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Executive Summary 
 

The main objective of this report is to quantify the potential impact on peak demand in a 

typical section of a distribution network once domestic appliances are substituted with more 

energy-efficient alternatives. In order to develop planning assumptions, Distribution 

Network Operators (DNOs) need to forecast the effects of energy efficiency measures as 

part of long-term demand forecasts, particularly the effects of replacement of appliances 

with more energy-efficient appliances. Most importantly, energy efficiency assumptions 

should be translated into impacts on peak demands, which represent the key input 

parameter for distribution network planning. Furthermore, impact on network losses should 

be considered given that the largest proportion of network losses is in Low Voltage (LV) 

networks. 

Improving energy efficiency has been prominent on the energy policy agenda in the recent 

decades, because of its potential to reduce the investment in energy infrastructure while 

also reducing energy cost to consumers. In general, in order to establish a cost-benefit case, 

savings from implementing energy efficiency measures should be compared with the cost 

associated with achieving these measures. In the context household appliances, there is a 

broad agreement that energy efficient lighting and wet and cold appliances are likely to be 

economically efficient and deliver overall net benefits. This has driven the thinking behind 

obligatory labelling on new appliances for sale showing their energy efficiency, and 

obligations placed on energy suppliers to support domestic energy efficiency. While the 

potential for energy savings from energy efficient appliances is relatively well understood, 

the impact of a widespread uptake of highly efficient appliances on the peak demand in 

distribution networks has not been previously quantified with sufficient detail, and this 

comprises the key contribution of this report. 

Energy efficiency has become an integral part of appliance manufacturing culture. The initial 

success of the labelling scheme through the 1990s was founded upon the elimination of the 

worst performing appliances and modest changes in appliance design, largely centred on 

changes to programme cycle and temperature set points. Some contemporary appliances, 

however, appear to have undergone what approaches a bottom up re-design, and this 

represents a second generation in the development of energy efficiency. Given that the 

usage patterns of different appliances vary throughout the seasons and days of the week, 

predicting the effects of energy efficiency upon network utilisation is not a straightforward 

task.  

The Low Carbon London project has made a significant contribution to the field by 

undertaking a survey of appliances amongst 2,830 smart meter customers from a variety of 

demographic backgrounds in London. This further builds on previous published analyses and 

provides vital ‘new’ information related to ownership and use of appliances in households, 

including:  

 Ownership specific to different demographic grouping,  



 
 

5 

 Appliance ownership amongst smaller sample populations,  

 Times of the day at which appliances are used, and  

 Measured energy consumption by appliance type. 

The modelling approach adopted in this report uses detailed survey data from the 

household survey carried out alongside the Low Carbon London Smart Meter trial, to build 

accurate distributions of the number of appliances of each type in each household. This is 

combined with Office of National Statistics (ONS) data on daily household activities on one 

hand, and independently developed physical models of appliances on the other, in order to 

produce diurnal appliance load profiles. This can be thought of as bottom-up modelling, 

which simulates the activity of individual appliances in individual households and then 

aggregates and studies their effect on the distribution substation. The effects of appliance 

technology substitution are evaluated against a baseline case that has been calibrated 

against the national household appliance survey. 

The conclusions from the study of a LV network beneath an 11 kV/415 V distribution 

transformer show that the practical effects of energy efficiency have a varying impact on the 

residential load profile. A set of demand profiles is provided which represents possible 

changes to demand under different appliance and lighting technology adoption scenarios. 

What emerges from the analysis is that there is significant latent potential for load reduction 

if efficient appliances are adopted, and that each category of appliance has a specific effect 

on load profiles. 

Lighting technology, despite previous replacement campaigns by the electricity retailers in 

the UK, still has considerable potential for energy reduction, in particular through the 

introduction of Light Emitting Diode (LED) and Compact Fluorescent Lamp (CFL) lighting, 

which present significantly lower consumption than conventional light bulbs. Even more 

importantly, because of a high coincidence factor of lighting loads (i.e. a high likelihood of 

lighting devices being switched on during network peak demand), lighting is responsible for 

a considerable proportion of residential peak demand. The analysis presented in the report 

estimates the peak demand reduction potential from efficient lighting in a residential area 

may reach up to 15%.  

Although the substitution of cold (e.g. fridges) and wet (e.g. washing machine) appliance 

technologies both provide peak demand reductions, 3% and 2% respectively, they are 

considerably lower than those identified from lighting technology replacement.  

