices.

There are a number of alternatives which could be used as an indicator of range of
prices such as minimum, maximum or quartiles. The quartiles have been used rather
than the maximum and minimum values because there is a need for an indicator that
considers all the values, and not just the minimum and the maximum. The minimum
value to the maximum is the range. The difficulty in assessing by range is that an
extreme change in just one value drastically changes the range. So, it is not
reasonable to use the maximum or minimum; they could be abnormal. In order to
create three quartiles, the sample of 4318 of half-hourly national demand
representing three months’ data has been arranged in numerical order from smallest
to largest. The national demand data is divided into 15 groups with equal intervals of

2250. Each demand group is associated with system buy price data and treated as a
157



separate data. For each group the three quartiles of system buy price (SBP) are
calculated. Each quartile is treated as a separate data. The first or bottom quartile
represents the lowest price data , the second quartile or median represents the median
price, and the third or upper quartile represents the highest price. Each quartile of
SBP associated with demand data are treated as a dependent variable and an
independent variable respectively, which means we have three dependent variables
(bottom, median and upper). Each dependent variable has a
single value for each demand data interval. The three fitted price equations for each
scenario (quartile) were estimated using regression analysis. The computer statistical
package software MINITAB has been used to get the fitted regression equation. The

electricity price curves are of the form:

price = a + be™ (7.6)
Where price is the fitted quartile electricity price in p.u and d is the instantaneous

national demand in p.u at that day. The resultant electricity price curves, shown as a

function of demand, can be seen in Figure 7.11.

The resultant fitted equations for high, medium and low electricity price curves are
shown in Equations 7.7, 7.8 and 7.9 respectively. The determination coefficients for

the three quartiles are 0.96, 0.96 and 0.93 respectively.

Phigh —0.3365+1.565x10 3e>%™ 77)
P egivm = 0.3282 +1.4523 x 104”17 (7.8)
P, =0.108¢"*" 7.9)
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These equations are only valid for the demand data ranging from about 0.6 pu to 1.3
pu. The constant (a) could probably represent the minimum cost of electricity

produced, b is a scaling factor and c represents the rate of change of pricing.
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Figure 7.11 Simple model of system buy price vs. demand

The gap between the curves at high demand shows the potential for the market. The
curve also shows that at high demand the cost is a significant; up to 2 pu, whereas it
can possibly be as good as 0.8 pu. The median curve also indicates that at peak level
of demand the price is about 1.5 pu. Structurally, this indicates that for generators it
would cost more to invest in additional generation, as this indicates infrastructure
costs in future. For planners, this indicates opportunities via understanding of peak
load pricing which is based on real data. Moreover, the margin of cost benefit to a
local planner can be quantified in financial terms. The base value may change but as
the comparison in pu the analysis will still be the same. Updated curves can always

be obtained for planners.
159



The fitted price curves are used in the following section to forecast the half-hourly
SBP which were considered as a measure of system price in order to investigate its

effect on daily electricity demand.

7.8 Community Electricity Cost under the new Pricing Criteria

In this section we are looking at the community electricity cost using the three price
curves. The cost of one day (Tuesday) under the three price curves is shown in Figure
7.12. It can be seen that the community demand is higher at 21:00 but the cost is

higher at 18:00. The cost variation at peak is ranging from 1.5 pu to 3.5 pu.

It can be seen that the cost was about 1.5 pu at 18:00 for the low model, 2.4 pu at

18:00 for the medium model, and about 3.5 pu at 18:00 for the high model.
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From Figure 7.12, it can be seen that the load pattern is not correlated with the price
pattern, where maximum consumption periods do not coincide with periods of high
price. The electricity cost at 18:00 is about 3.5 pu with demand of about 2.5 pu. This
is higher than it is at 21:00 where the cost is about 2.5 pu with demand of 3.1pu.

The issue is that the peak is costing more so we are looking at an idea of costing. The
price models are based on national demand where the local community demand has a
very different pattern. Attributable to that, the cost curves do not follow the demand
pattern. Therefore, the storage batteries could be used as an alternative for
peak shaving and load levelling solutions; if we can shift the load a bit we will save a
lot more. The planners can now think where they need to make a big effort to
evaluate where the load is when the prices are high. An example, to show how we
can actually use these curves in evaluating the possibility of using storage elements at

community level, is provided in the next section.

7.9 Electricity Storage Elements and Smart Grid

In recent years, there has been greater worldwide attention towards energy storage in
order to reduce the perceived risks related with higher penetration of renewable
generation (e.g. not available on demand). Energy storage elements have become
very important source of fast power transients. Energy storage technologies have
great potential to improve the operation of electric power grids and also to support
growing in renewable electricity generation Energy storage technology is transform
the electrical energy into other forms of energy, and when needed to power in the
form of release. Many energy storage options exist and can be classified by their type
of storage: mechanical, electrical, electrochemical and thermal. The electric energy

storage technology that should be chosen in a certain case depends on the type of
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application. Pumped Hydro, Flywheels, fuel cells, batteries, thermal energy storage

and capacitors are some of the options [139, 140].

Battery technology is the most frequently used method of energy storage. It has been
paid significant attention recently because of the attractiveness of plug-in electric
vehicles. However, battery technology also has significant potential for grid scale
energy storage. Designs being considered for this application include lithium-ion,
lead-acid, sodium sulphur, and flow batteries. A battery energy storage system can be
used to reduce the peak load and thus reduce the electricity cost by discharging stored
energy throughout peak times. Batteries are usually used as an energy storage
element. Storage elements are used to balance the variations in primary generation
and meet the significant growing electricity demand. Energy could be generated
throughout off peak times and this energy could then be stored as reserve power.
Storage can play a multipurpose role in the electricity supply network, to run
resources efficiently.

Households will plug in their storage elements at night when electricity is cheap, then
plug-in during the day when energy cost is expensive and sell that surplus power at a
profit. Many storage elements could be used, like batteries, capacitors or electric

vehicles (EV).

The need for storage elements and their use in a power system has long been
discussed. An overview of the different storage technologies and their use has been
presented in[110-115]. Many previous reviews of storage technologies
[110] and [111] focused entirely on lead acid battery technology. A study in [110]
discussed economic models, control strategies and applications for lead-acid batteries

found in US power systems and in [111] the possible future uses are proposed.
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Another review carried out in [112] discussed the use of different storage
technologies and suggested that in future batteries may not be the most commonly
used storage elements for power system application. In [113] several of the
commercial achievements in electric energy storage technology were discussed.
Some of the emerging applications in power storage like wind farm power

stabilization, etc, were also discussed in this paper.

A study [114,115] on energy storage elements will improve the whole reliability,
stability and efficiency of the system using the information on power flow in the
micro-grid and deal with a unit of the system to flow the power harmoniously
between utility grid and micro-grid. In [116] some design and operation aspects of
distributed battery micro-storage systems in a deregulated electricity market system
were presented. In [117] a financial analysis of different applications of battery
energy storage systems (BESS) in power systems was presented. Control power for
primary frequency regulation and load peak shaving at industrial end customers were
analysed. The results of the value analysis showed that primary control power is the
application that most likely will be asked for by utility companies in the next 3-5
years of the study. Other researches [118 —124] showed that a battery energy storage
system can provide frequency regulation. In [125] a method to find the optimal
battery energy storage capacity and power for a peak load shaving application was
presented. The sizing methodology was used to maximize a customer’s benefit by

reducing the power demand payment. The minimum payback time was 6 years.

To contribute to the Green House Gas (GHG) emissions in the transportation sector,
battery-powered electric vehicles (EVs) have been developed and are now

commercially available for daily use [126]. In spite of their short driving range
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(typically less than 200 km on full charge) [127], the capacity of the on-board
batteries seem to be large enough to partly support household electric consumption
management [128].The plug-in electric vehicle is an electric vehicle (EV) that
includes batteries that can be charged/ recharged by plugging into a source of electric
power. It can be integrated into home energy systems, as well as the electric grid.
Electric vehicles would use electricity from the grid, preferably during off-peak and
nights to charge, then discharge it back into the grid at other times [129-130]. In the
process, the vehicles could also provide regulation service to the grid, as needed. This

concept is also known as vehicle-to-grid (V2G) [131].

A ‘smart grid’ provides a significant opportunity for residential energy management.
It refers to a way of operating the power system using communications, power
electronics, and storage technologies to balance production and consumption at all
levels [132-135].

A smart grid can be defined as a grid that intelligently brings the consumers and the
producers together in order to efficiently deliver sustainable, economic and secure
electricity supplies [132]. It allows the power to flow in both directions. A smart grid
is needed to integrate increasing amounts of generated or stored power to the grid.
The direction of the power flow in the distribution network will change according to
the energy reserves and market price [136]. Moreover, smart grids are the way to
encourage consumers to participate in managing actively their energy demands. They
provide the consumers with the possibility to participate actively in the market, not
only as more aware buyers, but also as small producers. Future smart grids with
disperse renewable resources will provide a wide range of new features including

smart metering, demand side management and integration of storage elements.

165



Through the exploitation of smart meters, a smart grid allows two-way
communication between the utilities and their consumers, where energy management
becomes possible for both sides. It will bring consumers the ability to control their
energy use, using demand response. Such factors as peak shifting and overall

conservation will create a demand response system.

With the deployment of smart meters it is anticipated that load measurements will be
available for all homes in Britain by 2019 [137]. Mass roll-out of smart meters is due
to start in the second quarter of 2014 and energy firms are expected to shoulder most
of this cost. The rollout of smart meters will lead to a major change in how electricity
and gas markets operate. To deliver the rollout, energy suppliers will be required to

procure and install smart meters for their customers [137].

In the UK, the adoption of smart metering has to incorporate the potential value of
additional consumer services, environmental benefits, improving direct consumption
feedback to customers, along with more accurate billing. The UK Government has
taken the idea of using smart meters as a tool for carbon emissions reductions more
seriously than most, and has proceeded with national rollouts of Advanced Metering
Infrastructure (AMI). The functionality that is anticipated for electricity and gas
smart meters for the UK includes the ability to provide real-time information to an in-
home display [138]. It also includes the capacity to communicate with

microgeneration measurement devices.

The smart grid will change the way energy is produced, bought, sold and consumed.
It could help decrease power consumption during the busiest times on the power grid,
improve efficiency and reliability, and reduce the need to build additional

infrastructure.
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7.10 Storage Battery Payback Period

In this section, we are looking to evaluate the benefits of electricity storage at
community level. Community savings using three possible electricity prices will be
calculated with a battery storage system. Furthermore, we estimate the battery
payback time under the three price curves (Figure 7.12).

In Figure 7.12 the cost curves are shown. The highest cost occurs at 18:00. The
community load at 18:00 is about 2.5 pu. The price at peak is 1.45 pu and about 0.45
pu at night for the worst case scenario. For the most likely case, the price at peak is
1.0 pu and about 0.3 pu at night. For the best case, the price at peak is 0.64 pu and

about 0.3 pu at night. These prices are summarized in Table 7.2.

Table 7.2 Electricity peak and night prices

Scenario Peak price (pu) Night price (pu)
Worst case 1.45 0.45

Most likely case | 1.0 0.3

Best case 0.64 0.3

Assuming a standard car battery is being used to supply some of the load at peak
periods. A standard car battery may be around 80 Ah at around 12 volts, which is
around 1 kWh of electricity.

The battery bank can be sized based on the real demand of the community at the time
of high price. The real demand is calculated by multiplying the load in pu by the

community base demand as shown in equation 7.10.

Real load = (load (p.u) X Base value of load) (7.10)

= 2.5pu x 75.3kWh =188.25kWh
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So we need around two hundred car batteries to store 190 kWh. The physical
dimensions are small compared to 400 houses.

Presently, the cost of batteries is about £150 per kilowatt hour of storage. The cost of
an inverter to convert battery to mains power is excluded for reasons of simplicity.
However, the cost of inverters has fallen significantly over the last few decades. For

2.5 pu, the cost of batteries as a function of energy used will be:

Total battery cost = (load X Base value of load) X cost per kWh  (7.11)

= 2.5pu x 75.3kWhx £150/ kWh = £28237.5

The curves in Figure 7.11 are in pu and represent prices. As they are in pu, if we used
the real average electricity tariff price as 1 pu, then we can have a reasonable
indication of financial cost/ benefit. Here we use the average electricity tariff for
consumers of 13p/kWh [95]. Below is the calculation for cost savings for the three
price curves.