 The critical insight provided by the appliance survey also suggests that this level of impact 

on peak demand will not be uniform across the entire London population, as the effect in 

those areas characterised by higher income population and higher occupancy is likely to be 

more prominent due to higher appliance ownership rates. 

This analysis further demonstrates that the combined reduction in demand could lead to 

reduction in LV distribution network losses in domestic areas of more than 30% during 

winter. From the customers’ perspective, for each 100 units of energy they save through 

energy efficiency measures, they would see the effect of roughly 101 units on their energy 

bill, since the cost of buying energy to cover the losses has also reduced. 
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From the DNO perspective, lighting technology substitution is the most likely to affect peak 

demand going forward. Nevertheless, the timeline in which this substitution may progress is 

uncertain as it is difficult to forecast the rate of replacement, which will be driven by a 

number of economic and policy factors. DNOs will need to continue to monitor the timing 

and uptake of both energy efficient appliances and new loads such as heat pumps and 

electric vehicles as they form their load forecasts. 
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Glossary 
 

CFL Compact Fluorescent Lighting 

DECC Department for Energy and Climate Change 

DNO Distribution Network Operator 

DSR Demand Side Response 

HEUS Household Electricity Use Survey 

HV High Voltage 

ICT Information and Communication Technology 

LCL Low Carbon London 

LED Light Emitting Diode 

MTP Market Transformation Project 

LV Low Voltage 

ODS  Operational Data Store (database containing LCL network and measurement data) 

ONS Office of National Statistics 

TUS Time Use Survey 
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1 Introduction 

1.1 Objectives and scope 

The main objective of this report is to quantify the potential impact on peak demand in a 

typical section of distribution network once domestic appliances are substituted with more 

energy-efficient alternatives. The analysis presented in the report is based on the actual 

network and consumption data for a Low Voltage (LV) network in London, while the 

information on appliance ownership rates across different demographic groups is collected 

through a comprehensive appliance survey conducted in the Low Carbon London project 

which included 2,830 respondents. 

The usage of domestic appliances is simulated using an advanced activity-based consumer 

behaviour model governed by probabilistic rules. Each household has a certain probability of 

having a washing machine and dishwasher, and each washing machine has a certain 

probability of being in use at any given time. This model has been calibrated against the 

Time Use Survey (TUS) data from the Office of National Statistics (ONS), against the 

characteristics of appliances belonging to different efficiency classes, and against the profiles 

measured in the Household Electricity Use Survey (HEUS) [1]. 

1.1.1 Context 

The climate change agenda is driving changes in the way electricity is produced and 

consumed. Through the late 20th century, consumers were largely naïve about the impacts 

of energy production, but its associated environmental impacts have led to a renaissance in 

policy focus on energy efficiency and low-carbon distributed generation.  

In the UK, energy policy targeting the residential sector has focussed primarily on space 

heating efficiency measures such as loft insulation. This is consistent with space heating 

being the largest end-use energy sector (as read at the meter) and with government 

objectives of tackling fuel poverty and cold homes. Electrical appliances have received less 

attention, aside from the EU appliance energy efficiency labelling scheme1 and in the UK a 

series of government programmes mandating electricity suppliers to deliver efficiency 

measures. These programmes resulted in widespread supply of CFL at reduced or zero cost. 

While the appliance labelling scheme has experienced criticism, the appliances available for 

purchase in 2014 are considerably more efficient than those of 20 years ago when the 

scheme was conceived. However, surveys have shown that uptake of some measures, 

particularly lighting, have considerable latent potential in that many inefficient technology 

options are still in use [2]. This has also been confirmed by the LCL appliance survey 

(discussed in detail in Section 0), where a significant volume of conventional light bulbs has 

been identified across all demographic groups and household sizes. 

                                                           
 

1
 Directive 2010/30/EU of 19 May 2010 on the indication by labelling and standard product 

information of the consumption of energy and other resources by energy-related products. Available 
at http://eur-lex.europa.eu/legal-content/EN/ALL/?uri=CELEX:32010L0030.  

http://eur-lex.europa.eu/legal-content/EN/ALL/?uri=CELEX:32010L0030
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In order to develop planning assumptions for the next ten years (and in some cases beyond), 

Distribution Network Operators (DNOs) are required to make an assumption about energy 

efficiency, alongside other macro-economic factors such as the number of new households 

and the increase in commercial load such as office buildings and manufacturing. Typically, 

these efficiency assumptions are common for all areas and all households. This report, 

drawing on the detailed appliance survey, suggests that there is value in more detailed 

models of sub-sections of the customer population.  