For the highest peak price (Worst case for the system), the maximum daily savings of
the storage of the system is calculated by subtracting the night charging price from

the peak price.

Cost Savings = (Real load) X (Price at peak — Price at night)
= (Real load) x (Difference in real prices)
= 188.25 kWh x (1.45 — 0.45)pu X £0.13
= £25/day
Therefore, the annual cost savings from peak shaving is £8932
The technique used to obtain the simple payback period was simply divide the total

battery cost by the annual savings produced.
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Total cost of the system

Simple Payback Period = (7.12)

Annual savings

_ 28238

~ 8932

= 3 years

Similar calculations provide the cost savings and simple payback period for the most

likely price and the lowest peak price. The results are summarised in Table 7.3.

Table 7.3 Annual electricity cost savings & PBP

Scenario Annual savings | Simple payback period (year)
Worst case 8932 3.16

Most likely case | 6253 4.5

Best case 3037 9.3

The storage battery payback times for worst, most likely and best price scenarios, are
3.16, 4.5 and 9.3 years respectively. Therefore, if a true market existed, the planner
would be able to predict that the investment would be paid off after three to nine
years.

This has been worked out based on the price of electricity at a standard tariff of
13p/kWh. The price could increase over the years as would be expected with
increasing fuel price. Therefore, if the battery’s life time was longer, then there is a
real potential for initiatives in community level battery storage. Furthermore, the cost
of batteries should decrease as the technology improves. A standard car battery

ought to be used to supply some of the load at peak periods.
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7.11 Discussion

In the UK there is no real-time retail market, and hence no real-time retail electricity
pricing. Therefore, consumers do not pay based on the real-time price but rather some
kind of average price, and hence have no sufficient incentives to reduce load at times

of high prices or to shift their demand to other periods.

A criteria has been developed to help developers and planners of local communities
to understand the cost of intervention in order to evaluate where the load is when the
prices are high. The SBP was suggested to be used as an indicator of electricity real

time price.

To better capture the price fluctuations that can occur in real markets, this work took
into consideration the diversification in prices the market might have by developing
three price curves in Figure 7.11 using the quartiles of SBP versus national demand.
Each quartile presents a possible pricing case. The quartiles have been used rather
than the maximum and minimum values because there is a need for an indicator that
considers all the values, and not just the minimum and the maximum. The minimum
value to the maximum is the range. The difficulty in assessing by range is that an
extreme change in just one value drastically changes the range. So, it is not
reasonable to use the maximum or minimum; they could be abnormal. The three
curves are estimated based on the daily national demand data, because the national
demand data is predictable and has low variations. These curves are used as an
indicator of electricity real time price and demand, and are presented in pu. These
curves can help planners to look at the cost of peak shaving, which is essential for

developing a financial case for investment in this market.
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Presenting the data in per unit value allows underlying characteristics of the data sets
on different scales to be compared by bringing them to a common scale and makes

the analysis easier.

The radar chart is proposed as the standard chart to compare the per unit values of
demand, price and cost for the local community over the full day, at the nationally
accepted half-hourly interval. The chart shows the data around the clock, which is
often a good way of comparing several sets of performance indicators. The 24 hours
of the day are in a continuous cycle. The day does not end at any arbitrary time.
Visualizing data in hourly trends gives people something they can relate to in the
context of their daily schedules and enables them to see the consequence of this
behaviour. Although the line chart makes graphs easier to read it does not give a good
indication of time and behaviour. Therefore it is not easy to conclude where problems
are. Moreover, the base value is not as important as the peak value. The radar chart
by definition will emphasise the peak and not the common dominator. This is critical
when looking at peak prices and infrastructure costs. The radar chart provides a
useful set of information and picture of performance to help consumers reduce their
electricity costs in order to manage their consumption by taking advantage of lower

priced hours and conserving electricity during hours when prices are higher.

The developed three curves have been used as a tool to evaluate the possibility of
using storage batteries at community level as an example. PV cells or other

embedded could also be studied in a similar way.

The battery simple payback time has been estimated. We used the average electricity
price as 1 pu. Thiscan provide a reasonable indication of financial cost/benefit.

While the payback period analysis does not take into consideration the time
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dependent value of money, nor the total accumulated cost or savings over the life of
the system, the simple payback period can be applied to determine relative
performance among alternatives. Economic calculations can be performed using the
life cycle cost (LCC) where consideration of costs over the entire lifetime of the PV

system (inflation, tax, and depreciation) can be made.

A single consumer using standard tariffs may not see any benefit in changing his
behaviour, as he does not gain by shifting load. If real time pricing was introduced,
again, how could one expect the individual consumer to participate actively? It would
be like expecting everyone to buy and sell on the stock market every day. This gain is
unrealistic. However, it is possible for local planners to exploit benefits and gain
profit. Hence, the tool can enable this business to exist; trade between the distributor

and the local planner.

7.12 Conclusion

The conclusions drawn are presented below.

e  Presenting the data in per unit value allows underlying characteristics of the data

sets to be compared.

e The radar (spider) chart has been proposed as a standard chart to compare the per
unit values of demand, price and cost for the local community for load shaving
aspect.

e As no real time retail price exists in the UK, the System Buy Price (SBP) has
been used as a measure of the real price based on per unit values. In order to

better capture the price fluctuations that can occur in real markets, the three
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curves of Figure 7.11 have been developed using the quartiles of SBP versus
demand.

The tool developed in Chapter 4 can now be used alongside SBP to help
planners to look at an idea of the cost of peak shaving which is essential for

developing a financial case for investment in this market.

As an example of using the tool and system buy pricing, the possibility of using
battery storage at community level has been evaluated and battery simple
payback has been estimated. The methodology can be applied to other

interventions for load shaving.

It has been shown that battery storage at community level is feasible, provided a

real time market or “near real time” market is established.
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Chapter 8

Conclusions and recommendations for future work

This chapter provides a summary and conclusions of the work, and some suggestions

for future research based upon the findings of the research.
8.1 Summary

This thesis presented a methodology to predict local consumption patterns for
residential consumers at community level. The load forecast tool was used to study
the interventions of using the economy 7 tariff to shift load by shifting behaviour.
However, the change in behaviour is quite significant. The introduction of PV cells at
a community level was only studied using the tool to predict load, and standard PV
cell output characteristics. However, the tool was not found to be useful because of
the lack of real time pricing mechanisms or criteria. The issue of pricing was
investigated. It has been proposed that the national system buy price against the
demand is used as the criteria. An example of using storage batteries was used to
demonstrate the usage of the tool and the criteria developed to understand benefit.

A block diagram of the methodology being developed for the local planners is shown

in Figure 8.1.
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Figure 8.1 Block diagram of the developed methodology

From the diagram, it is clear that the accuracy of the local demand profiles depends
on the level of input information. It is possible to improve the database of the tool by
obtaining better national representative cumulative distribution functions (CDF)
across the country for different groupings and regions, which could be used by local
planners. Cumulative distribution functions (CDF) are a good representation of
behaviour change.

The criteria for the pricing of cost intervention depend on data that is nationally

driven. The actual equivalence of 1 pu is arguable as it differs from supplier to
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supplier. It is reasonable as an average of standard tariffs would cover the whole
country.

Real time retail market issues however affect the analysis on load shaving. Without
some forms of real time retail market implementation it is difficult to study storage
usage, and the impact of electric vehicles. Smart metering is a technological
innovation that may help, but without real time retail pricing, it is perhaps
unnecessary. New solutions require not only technical innovation but also
behavioural ingenuity by customers and researchers in guiding future electricity use

and infrastructure development.

8.2 Conclusions

This thesis makes specific contributions to the field of load modelling and planning at
community level where energy demand patterns at this level may significantly differ

from the national picture. The contributions from this thesis are summarized below:

In this thesis, the cumulative distribution function (CDF) has been used to present a
new methodology which enables the prediction of realistic half-hourly electricity load
profiles at residential community level (Chapter 4). It was primarily based on a
combination of statistical data, and a questionnaire survey. The cumulative
distribution function (CDF) enables the generation of the random nature of

consumption. It also indicates a way of understanding behaviour change.

Traditionally, load modelling is done nationally. In this thesis it was proposed to use
modelling to examine the energy use on a local level. Modelling at a small residential
community level based on a behavioural understanding of the local community can

lead to a better understanding of possible interventions. The results show which
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category of household contributes most to the peak. It is possible therefore to focus
energy conservation on those households first rather than the whole community,
which may be too costly. This feature of the methodology might be useful to
consultants. The methodology therefore can help local planners decide on measures

such as embedding renewable energy and demand management.

The methodology developed in this study has been used to investigate the incentives
currently available to consumers to see if it would be possible to shift some of the
load from peak hours. The adoption of the economy 7 tariff has been investigated, the
result has shown that this tariff has hardly any effect on consumers that have a gas
supply as well. However, this was found to be more relevant to particular types of
households. The methodology helps to identify such households. As such, the utility

could focus marketing literature, and any incentives on such consumers.

In this thesis, the possibility of using renewable energy (RE) at community level is
investigated. The results showed that without government incentives the use of
photovoltaic would not be suitable at the current price.

As it is difficult to obtain the true real time price at consumer level because of the
wholesale price, it was proposed to use the system price (SBP) versus national

demand as an indicator of the market value.

In order to better capture the price fluctuations that can occur in real markets, the
three curves of Figure 7.11 have been developed using the quartiles of SBP versus
demand in order to be used as an indicator of range of prices. The proposed curves
would contribute to improving knowledge by giving an indication of the real time

market price.

177



In this thesis, the SBP values were normalized and expressed in per unit values, thus
allowing essential characteristics of the data sets to be compared: this allows data on
different scales to be compared by bringing them to a common scale, and makes the

analysis easier.

In this thesis, the radar chart has been proposed as standard chart to look at and
compare the local community load and prices. It provides an overall view, with
realistic and useful information, and provides a picture of performance which can

help local planners to understand and evaluate the system cost at community level.

The possibility of using storage elements at residential community level has been
evaluated. The battery simple payback has been estimated. The methodology can be
applied to other interventions for load shaving. It has been shown that battery storage
at community level is feasible provided a real time market or “near real time” market
is established.

As has been shown in this thesis, there is no real time retail market in electricity at
local level. It is suggested that a real time independent energy market is introduced to

enable transactions at this level.

8.3 Recommendations for Future Work

In this thesis, there are still some improvements which need to be made, and

recommendations for future research.

e The method of predicting electricity load profiles at residential community level
could be applied for different communities. The limiting factor of applying this
method is the availability of the input data, such as occupancy usage patterns.

This could be improved by generating national representative cumulative
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distribution functions (CDF) across the country for different groupings and

regions, which could be used by local planners.

The hot water and heating system load profiles have not been included in this

study; it would be possible for these profiles to be included in future work.

The tool does not consider the variation in load from weekdays to weekend to

avoid complexity and this should be considered in future work.

In this thesis, we have looked at the use of renewable energy at community level;
the results showed that the effects of stochastic characteristics of renewable
energy generation make the use of photovoltaic is not suitable at the current
price without government incentives. This limitation could be addressed by
supporting renewable energy generation with an energy storage element which

enables people to store energy during off peak periods and use it at peak times.

A real time independent electricity market at local level has been proposed in
this thesis. Developments in the electricity market, storage elements, and smart
grids, and the drive for lower carbon generation technologies, where generating
and distributing energy is owned and led by communities, will all impact on
such a market. The introduction of such an independent retail market at local
level to enable electricity transactions between communities with embedded

generation capabilities requires further research.

e In this thesis we have looked to model community demand using a bottom up
approach. It is theoretically possible that by looking at a power signal of the
real load and disaggregating it into its components, it is feasible to extract a
reasonable understanding of community behavior. This can be done by using
pattern recognition methods and thereby segregating the components.

179



References

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

K. J. Baker and R. M. Rylatt, "Improving the prediction of UK domestic
energy-demand using annual consumption-data,” Applied Energy, vol. 85, pp.
475-482, 2008.

T. Marijanic and D. Karavidovic, "Load profiling in an opening electricity
market,"” in AFRICON 2007, 2007, pp. 1-5.

"Load Profiling: An Innovate Alternative to Direct Metering When
Implementing Customer Choice in the Electric Utility Industry,” AEIC Load
Research Committee, July 1998.

I. Mansouri, M. Newborough, and D. Probert, "Energy consumption in UK
households: Impact of domestic electrical appliances,” Applied Energy, vol. 54,
pp. 211-285, 1996.

DECC, "UK Renewable Energy Roadmap," Department of Energy and Climate
change, 2011.

M. Kezunovic, J. D. Mc_Calley, T. J. Overbye:, "Smart Grids and Beyond:
Achieving the Full Potential of Electricity Systems,” Proceedings of the IEEE
100(Centennial-Issue): 1329-1341, 2012

G. T. Heydt, R. Ayyanar, K. W. Hedman, and V. Vittal, "Electric Power and
Energy Engineering: The First Century," Proceedings of the IEEE, vol. 100, pp.
1315-1328, 2012.

DECC, "UK climate change sustainable development indicator: 2010
greenhouse gas emissions, provisional figures,” Department of Energy and
Climate change, 2011.

DECC, “Energy consumption in the United Kingdom: 2011," Department of

Energy and Climate change, 2011.
180


http://www.informatik.uni-trier.de/~ley/db/indices/a-tree/k/Kezunovic:Mladen.html
http://www.informatik.uni-trier.de/~ley/db/indices/a-tree/m/McCalley:James_D=.html
http://www.informatik.uni-trier.de/~ley/db/indices/a-tree/o/Overbye:Thomas_J=.html
http://www.informatik.uni-trier.de/~ley/db/journals/pieee/pieee100.html#KezunovicMO12
http://www.informatik.uni-trier.de/~ley/db/journals/pieee/pieee100.html#KezunovicMO12

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

A National Statistics Publication, "Energy Trends,” March 2010,
http://www.decc.gov.uk/assets/decc/statistics/publications/trends/1_201003241
15020 e @@_trendsmarl0.pdf.

Draft Climate Change Bill. TSO, HM Government, London, UK, 2007.
Available:http://www.official-
documents.gov.uk/document/cm70/7040/7040.pdf.

C. Dorota, "Towards sustainable-energy buildings,” Applied Energy, vol. 76,
pp. 211-217, 2003.

G. Owen, J. Ward and M. Pooley, “ GB Electricity Demand - Paper 1 - Context
and 2010 Baseline Data - ,” Sustainability First, October 2011.

E. Hirst, “A model of residential energy use,” Simulation, vol. 30, pp. 69-74,
1978.

L. G. Swan and V. I. Ugursal, "Modeling of end-use energy consumption in the
residential sector: A review of modeling techniques,” Renewable and
Sustainable Energy Reviews, vol. 13, pp. 1819-1835, 2009.

B. Larsen, "Household electricity end-use consumption: results from
econometric and engineering models,” Energy Economics, vol. 26, pp. 179-200,
2004.

D. P. van Vuuren, M. Hoogwijk, T. Barker, K. Riahi, S. Boeters, J. Chateau, S.
Scrieciu, J. van Vliet, T. Masui, K. Blok, E. Blomen, and T. Kram,
"Comparison of top-down and bottom-up estimates of sectoral and regional
greenhouse gas emission reduction potentials,” Energy Policy, vol. 37, pp.

5125-5139, 2009.

181


http://www.decc.gov.uk/assets/decc/statistics/publications/trends/1_20100324115020_e_@@_trendsmar10.pdf
http://www.decc.gov.uk/assets/decc/statistics/publications/trends/1_20100324115020_e_@@_trendsmar10.pdf
http://www.official-documents.gov.uk/document/cm70/7040/7040.pdf
http://www.official-documents.gov.uk/document/cm70/7040/7040.pdf
http://www.sustainabilityfirst.org.uk/docs/2010/Sustainability%20First%20-%20GB%20Electricity%20Demand%20-%20Paper%201%20-%20Context%20and%202010%20Baseline%20Data%20-%20October%202011.pdf
http://www.sustainabilityfirst.org.uk/docs/2010/Sustainability%20First%20-%20GB%20Electricity%20Demand%20-%20Paper%201%20-%20Context%20and%202010%20Baseline%20Data%20-%20October%202011.pdf

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

B. M. Larsen and R. Nesbakken, "Household electricity end-use consumption:
results from econometric and engineering models,” Energy Economics, vol. 26,
pp. 179-200, 2004.

M. Hoogwijk et al. "Sectoral Emission Mitigation Potentials: Comparing
Bottom-Up and Top-Down Approaches,” The Netherlands Environmental
Assessment Agency, 2008.

G. Mclnnes and E. Unterwurzacher, "Electricity end-use efficiency: An
assessment of the scope for efficiency gains and policy options,” Energy Policy,
vol. 19, pp. 208-216, 1991.

J. M. Walker, "The residential demand for electricity: Further empirical
evidence," Resources and Energy, vol. 2, pp. 391-396, 1979.

J. C. Lam, D. H. W. Li, and S. O. Cheung, "An analysis of electricity end-use
in air-conditioned office buildings in Hong Kong," Building and Environment,
vol. 38, pp. 493-498, 2003.

R. Mahadevan and J. Asafu-Adjaye, "Energy consumption, economic growth
and prices: A reassessment using panel VECM for developed and developing
countries,” Energy Policy, vol. 35, pp. 2481-2490, 2007.

B. Halvorsen and B. M. Larsen, "Norwegian residential electricity demand—a
microeconomic assessment of the growth from 1976 to 1993," Energy Policy,
vol. 29, pp. 227-236, 2001.

H. Amusa, K. Amusa, and R. Mabugu, "Aggregate demand for electricity in
South Africa: An analysis using the bounds testing approach to cointegration,”
Energy Policy, vol. 37, pp. 4167-4175, 20009.

P. Holtedahl and F. L. Joutz, "Residential electricity demand in Taiwan,"

Energy Economics, vol. 26, pp. 201-224, 2004.

182



[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

B. E. Psiloglou, C. Giannakopoulos, S. Majithia, and M. Petrakis, "Factors
affecting electricity demand in Athens, Greece and London, UK: A
comparative assessment," Energy, vol. 34, pp. 1855-1863, 2009.

H. George, "Estimating residential demand for electricity in Greece," Energy
Economics, vol. 26, pp. 319-334, 2004.

E. Erkan, "Electricity demand analysis using cointegration and ARIMA
modelling: A case study of Turkey," Energy Policy, vol. 35, pp. 1129-1146,
2007.

N. Kreutzer, and I. Knight, "Social housing electrical energy consumption
profiles in the United Kingdom, " 2" International Solar Cities Congress,
Oxford, April 2006.

P. Bennich, and A. Persson, "Proceedings of the Methodology and First Results
from End-Use Metering in 400 Swedish Households, " Energy Efficiency in
Domestic Appliances and Lighting (EEDAL) conference, London, UK, June
2006.

Y. G. Yohanis, J. D. Mondol, A. Wright, and B. Norton, "Real-life energy use
in the UK: How occupancy and dwelling characteristics affect domestic
electricity use," Energy and Buildings, vol. 40, pp. 1053-1059, 2008.

M. Newborough and P. Augood, "Demand-side management opportunities for
the UK domestic sector,” Generation, Transmission and Distribution, IEE
Proceedings-, vol. 146, pp. 283-293, 1999.

G. Stuart, P. Fleming, V. Ferreira, and P. Harris, "Rapid analysis of time series
data to identify changes in electricity consumption patterns in UK secondary

schools,” Building and Environment, vol. 42, pp. 1568-1580, 2007.

183



[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

A. Wright and S. Firth, "The nature of domestic electricity-loads and effects of
time averaging on statistics and on-site generation calculations,” Applied
Energy, vol. 84, pp. 389-403, 2007.

A. Capasso, W. Grattieri, R. Lamedica, and A. Prudenzi, "A bottom-up
approach to residential load modeling,” Power Systems, IEEE Transactions on,
vol. 9, pp. 957-964, 1994.

J. V. Paatero and P. D. Lund, "A model for generating household electricity
load profiles,” International Journal of Energy Research, vol. 30, pp. 273-290,
2006.

M. Stokes, M. Rylatt, and K. Lomas, "A simple model of domestic lighting
demand," Energy and Buildings, vol. 36, pp. 103-116, 2004.

J. Widén, M. Lundh, I. Vassileva, E. Dahlquist, K. Ellegard, and E.
Wackelgard, "Constructing load profiles for household electricity and hot water
from time-use data—Modelling approach and validation,” Energy and
Buildings, vol. 41, pp. 753-768, 20009.

R. Yao and K. Steemers, "A method of formulating energy load profile for
domestic buildings in the UK," Energy and Buildings, vol. 37, pp. 663-671,
2005.

M. Armstrong, M. C. Swinton, H. Ribberink, 1. Beausoleil, and J. Millette,
"Synthetically derived profiles for representing occupant-driven electric loads
in Canadian Housing," Journal of Building Performance Simulation, vol. 2, pp.
15-30, 2009.

S. M. Mousavi and H. A. Abyaneh, "Effect of Load Models on Probabilistic
Characterization of Aggregated Load Patterns,” Power Systems, IEEE

Transactions on, vol. 26, pp. 811-819, 2011.

184



[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

I. Richardson, M. Thomson, D. Infield, and A. Delahunty, "Domestic lighting:
A high-resolution energy demand model,” Energy and Buildings, vol. 41, pp.
781-789, 20009.

S. Abu-Sharkh, R. J. Arnold, J. Kohler, R. Li, T. Markvart, J. N. Ross, K.
Steemers, P. Wilson, and R. Yao, "Can microgrids make a major contribution
to UK energy supply?,” Renewable and Sustainable Energy Reviews, vol. 10,
pp. 78-127, 2006.

E. Bonneville, P.D.A.R.,"Demand Side Management for residential and
commercial end-users," AERE, May 2006.

CRA, "Primer on demand-side management," Oakland, CA: Prepared for the
World Bank by Charles River Associates, 2005.

A. Faruqui and S. George, "Quantifying Customer Response to Dynamic
Pricing,” The Electricity Journal, vol. 18, pp. 53-63, 2005.

V. Hamidi, F. Li, and F. Robinson, "Demand response in the UK's domestic
sector," Electric Power Systems Research, vol. 79, pp. 1722-1726, 2009.

S. V. Allera and A. A. Cook, "The energy management unit project-domestic
customer response to a multi-rate tariff,” Seventh International Conference on
Metering Apparatus and Tariffs for Electricity Supply, Glasgow, UK, pp. 47-
52,1992.

IBM " Ontario energy board smart price pilot: Final report,” Ontario Energy
Board, Toronto, Ontario, Canada, 2007.

A. M. Syed, “Impact of adopting the time-of-use rate plans on the electricity

cost in the Canadian residential sector, ”Building Simulation, 123-128, 2009.

185


http://www.ibpsa.org/proceedings/BS2009/BS09_0123_128.pdf
http://www.ibpsa.org/proceedings/BS2009/BS09_0123_128.pdf

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

G. R. Newsham and B. G. Bowker, "The effect of utility time-varying pricing
and load control strategies on residential summer peak electricity use: A
review," Energy Policy, vol. 38, pp. 3289-3296, 2010.

A. Faruqui and S. Sergici, "Household response to dynamic pricing of
electricity: a survey of 15 experiments,” Journal of Regulatory Economics, vol.
38, pp. 193-225, 2010.

A. Faruqui and S. George, "Quantifying Customer Response to Dynamic
Pricing,” The Electricity Journal, vol. 18, pp. 53-63, 2005.

H. Karen, "Residential implementation of critical-peak pricing of electricity,"”
Energy Policy, vol. 35, pp. 2121-2130, 2007.

P.C. Stern and E. Aronson, Energy Use: The Human Dimension: The National
Academies Press, 1984.

I. Matsukawa, "The Effects of Information on Residential Demand for
Electricity,” Energy Journal, vol. 25, pp. 1-17, 2004.

J. H. Houwelingen and W. F. Raaij, "The Effect of Goal-Setting and Daily
Electronic Feedback on In-Home Energy Use," Journal of Consumer Research,
vol. 16, pp. 98-105, 1989.

M.J. Hinnells, K.B. Lane, "The Relative importance of technical and
behavioural trends in electricity consumption by domestic appliances,” in:
Proceedings of the European Council for Energy Efficient Economy, Summer
Study, Panel 3, Environmental Change Unit, University of Oxford, Oxford,
1996.