There have been several studies, including the analysis for DECC in 2013 [3], indicating that 

the greatest technical potential for energy efficiency in the home comes from lighting, cold 

appliances, wet appliances and water heating. In that context, this report focuses on 

lighting, refrigeration, washing machines and dishwashers. The report does not tackle 

standby power in computers and home entertainment, although this has also previously 

been identified as a potential area for significant improvement [1]. 

The appliances considered are well understood in terms of energy efficiency, and 

importantly have seen significantly improving efficiency in recent years. Lighting is of 

interest because it contributes a significant proportion of evening peak and there remains a 

significant potential for incandescent lamps to be replaced. Cold appliances, whilst 

presenting a ‘base load’ which may be of less interest to a DNO, do contribute to total peak 

and older cold appliances have several times the demand of their modern equivalents. 

Finally, dishwashers and washing machines are of interest since they are often proposed as a 

suitable load for demand side response (DSR) in that their use can be deferred. As appliance 

efficiency increases, the scope for the associated DSR will diminish. 

1.2 Approach 

Each of the participants in the Low Carbon London project who were equipped with a Smart 

Meter were invited to take part in a household survey, and an overall 51% response rate, 

consisting of 2,830 replies, was achieved. The household survey, described in the following 

section, has subsequently become a key input to all the LCL reports pertaining to the 

residential consumer.  

In terms of the analysis of the energy efficiency of appliances, the survey provided detailed 

information about the ownership of specific appliances and their types. 

Using a demand modelling software framework, the survey data was combined with Time 

Use Survey data (TUS) from the Office of National Statistics (ONS) and physical models of 

appliances enabling the synthesis of highly realistic profiles of individual homes at high 

temporal resolution. 

These realistic household models are then combined with real UK Power Networks LV 

network data, extracted from the LCL Operational Data Store designed by LCL partner 

Siemens. 

This has allowed, as presented in this report, the first high-resolution modelling of the 

effects of demand on London’s residential feeders traceable back to appliances. 
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This novel approach was subsequently applied to the analysis of the replacement of 

appliances with more efficient models, and ‘smart appliances’ which are able to time-shift 

without manual intervention (see the companion report on smart appliances that estimates 

the potential to reduce residential peak demand by shifting the consumption of smart wet 

appliances). 

Following some subject background, this report provides a description of the appliance 

component of the household survey, describes how a representative household load profile 

was developed and matched or ‘base-lined’ to data measured on a substation within the 

Low Carbon London trial area, before moving on to the objectives of the report: the analysis 

of LV power flows on a real residential network under different technology substitution 

scenarios. 

The report however does not make any forecasts with respect to the timeline in which the 

appliance replacement may progress, as this will be driven by a number of economic and 

policy factors, but rather estimates the potential for residential peak demand reduction 

resulting from introducing more efficient appliances. 

1.3 Appliances in the home 

Figure 1 represents an estimate of the residential energy usage by appliance class and their 

corresponding contribution to overall national demand, excluding space and water heating 

[4]. 

 

Figure 1: Annual energy demand of household appliance categories 

Two appliance categories, lighting and cold2, show a recent decline in consumption, this is 

due to estimated improvements in efficiency as a consequence of the EU energy efficiency 

labelling scheme and minimum efficiency standards, discussed in more detail in the 

following sections. The ownership of consumer electronics and information and computer 

technology (ICT) continues to increase and combined are now estimated to be the biggest 

                                                           
 

2
 The term ‘cold appliances’ refers to refrigeration and freezer appliances. 
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source of appliance demand in the home. Electronics do not intrinsically use a lot of power, 

for example as a kettle does, but use significant amounts of energy because the devices are 

often left on, or in standby mode for long periods of time [5]. The contributions from each 

type of appliance in Figure 1 are estimates based on appliance sales information, and the 

aggregate demand matches metered consumption [4]. 

A more detailed discussion on policy issues related to energy efficiency improvements in the 

residential sector is provided in the Appendix, which also discusses future prospects for 

enhancing efficiency across different appliance classes. 