B. Lebot, C. Lopes, P. Waidem and O. Sidler, Lessons learnt from European

metering campaigns of electrical end uses in the residential sector, in:

186


http://ideas.repec.org/f/pma643.html

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

Proceedings of the European Council for Energy Efficient Economy Summer
Study, Panel 2, ID 82, 1995, http://www.eceee.org.

C. Seligman and J. M. Darley, "Feedback as a means of decreasing residential
energy consumption,” Journal of Applied Psychology, vol. 62, pp. 363-368,
1977.

T. Maier, M. Krzaczek, and J. Tejchman, "Comparison of physical
performances of the ventilation systems in low-energy residential houses,"”
Energy and Buildings, vol. 41, pp. 337-353, 2009.

S. Eleni, "Estimating space heating determinants: An analysis of Greek
households," Energy and Buildings, vol. 40, pp. 1084-1093, 2008.

G. Brandon and A. Lewis, "Reducing household energy consumption: a
qualitative and quantitative field study,” Journal of Environmental Psychology,
vol. 19, pp. 75-85, 1999.

S. Firth, K. Lomas, A. Wright, and R. Wall, "ldentifying trends in the use of
domestic appliances from household electricity consumption measurements,”
Energy and Buildings, vol. 40, pp. 926-936, 2008.

O. Guerra Santin, L. Itard, and H. Visscher, "The effect of occupancy and
building characteristics on energy use for space and water heating in Dutch
residential stock," Energy and Buildings, vol. 41, pp. 1223-1232, 20009.

A. Al-Mumin, O. Khattab, and G. Sridhar, "Occupants’ behavior and activity
patterns influencing the energy consumption in the Kuwaiti residences,” Energy
and Buildings, vol. 35, pp. 549-559, 2003.

K. T. Papakostas and B. A. Sotiropoulos, "Occupational and energy behaviour
patterns in Greek residences,” Energy and Buildings, vol. 26, pp. 207-213,

1997.

187


http://www.eceee.org/

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

R. L. Mason, Robert Lee, R. F. Gunst, and J. L. Hess. "Statistical Design and
Analysis of Experiments: With Applications to Engineering and Science," New
York: Wiley, 1989.

S. Makridakis, S. C. Wheelwright, and R. J. Hyndman, "Forecasting: Methods
and Applications,"” Third edition. John Wiley and Sons, 1998.

I. Gijbels and V. Rousson, "A nonparametric least-squares test for checking a
polynomial relationship," Statistics &amp; Probability Letters, vol. 51, pp.
253-261, 2001.

Electricity Association’s Load Research Group, “Load Profiles in the 1998
Electricity Supply Market”.

Union of the Electricity Industry, “Metering, Load Profiles and Settlement in
Deregulated Markets, March 2000.

Electricity Association. 1997. Load profiles and their use in electricity
settlement. UKERC.

ONS, Statistical bulletin “Families and households in the UK, 2001 to 2010 ,"
Office for National Statistics,2011.

Defra, "Saving Energy through Better Products and Appliances: Annex 12:
Domestic Cooking Appliances, " Department for Environment, Food and Rural
Affairs, 2009. Available at:
http://www.defra.gov.uk/publications/files/pb13559-energy-products-
101124.pdf, [accessed 17/2/2010].

Black K. Business Statistics: Contemporary Decision Making. 6th ed.
Hoboken: John Wiley & Sons, Inc., 2010.

Wholesale Price of Electricity in Balancing Market, Balancing Market

Reporting (BM Reporting). Available: http://www.bmreports.com/.

188


http://www.defra.gov.uk/publications/files/pb13559-energy-products-101124.pdf
http://www.defra.gov.uk/publications/files/pb13559-energy-products-101124.pdf
http://www.bmreports.com/

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

Z. Yang, and D. Lao “Demand, Side Management, Beijing," China Electric
Power Press,1999.

D. Fouquet, “Demand side management, Sustainable energy regulation and
policymaking for " vol.1 ,Distribution and Demand Side Automation and
Management, 2007, pp. 59-67.

C. W. Gellings, J. H. Chamberlin, "Demand-side Management Planning, " New
jersy ,USA, Lilburn, GA1993.

F. P. Sioshansi, "Demand-side management: The third wave", Energy Policy,
vol. 23, no. 2, pp. 111-114, 1995.

G. T. Bellarmine, "Load management techniques”, in Proceedings IEEE South
east Con ‘Preparing for The New Millennium’, IEEE, Nashville, TN, USA, pp.
139-145, 2000.

D. S. Kirschen, G. Strbac, P. Cumperayot, and D. P. Mendes, “Factoring the
Elasticity of Demand in Electricity Prices,” IEEE Transactions on Power
Systems, Vol15, no 2, pp 612-617.

T. Keelinand C. Gellings, “Impact of Demand-Side Management on Future
Customer Electricity Demand”, EPRI EM-4815-SR, Electric Power Research
Institute, Palo Alto, CA, Oct, 1986.

C. W. Gellings, J. H. Chamberlin ,“Demand-Side Management: Concepts and
Methods”, (Fairmont Press, Liburn, USA, pp. 238-240), 1993.

Primer on Demand-Side Management with an emphasis on price-responsive
programs, Charles River Associates, Feb. 2005.

A. Faruqui, Pricing Programs: Time-of-Use and Real Time, the Brattle Group,

San Francisco, California, U.S.A.IEEE 2007.

189



[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[97]

DOE, 2006. Benefits of Demand Response in Electricity Markets and
Recommendations for Achieving Them: A Report to the U.S. Congress
Pursuant to Section 1252 of the Energy Policy Act of 2005, US Department of
Energy.

Electricity - Compare all electricity prices. [Online]. Available at:
http://www.ukpower.co.uk/home_energy/compare_electricity, on 9Aug 2010.
Primer on Demand-Side Management with an emphasis on price-responsive
programs, Charles River Associates, Feb. 2005.

H. Goudarzi, S. Hatami, and M. Pedram, "Demand-side load scheduling
incentivized by dynamic energy prices,” Proc. 2nd Int'l Conf. on Smart Grid
Communications, Oct. 2011.

D. Prasad and M. Snow, Designing with Solar Power: a source book for
Building integrated photovoltaic, Mulgrave, Vic.: Images; London; Sterling,
VA: Earthscan, 2005.

Department of Energy and Climate Change, National Policy Statement for

Renewable Energy Infrastructure (EN-3), July 2011.

Department for Business Enterprise and Regulatory Reform (BERR) (2008a)
Digest of United Kingdom Energy Statistics, 2008, available from:
http://stats.berr.gov.uk/energystats/dukes08.pdf.

Defra (2008a) Behaviour Change Research and Guidance Sustainable
Development website, 2008.
Availablefrom:http://www.defra.gov.uk/sustainable/government/what/priority/b
ehaviourChangeResearchAndGuidance.htm. [Accessed: 05 May. 2011].
Department of Energy and Climate Change, National Policy Statement for

Renewable Energy Infrastructure (EN-3), July 2011.

190


http://www.ukpower.co.uk/home_energy/compare_electricity
http://stats.berr.gov.uk/energystats/dukes08.pdf
http://www.defra.gov.uk/sustainable/government/what/priority/behaviourChangeResearchAndGuidance.htm
http://www.defra.gov.uk/sustainable/government/what/priority/behaviourChangeResearchAndGuidance.htm

[98] Renewable 2007 Global Status Report. REN21 Secretariat and Washington,
Paris, 2008.

[99] Department of Trade and Industry (DTI), Meeting the Energy Challenge: A
White Paper on Energy, HMSO, London, UK, 2007.

[100] Department of Energy and Climate Change (DECC) (2009a) UK Renewable
Energy Strategy, TSO, Norwich, UK.

[101] U. Eicker, Solar technologies for buildings. , Chichester: John Wiley & Sons
Ltd, 2003.

[102] DECC 2010. “Renewables statistics: capacity of and energy generated from
renewable sources,” (DUKE 7.4), Available online at:
http://www.decc.gov.uk/en/content/cms/statistics/energy_stats/source/renewabl
es/renewables.aspx. [Accessed: 30 Jun. 2011].

[103] NASA website:
http://eosweb.larc.nasa.gov/cgibin/sse/retscreen.cgi?email=rets@nrcan.gc.ca
[Accessed: 19 Jul. 2011]

[104] The Carbon Trust website: http://www.carbontrust.co.uk/cut-carbon-reduce-
costs/calculate/carbon-footprinting/pages/conversion-factors.aspx.  [Accessed
Aug. 03, 2011]

[105] DECC, “Quarterly energy prices,” Department of Energy and Climate change,
March 2012.

[106]J. Palmer and I. Cooper, “Great Britain’s housing energy fact file,"
Department of Energy and Climate change, 2011.

[107] P. Bolton, “Energy Prices,” March 2012. House of Commons Library, Standard
Note. Available online at: http://www.parliament.uk/briefing-papers/SN04153.

[Accessed: 11 Dec. 2011]

191


http://www.decc.gov.uk/en/content/cms/statistics/energy_stats/source/renewables/renewables.aspx
http://www.decc.gov.uk/en/content/cms/statistics/energy_stats/source/renewables/renewables.aspx
http://eosweb.larc.nasa.gov/cgibin/sse/retscreen.cgi?email=rets@nrcan.gc.ca
http://www.carbontrust.co.uk/cut-carbon-reduce-costs/calculate/carbon-footprinting/pages/conversion-factors.aspx
http://www.carbontrust.co.uk/cut-carbon-reduce-costs/calculate/carbon-footprinting/pages/conversion-factors.aspx
http://www.parliament.uk/briefing-papers/SN04153

[108] ELEXON, "New Electricity Trading Arrangements NETA, Balancing
Mechanism," ELEXON,
http://www.bmreports.com/bsp/SystemPricesHistoric.htm. [Accessed: 28 Nov.
2011].

[109] National Grid, "Metered half-hourly electricity demands, "National Grid
website: http://www.nationalgrid.com/uk/Electricity/Data/Demand+Data/.
[Accessed: 28 Nov. 2011].

[110] S. Wakao and N. Ueda, “Investigation of the Storage Battery Station for
Effective Utilization of Electric Power Generated by PV Clusters,”
Photovoltaic Energy Conversion, Conference Record of the 2006 IEEE 4th
World Conference, Hawaii, pp. 2419-2422, May 2006.

[111] E. Palomino, “A Control System for Improved Battery Utilization in a PV-
Powered Peak-Shaving System,” Photovoltaic Specialists Conference 1996,
Washington D.C., pp. 1525-1528, May 1996.

[112] M. D. Anderson and D. S. Carr, "Battery energy storage technologies,”
Proceedings of the IEEE, vol. 81, pp. 475-479, 1993.

[113]W. R. Lachs and D. Sutanto, "Application of battery energy storage in power
systems," in Power Electronics and Drive Systems, 1995., Proceedings of 1995
International Conference on, 1995, pp. 700-705 vol.2.

[114] A. Joseph and M. Shahidehpour, "Battery storage systems in electric power
systems," in Power Engineering Society General Meeting, 2006. IEEE, 2006,
pp. 1-8.

[115] B. Roberts and J. McDowall, "Commercial successes in power storage,” Power

and Energy Magazine, IEEE, vol. 3, pp. 24-30, 2005.

192


http://www.bmreports.com/bsp/SystemPricesHistoric.htm
http://www.nationalgrid.com/uk/Electricity/Data/Demand+Data/

[116] A. Alhaj Hussein, N. Kutkut, Z. J. Shen, and I. Batarseh, "Distributed Battery
Micro-Storage Systems Design and Operation in a Deregulated Electricity
Market," Sustainable Energy, IEEE Transactions on, vol. PP, pp. 1-12, 2012.

[117] A. Oudalov, D. Chartouni, C. Ohler, and G. Linhofer, "Value Analysis of
Battery Energy Storage Applications in Power Systems," in Power Systems
Conference and Exposition, 2006. PSCE '06. 2006 IEEE PES, 2006, pp. 2206-
2211.

[118] R. Saupe, “The power conditioning system for the 8:5=17 MW energy storage
plant of BEWAG,” in Proc. 3rd Int. Conf. Power Electronics and Variable-
Speed Drives, 1988, pp. 218-220.

[119]J. T. Alt, M. D. Anderson, and R. G. Jungst, “Assessment of utility side cost
savings from battery energy storage,” |IEEE Trans. Power Syst., vol. 13, no. 3,
pp. 1112-1120, Aug. 1997.

[120] D. Kottick, M. Blau, and D. Edelstein, “Battery energy storage for frequency
regulation in an island power system,” IEEE Trans. Energy Convers., vol. 8,
no. 3, pp. 455458, Sep. 1993.

[121]J. D. Boyes, M. F. De Anda, and W. Torres, “Lessons learned from the Puerto
Rico battery energy storage system,” presented at the 6th Int. Conf. Batteries
for Utility Energy Storage, Gelsenkirchen, Germany, 1999.

[122] W. H. Von Kleinsmid, “Chino battery: An operations and maintenance update,”
in Proc. 3rd Int. Conf. Batteries for Utility Energy Storage, Kobe, Japan, Mar.
18-22, 1991, pp. 38-42.

[123] S. K. Aditya and D. Das, “Battery energy storage for load frequency control of
an interconnected power system,” Elect. Power Syst. Res., vol. 58, no. 3, pp.

179-185, 2001.

193



[124]

[125]

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

T. Sasaki, T. Kadoya, and K. Enomoto, “Study on load frequency control
using redox flow batteries,” IEEE Trans. Power Syst., vol. 19, no.1, pp. 660—
667, Feb. 2004.

A. Oudalov, R. Cherkaoui, and A. Beguin, "Sizing and Optimal Operation of
Battery Energy Storage System for Peak Shaving Application,” in Power
Tech, 2007 IEEE Lausanne, 2007, pp. 621-625.

P. E. Ross and D. Schneider, "Top ten tech cars - 2010," Spectrum, IEEE, vol.
47, pp. 28-58, 2010.

G. Pistoia (ed.), Electric and Hybrid Vehicles: Power Sources, Models,
Sustainability, Infrastructure and the Market, Elsevier, Sep. 2010.

M. Kolhe, "Techno-Economic Optimum Sizing of a Stand-Alone Solar
Photovoltaic System,"” Energy Conversion, IEEE Transactions on, vol. 24, pp.
511-519, 2009.

J. Lin, "Issues and challenges in smart-grid market operation and simulation,”
in Power and Energy Society General Meeting, 2011 IEEE, 2011, pp. 1-4.
KEMA and ISO/RTO Council (IRC) Report: “Assessment of Plug-in Electric
Vehicle Integration with ISO/RTO Systems”, March 2010.

Y. Ota, H. Taniguchi, T. Nakajima, K. M. Liyanage, J. Baba, and A.
Yokoyama, "Autonomous Distributed V2G (Vehicle-to-Grid) Satisfying
Scheduled Charging,"” Smart Grid, IEEE Transactions on, vol. 3, pp. 559-564,
2012.

Towards a Smarter Grid, ABB’s vision for the power system of the future,
ABB Inc. report, USA 2009.

The smart grid — an introduction, (US) Department of Energy, 2008

[http://www.oe.energy.gov/SmartGridintroduction.htm].

194



[134]

[135]

[136]

[137]

[138]

[139]

[140]

[141]

[142]

[143]

Smart Grids, European technology platform for the electricity networks of the
future [http://www.smartgrids.eu/].

M. H. J. Bollen and et al, "Power Quality aspects of Smart Grid, International
conference on renewable Energies and Power Quality (CREPQ"10), Granada,
Spain, 23-25 March, 2010.

"Smart grids - a smart idea? , " Renewable Energy Focus, VVolume 10, Issue
5, September-October 2009, Pages 62-67.

DECC, "Smart Metering Implementation Programme: Response to Prospectus
Consultation," Department of Energy and Climate change, March 2011.
Department of Energy and Climate Change (DECC) (2009b) Towards a
Smarter Future: Government Response to the Consultation on Electricity and
Gas Smart Metering, DECC/The Stationery Office, London (available at:
http://www.decc.gov.uk/en/content/cms/consultations/smart_metering/smart_
metering.aspX. [Accessed: 30 Sep. 2011].

H. Ibrahim, "Energy storage systems - characteristics and comparisons, "
Renewable sustainable energy reviews, vol. 12, no. 5, pp. 1221-50, 2008.

I. Hadjipaschalis, "Overview of current and future energy storage
technologies for electric power applications, " Renewable sustainable energy
reviews, vol. 13, no. 6, p. 1513, 2009.

MINITAB, Inc., “Meet MINITAB,” Documentation for MINITAB Release
14.

Microsoft Excel official website: http://office.microsoft.com/en-us/excel/

E. Joseph Billo, “EXCEL for Scientists and Engineers,” Wiley Interscience,

New York, 2007, ISBN 978-0-471-38734-3.

195


http://www.decc.gov.uk/en/content/cms/consultations/smart_metering/smart_metering.aspx
http://www.decc.gov.uk/en/content/cms/consultations/smart_metering/smart_metering.aspx
file:///C:/Users/amiihbal/Desktop/Microsoft%20Excel%20official%20website
http://office.microsoft.com/en-us/excel/

[144] LINDO Systems, Inc. “,Lindo api 6.0, user manual,” [Online]. Available:

http://www.lindo.com.

196



Appendix A

The Questionnaire

University of Bradford
School of Engineering

Survey on Household Energy Use

Please feel free to answer the following questions. .

| am a research student from the University of Bradford, currently undergoing research on
developing a tool for modeling and simulating electricity consumption. The questions that are
used in this questionnaire are exclusively for the use of my research and to provide data on
electric appliances usage.

The questionnaire is to be completed anonymously, no address, and you will not be treated as
an individual participant.

The survey is to be completed by the head of the household and will take a few minutes of your
time.

Your help would be greatly appreciated, thank you very much for your time and cooperation.

Section A: Household

A1. How many pecple are in your household? Enter a number:  Adult I:l Children I:l
AZ. How many adult in your household are in the age aver 657 Enter a number: I:l
A3. How many adult in your household are currently employed?  Enter a number I:l

1
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Section B: Appliance Use

Please look at each appliance time of use listed in column 1 and then complete the relevant entry in

other columns using V.

Time Electric Appliance
of Use

Hob | Elec.
Oven

™

E Tumble Eettle | Vacuum | computer | Irom
Machine Drriers Cleaner
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Section C: Lighting Use

C1. How many light bulbs in each room are currently used, please enter a number?

Bedrooms

Kitchen

Living Room

Bathroom
Others

C2. Please look at the lighting time of use in column 1 and then complete the relevant entry in other

columns using .

Time Bathroom Kitchen Living Room Bedrooms Others

Thank you for taking the time to complete this questionnaire

3

199



Appendix B

B. 1 List of Author’s Publications

The following are publications written by the author in conjunction with others

during his PhD candidacy.

B.1. 1 Journal Papers:

[1] A. M. Ihbal, H. S. Rajamani, R. A. Abd-Alhameed, and M. K. Jalboub,
"Statistical predictions of electric load profiles in the UK domestic buildings,”
Irag Journal Electrical and Electronic Engineering, vol.7 no.2, pp.151-156,

2011.

[2] A. M. lhbal, H. S. Rajamani, R. A. Abd-Alhameed, and M. K. Jalboub, "The
Generation of Electric Load Profiles in the UK Domestic Buildings Through
Statistical Predictions,” Journal of Energy and Power Engineering, vol.6 no.2,

pp.250-258, 2012.

[3] A. M. Ihbal, H. S. Rajamani, R. A. Abd-Alhameed, and M. K. Jalboub,

“Investigation of tariff initiatives for peak load balancing at the domestic level,"
Transactions on Systems, Signals and Devices (Issues on Power Electrical

Systems), (Accepted).

[4] A. M. Ihbal, H. S. Rajamani, R. A. Abd-Alhameed, and M. K. Jalboub,
“Optimization of electricity tariffs for peak load balancing at the domestic

level," Journal of Electric Engineering (JEE), (under review).

200



B.1. 2 Conference Papers

[1] A. M. Ilhbal, H. S. Rajamani, R. A. Abd-Alhameed, and M. K. Jalboub,
"Statistical predictions of electric load profiles in the UK domestic buildings,” in
Energy, Power and Control (EPC-IQ), 2010 1st International Conference on,
2010, pp. 345-350.

[2] A. M. Ihbal, H. S. Rajamani, and M. K. Jalboub, “Electricity load profiling for
the Domestic Buildings”, the Libyan Arab International Conference on
Electrical and Electronic Engineering (LAICEEE-2010), Tripoli, October 23-
26, 2010.

[3] A. M. lhbal, H. S. Rajamani, R. A. Abd-Alhameed, and M. K. Jalboub, "The
influence of different tariffs schemes on electricity consumption for the UK
domestic buildings,” in Systems, Signals and Devices (SSD), 2011 8th

International Multi-Conference on, 2011, pp. 1-6.

201



B.3.1

Journal of Energy and Power Engineering 6 (2012) 250-258

B. 2 Selected Author Publications papers

PUBLISHING

The Generation of Electric Load Profiles in the UK

Domestic Buildings through Statistical Predictions

Abdelbaset Thbal, HS Rajamani. Read A. Abd-Alhameed and Mohamed Jalboub
School of Engineering, Design and Technology University of Bradford, Bradford BD7 1DP, UK

Recetved: February 11, 2011 / Accepted: June 09, 2011 / Published: February 29, 2012,

Abstract: Various forecasting tools exist for planners of national networks that are based on historical data. These are used to make

decisions at the national level to meet a countries commitment to CO, emission targets. However. at a local community level. the

guidance is not easily understood by planners. This work presents for the first time a methodology for the generation of realistic

domestic electricity load profiles for different types of UK houscholds for small communities. The work is based on a limited set of data.

and has been compared with measurement. Daily load profiles from individual dwelling to community can be predicted using this

method. Results have been presented. and discussed.

Key words: Electricity load profile, demand side management. energy consumption, electrical appliances.

1. Introduction

In the UK the domestic sector accounts for almost
one third of the total electricity consumption. It
contributes the largest peak demand, particularly in the
winter season. which has consequences on the power
infrastructure [1]. Traditional forecasting methods look
at national energy profiles based on historic trends and
thereby determining the infrastructure requirements.
Recently, energy saving methods, and embedded
energy supplies via renewable or combined heat and
power, make it possible for local communities to
modify their behavior. In this paper, we present the
method of examining the energy profiles of small
communities that can be easily modified to give
reasonable indication of opportunities for bringing in
energy conservation into a community.

In order to achieve this. it is necessary to model the
local community energy profile based on a reasonable

set of data, which can be easily obtained by the energy

Corresponding author: Abdelbaset Ihbal. Ph.D.. research
fields: load modeling and forecasting. demand-side
management and power system and renewable energy. E-mail:
a.m.1.ihbal@Bradford.ac.uk.
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consultant of the community. A literature review shows
that number of surveys and measurements have been
done in the domestic energy sector [2-6]. There also
have been a number of models proposed [1, 7-11].

A number of data sources have been identified in the
literatures that form the basis of such modeling. An
energy monitoring campaign was undertaken by
Newborough et al. [2]. where the energy demand data
of 30 homes were collected in order to compute
electricity demand emanating from individual
dwellings to reduce the peak demand. A survey of a
sample of more than 1000 adults was conducted via a
questionnaire in the south east of England in order to
collect data on ownership levels of appliances,
Usage-patterns, et al. [3]. Other researchers when
modeling domestic energy in the UK have used the
results of their study.

A measurement of electrical energy consumption
profiles for the social sector in the UK, obtained over a
period of 2 vears, was presented by Kreutzer and
Knight [4]. The measurements were all obtained at 35
minute intervals. Annual energy consumptions, daily

and overall profiles were derived for the dwellings
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from the data. An occupant survey was undertaken
among the people living in the monitored dwellings in
order to create a link between the energy consumption
profiles and socio-economic factors. The monitored
dwellings were categorised on the subject of floor area.
number of occupants and ownership level of electrical
appliances.

The Swedish Energy Agency recorded appliance
consumption data of individual appliances for 400
households in order to understand where and how
measures should be taken to increase the number of
energy efficient appliances in the homes [5]. The
patterns of electricity consumption and how occupancy
and housing characteristics affect domestic electricity
use for 27 homes in various locations throughout
Northern Ireland (city. town and village) were studied
[6]. The results of this study showed that there is a
strong correlation between average annual electricity
consumption and floor area.

Previously. household load profiles have been
generated based on detailed information on occupant
behavior, and on number and usage of domestic
appliances [7]. The model was based on the main
factors of occupant availability. their activities and
appliance ownership.

A simple method of formulating load profile (SMLP)
for UK domestic buildings was presented in Ref. [8].
The input data of the model was based mainly on
public reports and statistics, such as the composition
of households and average energy consumption of
appliances per capita.

Paatero and Lund [9] presented a method for
creating domestic electricity load profiles at individual
household level. It is a bottom-up model where the
household load comprises of individual appliance
groups. The input data of the model was based mainly
on public reports and statistics.

A generalized tool to assess the response level of
domestic consumers to measures is given in Ref. [1]. A
method to generate the load profiles for household

electricity consumption was presented and the impact

of different electricity tariffs was shown.

Armstrong [10] presented a set of three annual non
HVAC (Heating, Ventilating, and Air Conditioning)
load profiles at five minutes time interval for each of
three target Canadian households (low. medium and
high energy detached). based on a limited amount of
available information [10].

Richardson [11] presented a high resolution model
of domestic electricity load profile. This model was
based on both of occupancy patterns (when occupants
are at home and awake). and profiles of daily activities
that describe how occupants spend their time
performing certain actions. One minute time interval
synthetic electricity load data was generated
throughout the simulation of domestic appliances use.

In this paper. a methodology is presented that
initially creates a virtual community of households in a
small community based on survey of a similar
community, and then predicts the energy behavior of

each household, and hence of the community.

2. Methodology

The identification of the pattern of energy uses of a
house and the prediction domestic load profile is an
essential in order to match load shape to the power
generated, and also to predict the possible impact of
any energy management action directly on the daily
load profile.

The electrical load profile is based on assumptions as
to the type of electric devices including appliances and
lighting. and their usage. Different households have
different lifestyles, which mean the shape of the total
load profile will fluctuate from house to house. and

from day to day.
2.1 Primary Data Sources

The inputs of the electricity demand profile
generator being presented here are:

* Demographic information: The information on
the type of households is required such as the number

of adults, working people, and number of children:
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* Annual electricity consumption patterns: Includes Table 1 Household type.
ownership level of appliances, and total energy Type of houschold Percentage share (%)
consumption of certain appliances: Single adult without children 15
. . . L Single adult with childs 6
¢ Daily occupancy information: This is the %ﬂg €8 L? Wit elaren
. . ) Single retired adult 15
behaviour of occupants in households with respect to Two adults without children 2
their usage of appliances and lighting on a daily basis. Two adults with children 19
2.1.1 Demographic Information Required Two retired 9
The census data available at the UK Office for Two adults or more without children 8
. .. . . Two adults or more with children 4
National Statistics (ONS) is used as the primary Total 100
information [12]. The UK had a population of 61
Table 2 Average energy consumption of electrical

million in 2008 and a total of 25 million households
appliances in the UK [3].

with an increase of almost 0.6 per cent on 2006. The

Average annual Average annual
average household size is 2.4. Table 1 shows the Appliance consumption per consumption per
household composition in 2008 by the type of : houschold (kWh/day) capita (kWh/day)

‘ Electric hob 1.33 0.39
households [12]. The largest component is the two Electric oven 0.74 0.22
adult households with no children constituting 24%. Microwave oven  0.23 0.07
For this generator. we have chosen to use household Refrigerator 0.82 0.33
. .. ; . 55
types as scenarios for prediction. Freezer 1.9 0.33
212 A 1El ity © ion P Television 0.91 0.27
2.1.2 Annual Electricity Consumption Patterns Video recorder 03 0.00
The information of the average daily consumption Dishwasher 1.72 0.48
for major appliances in the UK household is obtained Washing machine 0.8 0.2
from Mansouri [3]. who carried out a survey. The Tumble driers 0.78 0.28
. . . Electric kettle 0.78 0.28
information gives the type and the average annual
] Iron 0.3 0.09
consumption per household per day, the average annual Vacuum cleaner  0.15 0.04
consumption per capita per day and the ownership level. Miscellaneous 1.1 0.33
Table 2 lists the average energy consumption of Computers 0.5 0.3

appliances in the UK. The consumption is given by

households as well as by per capita. The ownership

levels are also presented by household.

Fig. 1 shows the ownership level of domestic
appliances in the UK. This information is obtained
from Ref. [3]. and was updated using data from the
Department for Environment Food and Rural Affairs
(DEFRA) [13]. The tags marked by “*” are the updated

ones.

Ownership Level | %)

2.1.3 Daily Occupancy Information
The daily occupancy information available in

literature is limited, so simpler assumptions have been

made for each scenario. Although the demand for cold
appliances normally varies during the duty cycle of the

Appliance Type

appliance, the assumption of constant load is assumed

sufficiently accurate [14]. the remaining appliances will Fig. 1 Ownership level of domestic appliances.
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have discrete events where the appliance 1s switched on
and utilized. A questionnaire was designed for this
purpose.

The objective of the questionnaire was to collect
specific data to find out when and how many occupants
switch on electrical appliance in different times of the
day. The results of the survey will help us to get
probabilistic estimates of usage of electrical household
appliances. The questionnaire contained two sections.
The first requests general information about the
household to give an overview of provision household
type and occupancy patterns. The second section
requests general information about the use of electric
appliances to collect specific data on when and how
many do occupants switch on electrical appliance at
different times of the day.

The questionnaire survey was distributed among 86
household in the BD7 area in Bradford. The results are
discussed later.

Due to the lack of household occupancy pattern
information, it is necessary to make assumptions for
the most common scenarios of household occupancy
pattern in the UK. Eight scenarios of occupancy pattern
have been assumed according to household type given
in Table 3.

2.1.4 Daily Energy Consumption of Appliances

The daily
appliances for different types of household can be

energy consumption of electrical
calculated based on average annual consumption per
day (per capita or per household depending on the
scenario). In order to generate appliances load profile
the following assumptions have been made:

* Each household has only one of each appliance
listed above:

* The weekend hourly load curves have been
equalized to those for the workdays for calculation
simplicity:

* The heating and hot water systems are provided
by means of natural gas. Although the boiler uses
electric powered burner. the electric consumption of

this burner is too small and has not been considered.
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2.2 Electric Lighting Patterns

The electric light depends on the occupancy pattern
and is highly affected by daylight condition (season)
and the presence of active occupants, e.g. in winfer,
people need to switch on the artificial lighting in the
morning for the activities but in summer due to the
daylight no artificial lighting required. The following
equation can be used to calculate the electric lighting
energy consumption (£;):

E =N, xE, (1)
where N is the number of light bulbs per household
distributed between bedrooms, kitchen, living room,
bathrooms and others and E,p is the energy rating per

bulb per hour.
3. Generating the Profile
3.1 An Area of Study

In this study. we are generating a load profile for an

assumed community of 400 households.
3.2 Household Tipe Allocation

To get a picture of the demographic characteristics
of the area in order to allocate different numbers of
households, calculation was based on the percentage
share of UK household (Table 1). Fig. 2 shows the
projected number of households of the assumed
community.

The physical location of the households was then

allocated randomly using Excel’s rand function.
3.3 Ownership of Appliances Allocation

The appliances are physically allocated to
households based on the national ownership level (Fig. 2)

and using the random function.
3.4 Time of Use Probability Profiles

Fig. 3 shows the probability of first usage times per
day for electric hob for the single adult household that
resulted from questionnaire survey analysis. This data

is obtained from the questionnaire survey of BD7. In



254 The Generation of Electric Load Profiles in the UK Domestic Buildings through Statistical Predictions

Table 3 Scenarios profiled & occupancy assumptions.

Scenario  Household type Unoccupied period & assumptions

1 One working adult 08:30 to 18:00

2 One retired House is occupied all the time.

3 Silt; i?]?il:lren 08:30 to 13:30. the occupier is a part time working.

4 Two working adults ~ 08:30 to 18:00

< Two working adults 08:30 to 13:30. one adult has full time job. Other may have a part time job in morning to take
- with children care of the children after school.

6 Two retired House 1s occupied all the time.

7 Three adults or more  13:00 to 18:00, two members have full time job: the other has a part time job in the afternoon.

8 Three adults The house is occupied all the time, two adults have a full time job and the other one is retired.

with children

Ho. of Houszholds

T T T T T T T 1

1 Lretirsd Ladult 2 2aduts 2 3zdults 3adults
working adul:  with  working  with  retireds or more ormare
adult children adults zhildren wth
children
Fig.2 Projected numbers of households.
Q.6 1
09
05 | 0s
07
0.4
S 06
| 03 05 &
= o
g 04
0.2 + L o3
01 - 02
01
0 - 0
06:00-06:3006:30-07:0007:00-07:3007:30-08.0008:00-08.30
Time of Usage

Fig. 3 Probability & cumulative distributive function of
first usage times per day for the hob for the single adult
household.

other words the behavior is being predicted on the basis
on a particular community. Hence, the assumption 1s
that the 400 household community has similar behavior
with respect to appliances as the BD7 community.
Similar graphs for other appliances and types of
households have been obtained via the survey. The
graph (Fig. 3) is used to allocate the time usage for the
single adult households who have already been
allocated an electric hob.
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For lighting, the winter and summer aspects are
included in the modeling. For other appliances the

assumption is that the behavior 1s the same.
3.5 Electricity Demand Profile Generator

The random profile generator is mmplemented n
Excel at half hourly basis in order to generate electrical
load profiles. Fig. 4 shows the outline of the generator.

The number of households in the community is the
initial input. The number of household types is then
calculated using external data from the UK national
statistics giving the composition of households. The
household type is then distributed in the community in
a random manner reflecting the reality of a community.
The appliances for household types are then
determined using external data on ownership levels.

The appliances are then distributed again in a random

| MNos. of Households, date I

The UK national
composition of househaold.

Caleulate number of each
household tvpe.

Distributing the
houscholds RANDomly

Appliance Ownership
levels (%)

Determine the appliances
per houschold tvpe

Distributing appliances to
locations using RAND.

Cdf for each appliance

Allocating time usage of
per tvpe of household

appliance with CDF

Energv EonsUmpHDNLer Generate Half Hour load
appliances Profile for each appliance

| Caleulate energy profile J

Fig. 4 Framework of producing a typical household load
profile.
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manner. The time usage of each appliance is then
predicted using the cumulative distributive function
that was previously determined by survey of a similar
BD7 Bradford. Finally the

consumption of each appliance from external data base

community energy
is included so that the total energy consumption can
then be computed. The summation of the whole
community can then be done to determine the

community load profile.

4. Results

As an example of the functioning of the load profile
generator. typical half hourly load profiles have been
generated for the community that was used in this
study. Various results have been obtained. In this
paper we submit some results of interest.

The energy profiles of the eight scenarios of
households have been produced and the averages are
calculated for each household type and plotted in Fig. 5.
Note that the random nature implies that results are only
particular to the instant.

All except scenarios 2 and 6 show the typical small
peak in the morning and a significant peak in the
evening. The reasons for this are that the two scenarios
are about retired people. Typically they have high

energy consumption during the daytime. In scenario 3,

a third peak is visible in the afternoon as one of the
occupants has a part-time job so as to return from work
to take care of children retwrning from school.
Scenarios 3, 4. 5. 7 and 8 show similar magnitude of
energy consumption despite different occupancy.

Fig. 6 shows the energy consumption of the whole
community giving the maximum, average and
minimum daily possible values. This was done by
running the profile for 23 mmns (i.e. random days). The
two adults with children households and the two
working adults households contribute to the most
energy consumption which accounts for about 28% and
21% of total domestic energy consumption respectively.

Fig. 7 shows the total daily energy consumption in
the particular community of 400 households. The
energy usage in the early moring period 1s very low
as would be expected due to few electric appliances
being on. The initial peak of about 120 kWh occurs at
around 8:00 hrs when breakfast occurs. The energy
consumed then remains almost level at 50 kWh with
only a slight increase as children return from school.
After 17:00 hrs. there is a significant increase in
consumption as people return home. This remains high
until around 21:00 hrs when it starts falling. The
maximum and minimum are seen to be significant in

the evening period varying by 15% at the highest peak.

2 ap
1+ Single working adau 1L Single Retired
nal -
i £ ool
]
5 o.ar- 5 oar
=2r w2 /\M
% =z B s E 10 iz 1s 8 i =0 2z 23 o 2 4 5 2 10 12 14 16 18 20 2z 23
Haour of Day Hour of Day
12 ap
it Single adult witn children 1= Two working adutts
i [-E-1 53 2‘ o.8F
ael T eer
oal & oal
0zl szt N
DD 2 4 & 8 10 12 14 16 18 20 22 23 uu 2 4 & a8 10 12 14 16 18 20 22 23
Hour of Day Hour of Day
[ 12
r Two adults with chiidren i Two Retirea
Z osef osl
H H
‘; os - o8l
£l o
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a T . n , : n . \ | . - s
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household community.

5. Comparison to Measured Data

A typical English terraced three storeys house with a
total floor area of about 100 m” was selected for the
electricity consumption monitoring. The number of
occupants in the house is six (two adult and four
children who are of school age). One of the adult is a
full time student. the other one is a part time working in
the morning period in order to take care of the children
after school.

The monitoring took place during the period January
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2010 to December 2010 in BD7 area in Bradford. in
Northern England. This is the same location where the
survey was conducted. The house space heating,
domestic hot water (DHW) and cooker have been
provided by means of gas. The total electricity
consumption has been measured and monitored at a
high resolution (1 min interval). The data were
collected by using OWL Wireless Energy Monitor
enabled

electricity consumption in kWh during one minute

which remote downloading of stored
interval. The data are transmitted periodically to a
computer via a USB receiver and displayed using OWL
Home Energy Monitor program. The collected data are
exported as a CSV file that can be opened up with
spreadsheet type applications. The data presented are
for one complete year and enclosed over 400,000
individual data values. The daily load profiles logged at
1 minute interval are averaged over 30 min time
interval (this has been done in Microsoft Excel

spreadsheet).
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Fig. 8 shows the measured data from the household
compared with one predicted by the profile generator.
The averaged half hourly load profile from the
measured data has shown a reasonable agreement
compared with the generated load profile for the same
household type (i.e., scenario 5; two adult with children
household). The average daily electricity consumption
from the measured data is about 9 kWh, and about 11
kWh from the generated load profile for the same
household type. The profile from monitored data is
slightly lower than the generated profile because the
cooker have been provided by means of gas and the
household does not have some appliances such as
dishwasher and tumble dryer.

It can be seen that the base load of the demand
occurs overnight and is mainly from cold appliances,
continuous appliances and appliances in standby mode.
The initial peak occurs between 6:30 hrs and 8:30 hrs.
The second peak occurs between 13:30 hrs and 15:30
lus as one of the occupants returns to take care of the
children. Finally. the peak in the evening occurs as the
family returns.

The significant difference that occurs after 21:00 hrs
indicates that the occupants of the household do not
reflect the typical behavior of British households. This
is verified to be true as the nationality of the occupant is

non-British.
6. Discussion

The results are primarily based on a combination of
the statistical data. and a survey. The higher the
accuracy required, the more detailed the two input
streams would have to be. In this example, the survey
was done with only sixty two participants. With this
information, it was possible to profile a “similar”
community of four hundred. For a community that
may be different from this, we would require the
survey to be conducted in a community similar,

The results show which category of household
contribute most to the peak. It is possible therefore to

focus energy conservation to those households first
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Fig. 8 Comparison of modelled load profile to measured
data.

rather than the whole community which may be too
costly. This feature of the tool is useful to consultants.

The variations in the daily usage between maximum
and minimum indicate that there must be opportunities
for behavior change with respect to time of use so as
to result in less peak demand.

As the energy demand is definitely at peak evening
period. the feasibility of introducing renewable energy
must be considered with respect to evening operation.
As such this naturally excludes photovoltaic unless
significant storage is provided with the photovoltaic.
This analysis using the tool is suggested before any

energy technologies are introduced into a community.

7. Conclusions

A generation tool to predict electricity energy
scenarios for small local communities has been
presented for the first time to help local planners decide
on measures such embedding renewable energy and
demand management. This is in confrast to powerful
national prediction tools able to give overview and
remaining out of reach of local planners.

The inputs are based on a limited set of statistical
data of household types. and of ownership levels, both
of which are available in the public domain.

The scenarios are made relevant to the communities
being investigated by carrying out a straightforward
survey of consumer behavior in similar communities.

The differences between eight types of households
show that occupancy has a significant impact on energy

consumed. Local planners could modify this, if their
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community household differs from national, to help
plan for their communities.
The tool has been compared with measurements of a
single household, and shows reasonable agreement.
Type of building could be incorporated into the tool
so that scenarios involving incentives of building stock
could be studied.

8. Future Work

The tool has been used to study measures that could
be used to reduce energy consumption. The results will
be published when available.

The tool i1s also being used to carry out an
investigation into the possible influence of different
tariff schemes on consumer behaviours in UK domestic
buildings.
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ABSTRACT

Electricity Suppliers in competitive electricity markets
commonly respond to prices changes which are
fluctuating over time, but most consumers respond to the
price changes as reflected on their electricity bills.
Almost all consumers pay fixed tariffs for their
consumption without distinctions based on usage time, so
these consumers have had no incentives to reduce their
use during the peak times. This paper aims to analyze the
influence of different tariff schemes on consumer
behaviours in UK domestic buildings. A realistic half
hourly electricity load profile for different types of UK
households that based mainly on public reports and
statistics has been generated. This load profile data were
used to help calculate the expected change in consumers’
bills under standard tariffs offered from different
suppliers to what the cost of electricity would be under
time varying tariff (economy?7 tariff) and to estimate of
how much consumers would shift their load in response
to price changes without changing total consumption, for
which the results are presented and discussed..

Index Terms— Tariff, electricity consumption, load
profile

1. INTRODUCTION

The recognition of the pattern of energy uses of a house
and the prediction of domestic load profile is a vital in
order to match load shape to power generated, and also to
predict the possible impact of any energy management
action directly on the daily load profile. The usage of
electrical appliances is associated to the occupancy
period. The total energy load profile can vary
significantly from time to time depending on number of
occupants, their behaviours and the unoccupied period
during the day. In the UK the domestic sector is
accountable for almost one third of the total electricity
consumption. It contributes the largest peak demand in
winter season, which is hurting the available power
infrastructure, and meeting the peak demands in winter is
progressively more costly and high price spikes is seen
[1]. The domestic energy consumption in the UK can be
divided into three categories: space heating, domestic hot
water, lighting and appliance. The usage pattern varies
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depending on many determinants, such as weather,
household composition, income, behaviour patterns of
occupants; etc. The consumption per time interval is the
sum of many consuming appliances. The load of a typical
appliance connected to the grid is fluctuating over time
and depending on time of usage. This results in a
fluctuating electricity demand during a day and during a
week,

Under competitive electricity markets condition, if

rational electricity tariff to consumers is determined,
consumers could be encouraged to modify style of their
consumption in response of financial incentives.
Consequently we can achieve the objective of making
load in a more steady level and recovering the stability
and efficiency of the power system. As one of power
prices to consumers, TOU electricity tariff is extensively
applied in many countries. Furthermore, it is one of
significant tools of demand side management (DSM)
which encourage consumers to adjust their consumption
during the high demand periods [2]. Time varying tariffs
offer smart off peak rates, but relatively high peak rates.
TOU tariffs for domestic consumers were first begun in
1965 and led to a exceptionally significant growth of
electric storage water heaters and the resultant growth of
off -peak consumption [3]. In the UK; Economy 7 is the
familiar scheme for domestic consumers. It is a cheaper
night time electricity tanff which normally operates from
midnight where seven hours of low tariff electricity at
night.
For a Time varying tariffs to be valuable, advanced
metering infrastructure (AMI) which carries capability to
display real time prices .The availability of such
information will allow consumers to respond o the variant
in electricity tariffs. This is generally known as demand
response [4].

There have been numerous investigations dealing with
domestic electricity consumptions load profiles and
electricity prices in the UK [5-12]. A monitoring
campaign was undertaken by Newborough [5] where the
energy demand data of 30 homes have been collected in
order to modulate electricity demand emanating from
individual dwellings to reduce the peak demand. A
survey data among a sample of more than 1000 adults has
been conducted and a questionnaire was designed in the
south-east of England in order to collect information from
consumers about environment, Ownership of appliances,
Usage-patterns, and etc [6]. The result of this study, such
as ownership level, and total energy consumption of



certain appliances are generally used when modeling of
domestic energy is carried out for the UK. A simple
method of formulating load profile (SMLP) for UK
domestic buildings was presented by R. Yao and K.A.
Steemers [7]. The input data of the model was based
mainly on public reports and statistics, such as the
composition of households and average energy
consumption of appliances per capita. The UK average
size household (3 persons) was selected as an example of
the implication of this method.

Paatero and Lund [8] presented a method for creating
domestic electricity load profiles at individual household
level. It is based on a bottom-up model where the
household load composes individual appliances/appliance
groups. The input data of the model was based mainly on
public reports and statistics. V.Hamidi and F. Li [9]

household) and ownership level of appliances
[6].
Table 1 list the type of households in the UK for the year
2008 [11] and table 2 lists the average energy
consumption of appliances in the UK [6, 12].

Due to lack of information about occupancy pattern of
households, eight scenarios which present the most
common scenarios of household occupancy pattern in the
UK were proposed based mainly on public reports,
statistics and questionnaire data in order to generate
realistic load profile for different consumers.

Table 1.Type of households
Type of Household Percentage Share (%)

Single adult without

children 15

presented a generalized tool to assess the responsiveness
level among domestic consumers by studying load
profiles for different domestic consumers which are
composed of power consumption of end-use appliances
and also showed the impact of different electricity tariffs
on the load profile of domestic consumers. A 1992 study
was carried out by the Electric Association in the UK.
stated the most of consumers favoured a TOU tariff, and
modified their energy usage. As likely, energy usage was
reallocated to the less costly off peak period, while the
whole monthly consumption remained reasonably
constant [10].

This paper focuses on generation of different
households load profiles in the UK domestic buildings
and shows the impact of different electricity tariffs on
consumers’ behaviours.

2. HOUSEHOLD AND PROFILES

The UK has a population of 61 million in 2008 and a total
of 25 million households with an increase of almost 0.6
per cent on 2006. Since 1971 the population has
increased by 5.0 million. The average household size is
24.

A realistic half hourly electricity load profile data for the
UK domestic buildings excluding the heating and hot
water systems has been generated. The space heating and
hot water systems are assumed to be provided by means
of natural gas.

This profile is based on the information and results of

Single adult with children | 6

Single retired adult 15
Two adults without n
children

Two adults with children | 19

previous investigations and works that is
public reports and statistics. The produced electrical load
profile is based on engineering assumptions as to the type
of appliances owned and lighting that are in the house
and when the occupants are likely to switch them on. The
different  households  have  different

consequently, the shape of total load profile will I
from house to house and day to day. The inputs of
electricity demand profile generator are:
s The Census Demographic data which available
from the UK Office for National Statistics
(ONS) [11].
e Average annual electricity consumption of
certain appliances (kwh/day per capita or

Two retired 9
3 adults or more without
. 8
children
3 adults or more with
. 4
children
Total 100
Table 2. Average energy ion of electrical appli in
the UK [6, 12]
Applisnce | Av. Annual Cons. | Av. Ansusl Cons. | Ownership level
Per Household Per Capita
fnbiday) (kwhiday)
Electic hob 133 039 55
Electnc oven on (3] o4
Micxowave ovem 35 007 2
Befiigerator 082 033 5
Treezes 13 055 55
Froge fieeaer 19 036 58
ilable in televasion 091 o o7
Video recazder 03 009 i
[E— L0 048 16
Wihackise o8 02 8
lifestyle; Tumble drver 0 018 "
Electrc Kettle om 028 o7+
™ 03 009 100
V' cleaner 015 004 100
incelbneons i 033 ]
Cougptert 5 3 7

2.1. Time of Use Probability Profiles
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In order to create sensible load profiles, knowledge of
occupancy patterns is required. The occupancy
information was limited, so simpler assumptions have
been made for each scenario. Although the demand for
cold appliances normally varies during the duty cycle of
the appliance, the assumption of constant load is assumed
to be sufficiently accurate [13), the remaining appliances
will have discrete events where the appliance is switched
on and utilised. The usage time and probability of
occurrence of each appliance was distributed randomly
based on the occupancy period. The time of use
probability is determined based on the questionnaire data
survey analysis for a case study region. Figurel shows
the probability of first usage times per day for electric hob for
the single adult household that resulted from questionnaire

survey analysis. The lighting load was dealt separately.

CDF

06:00 :0007:00-07: 08:30

Time of Usage

Figure 1. Probability of first usage times per day for the hob for
the single adult houschold.

Table 3. lists the most eight scenarios of likely
occupancy period in the UK houses.

Table 3. Most common scenarios of likely occupancy period in

the UK houses
Scenario | Household Unoccupied Period

Type

1 single working | 08:30 to 18:00
adult

2 Single retired The house is occupied
adult all the time

3 Single adult 08:30t0 13:30
with children

4 Two working 08.30to 18.00
adults

5 Two adults with | 08.30t0 13.00 '~
children

6 Two retired house is occupied all

the time

7 Three adults or | 13:00 to 18:00
more without
children

8 Three adult The house is occupied
household with | all the time
children, one
occupant is
retired.

2.2. Electricity Demand Profile Generator

A random profile of each individual appliance for each
scenario was generated using Excel random profile
generator which based on probability that enable us to
predict the possibility of each consumer to run a number
of appliances on a certain time of the day for different
occupancy scenarios by describing the behaviour of each
appliance which based on a probability between (0& 1).
The usage time and probability of occurrence of each
appliance was distributed randomly based on the
occupancy period. The aggregation of the whole random
profiles for all appliances will generate a daily
consumption load profile for a known scenario. Fig 2
shows the framework of generating a typical single
household load profiles.

The daily energy cc d by each appli
calculated using one of the following equations:

is

E,=NxYE,. )

En = ZEnpﬁ (2)

Where E, is the daily energy consumption of household
delivered by appliances; N is the number of occupants,
E. is the appliance energy consumption per capita and
Epn is the appliance energy ¢ ption per household.

The load profile for the whole community was calculated
using the equation:

LoGd = 3 E, O

Where; Load communiy 18 the load profile for the whole
community; Ej is the half hourly load profile of

household of type j.
Households Average Households Adingle Household
Load Profiles Load Profile after Load Profile for
P randomized N times asch Scanorio
0 Eay
[ o] Ba = 5o
el Ea2
£y & il =y o
f !
[e | Eaj
s bl Ealj= 5 :f AH;

Figure 2. Framework of producing a typical single household load
profile

The average load profile for a single household for the
whole community (eight scenarios together) is calculated
by averaging the summation of the averages of all
scenarios. The modeling results for the whole scenarios
are shown in Fig 3.
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tariff offered by one of the five suppliers [15].

on 9th Jul 2010) and tables 5 lists the economy 7

Table 4. Economy 7 electricity tariffs by Sainsburys energy

supplier
Brand Rate
Band A (1000 kWh each year) 23.8p
Band B kW 11.21p
Night kWh 5.03p

Table 5. Standard electricity tariffs offered by five suppliers

N
LERED R

Figure 3. Average half-hourly daily consumption for the whole
scenarios

3. TARIFFS STRUCTURES

The consumers can help a utility by means of demand
side management program if they are offered the right
incentives.

Today in UK, most consumers have charged at standard
electricity tariff for their consumption regardless of time
of use. The standard tariff has currently two types:
Standing charge tariffs and two tier tariffs. On the other
hand, many UK suppliers have provided E y 7

apower Athatic Saimsbarys Brtish Seottish Power
Electric& Energy Gas
Gas
Standing | 0 84N0paday |0 [ 13300 paday
Charge w7 fipe 12 14per
quanerine. quarterinc.
VAT VAT
Tirl | W0lpkvh | 11883plwh | 1990pksfor | B3T60pk | 102250pkwh
forthefirst | ine. VAT thefirst whiorthe | inc. VAT
Pkwhinc. H0whine. | frst 500
VAT VAT kehine.
VAT
Tier | 1350pksh | 0 S¥iplenfor | 9172pkvd | O
fortherest therestinc. fortherest
ine. VAT VAT inc. VAT

The Band A day rate will apply to a block of 1000 kWh
each year ( e.g. for an electricity bill covering three
months the first 247 kWh will be charged at the band A
rate, all extra day kWh will be charged at the band B
rate). Night ¢ ption will be supplied for a total of 7
hours between 10pm and 8am (actual times set by the
local network operator) and these will be charged off the
night kWh rate.

4. RESULT ANALYSIS AND DISCUSSION

A typical half hourly load profiles for UK households for
different household types have been generated using

tariff. Economy 7 tariff is a cheaper night time electricity
tariff which normally operates from midnight where
seven hours of low tariff electricity at night. During the
night period, electricity costs lower than the standard
daytime tariff. To shift more energy consumption into the
night, some main appliances such as, washing machines,
tumble dryers, kettles or dishwasher cycle, electric boilers
and heater might be configured to run during the night
period tariff.

To examine the consumer’s behavior in response to the
tariff changes, consumer’s quarterly electricity bill under
different electricity tariffs schemes offered by five
suppliers in the UK is calculated. Tables 4 list the
standard tariffs plans offered by five suppliers (Source:
http://www.ukpower.co.uk/home_energy/compare_electri

I method. The daily energy consumption load
profiles of electric appliances and lighting loads have
been generated individually.
The average half hourly daily energy consumption of a
each household type (scenario) is obtained by aggregating
the electricity consumed by appliances and lighting at a
specific time. The average magnitude of electricity
consumption at 30 min intervals of a typical day for each
household type was sought. These averages reflect the
typical daily consumption for a given scenario. With
availability of these results, different scenarios of
consumer’s bill under standard tariffs offered from
different suppliers and economy 7 tariff were calculated
in order to understand the benefits of economy7 tariff
plan by changing the level of load shifts. due to
need to und d more about standard
electricity tariff before choosing their suppliers, a
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comparison between electricity bills  for different
consumers under standard tariffs offered by five suppliers
has been made. Fig 4 shows how different standard tariff
plans would affect of choosing their suppli
e.g if the consumer in scenario 7 is being supplied by the
first supplier. So, £30 (19%) would be saved in his
quarterly bill if he transfers his supply to fourth supplier.

St &nz  &m3  Sad  Smb  S;E K] S

Figure 4. Quarterly consumers’ bills using different standard
tariff plans from different suppliers for the whole scenarios

The electricity bills under a proposed demand side
management by configurating some main appliances
such as, washing machines, tumble dryers, Kettles or
dishwasher cycle, electric boilers and heater to run during
night tariff period were calculated. The proposed
percentage of the load shifted to night period is ranged
from 10% to 50% without changing the total daily
consumption. The percentage savings in quarterly
consumer’s bill using economy 7 tariff compared to
standard tariff is listed in table 6.

Table 6. Percentage savings in quarterly consumer’s bill using
economy 7 tariff compared to standard tariff

LTI T Seamties
hifeds 77 3 | 4 s 78
sigh I N I L I |
peried ]

0 79 78| 09 | ass| ia ] -38] 410 -0
0 T 167 [a6s| a6 aaa] 29| .o a7| 6
5 e |59 60} 32| 61| 95| 60| 39
20| s as3| 43| 9| a4 81 43( 42
5 | az | 46| 27| 07| 27| 7] 27| 25
30 42| .40 0| 94| 1] 52| -0 08
3 436 | -134| 06| 82| w06)| 38| 07| 09
H Jasmo|aaz| 22| 70| 22| 24] 24| 26
% 23| 21| 39| s7| 39 0] 40| a3
50 |17 | -i4] 551 43| 56| 03] 371 39

As shown from table 6, the difference between
consumer’s ¢ bill under standard tariff and the expected
economy?7 tariff bill was calculated for each household
type (scenario). Positive difference indicates that the
expected economy? tariff bill would be lower than the
actual standard tariff and thus indicates that the
household is not expected to benefit under the new
economy? tariff. Similarly, negative differences indicate
that the expected bill under economy?7 tariff would be less
than the actual tiered costs, and thus the household would
be expected to benefit naturally under the economy?

tariff. The single household consumers who have small
power consumption (scenarios 1,2 and 4) do not appear to
benefit from adopting economy 7 tariff, as a result of that
economy? tariff can only be adopted for scenarios
3,5,6,7 and 8. From fig 5 it can be seen that with load
shifting of 35%, economy 7 tariff can be adopted only if
the daily consumption is about 11.5kwh and that with
load shifting of 50%, economy 7 tariff can be adopted
only if the daily consumption is nearly to 9 kwh.

—35%of load shified
e 40% 01 load shifted
i 45%of load shifted
& oo syt inashifeed <
21

% of Quarterly Bill Savings

Figure 5. Relation between consumed load and bill savings
using different percentage of load shifting

The percentage savings in quarterly consumer’s bill using
economy 7 are shown in Table 7.

Table 7. Percentage savings in quarterly consumer’s bill using

economy 7
%  of | Scenarios
load 3 e s s J7 I8
shifted <
to night " Saving
period
0 00 |00 00 Joo Joo [o0o0
10 30 |25 |30 [21 |30 |31
15 45 |38 |44 |32 |45 |46
20 60 |50 |59 |43 160 |6l
25 75 |63 |74 [53 175 |16
30 90 [75 [89 |64 |90 |92
35 105 (88 |104 |74 105|107
40 120 | 100 [ 119 |85 120 | 122
45 13.5 | 11.3 | 133 9.6 13.5 13.7
50 150 | 126 | 148 10.6 15.0 153

5. CONCLUSIONS

In this paper the Influence of the changes in electricity
tariffs on electricity ption have been p 1. A
realistic half hourly electricity load profile for different
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types of UK households that based mainly on public
reports and statistics has been generated. The generated
load profile has shown a reasonable agreement compared
with the typical national load profile.

From the results it is shown that with elegant d d

[11] Social trends, No. 39-2009 edition, Office of
National Statistics [Online]. Available: .
http://www.statistics.gov.uk/downloads/theme_social
/Social_Trends39/Social_Trends_39.pdf.

[12) Annex 12: Domestic Cooking Appliances.[Online].
Availabl

management (DM) and adopting economy7 tariff, the
peak load can be modified to a suitable level to alleviate
the insufficient of power supply. Moreover, consumers'
bills can be reduced which would support them to adopt
time varying tariffs without excessive discomfort to the
consumer.

However, the savings depend mainly on some factors
such as tariff structure and the load characteristics of the
consumers. The consumers who have small power
consumption don not appear to benefit from adopting
economy 7 tariff. It can be seen by shifting the load to
night tariff period, from 13 to 15 percent can be saved in
the bill. The consumers need to understand more about
their energy usage before making a precise decision about
tariffs; as well they should understand the influence
diverse schemes might have on behavior. The analysis
helps to determine the suitability of adopting demand
response in the domestic sector.
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Appendix C

Explanation of algorithm

C. 1 Outline of how to produce households load profiles

Figure C.1 shows the outline of the load profile generator. From the figure, it can be

seen that the main inputs are the local community data (number of households) and

appliances data in the community is the initial input.
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Figure C. 1 QOutlines of load profile generation
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Figure C. 2 Households Data
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2. Calculate percentage share of household type based on questionnaire survey

1. Enter number of households in the community.
3. Calculate number of each household type.
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lonnaire survey.

Figure C. 3 Appliances time of use probability

4. Calculate the probability of a household carrying out a particular activity during a 24
hour period based on quest
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6. Generate a random number (between 0 and 1) using RAND() function and then

Figure C. 4 Random distribution of households
220

associate each value of RAND() function with possible value of cumulative

distribution functions (CDF) for the whole households.
7. Use VLOOKUP function to find the tag of specific probability resulted from RAND

5. Calculate the cumulative distribution functions (CDF) (e.g. 0.30
function.
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Figure C. 5 Distribution of appliances
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appliances which meet the given criteria (based on ownership level) (e.g. 18
COUNTIF($AX$44:$3AX$139,1)*'Main Appliance'!$G$14/100).

8. Use COUNTIF function to count the No. of randomized distribution of Households
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Figure C. 6 Calculations of half hourly load profile

Generate the half hourly load profile consumption for each appliance.

9.

10. Aggregate the whole random profiles for all appliances to generate a daily

consumption load profile for a known household.
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Figure C. 7 plots of the generated load profile

11.Plot the load profiles for each household type.
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