To understand the determinants of electricity demand is complex since it involves the 

interplay of the householders and a disparate range of appliances. Surveys are time 

consuming and the instrumentation of individual appliances in the home with for example 

sub metering is expensive and intrusive [5], thus there are practical limits to the data 

available for modelling activities.  

The monitoring of individual appliances within a number of homes is aimed at better 

understanding what the demand profile comprises [6]. Such programmes are expensive with 

the need for numerous ‘sub-meters’ and therefore it is difficult to obtain statistically 

significant results. However even modest samples do tend to demonstrate the wide variety 

in magnitude and composition of domestic demand [7] [8] [9]. 

This approach can also provide useful evidence of how different load types contribute to 

peak demand (peak responsibility factors) [9], with for example cold appliances using more 

electricity near peak time due to loading and door opening near meal times [8]. 

Such a study has been conducted recently in the UK. The Household Electricity Use Survey 

(HEUS) involved the surveying of 251 homes of various types in England, and sub-metering 

per appliance or appliance group for a subset of homes [1]. The sub-metering of appliances 

was applied to only 25 homes at a time, with the sub-meters moved to different homes on a 

monthly basis. 

Figure 2 represents the constituent loads of the averaged winter weekday profile for the 

sample. Note that these were gas-heated homes, and the data has been averaged over half-

hourly intervals. The original data was measured to a resolution of 2 minutes [1]. 

 

Figure 2: HEUS averaged demand profile per household for winter weekday (non-electrically heated homes) 
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This chart shows that some loads tend to be fairly constant, such as ‘cold appliances’, 

whereas some loads are highly dependent on occupancy and environmental conditions. The 

most notable example of the latter is lighting which contributes over 200 Watts to the peak. 

While the HEUS data is an invaluable source, it is not without issues. Firstly, the profile in 

Figure 2 is distinctly different from Elexon’s equivalent Profile class 1 upon which the market 

electricity is settled. There is no characteristic morning peak, and the evening peak is 

approaching 200 Watts higher than Profile class 1. The issue of self-selection, with the 

relatively small trial population being owner occupiers, suggest that there will be some 

‘noise’ and bias in the HEUS data [1]. 

The Low Carbon London project did not carry out any additional time-of-use studies. 

Instead, the household survey provided an opportunity to add to the existing body of 

understanding around appliance ownership amongst different demographics, and the issues 

of multiple appliances owned by single household. 
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2 LCL appliance ownership survey  
 

In order to produce realistic residential customer demand profiles, there is a need for 

detailed information about appliance ownership and types. 

The LCL appliance ownership survey, part of the broader household survey, represents one 

of the most comprehensive UK surveys of appliance ownership ever conducted. Once a 

smart meter had been installed, the customer was given the opportunity to complete a 

questionnaire which covered various aspects of the occupants, their premises and their 

appliances they owned. In this report we are concerned primarily with the appliance 

ownership pattern of London consumers and how this relates to their electricity demand. 

The household survey was sent to over 5,500 customers. A total of 2,612 responses were 

received by post and 218 responses via an online version. This total of 2,830 represents a 

response rate of approximately 51%. 

The intention of the appliance survey was to understand the composition of individual 

homes’ electrical loads, including where they owned multiple appliances of the same type, 

an up-to-date view of cold appliances (such as the prevalence of combined fridge-freezers as 

opposed to separate units) and the location of lighting technology. 

The survey was primarily text based, with questions asking, for example, how many of a 

specific type of appliance were owned (see Table 1). Other questions where more complex 

and were intended to identify specific sub-types of appliances.  

An example for a picture-based question can be seen in Figure 3 which pertains to 

refrigerator size, the box being where a respondent put a response to a question “For each 

of the appliance types below, several sizes are shown. Please tell us how many appliances of 

each type and size you use”. This provided a means to gather additional information to 

supplement the development of the model. It was deemed unlikely that questions 

requesting appliance efficiency ratings would be answered with accuracy, particularly in with 

respect to older appliances. Moreover this information is covered by data collated by the 

Market Transformation Project (MTP) [5]. 

The most complex questions pertain to television ownership, where we have technology 

types, screen sizes and multiple appliances to consider. Figure 4 shows the televisions 

question from the appliance survey. 
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Table 1: Text-based appliance ownership questions 

Appliance Number 

Electric hob  

Gas hob  

Electric oven  

Microwave  

Washing machine (not with dryer)  

Tumble dryer  

Washer-dryer  

Dishwasher  

Electric shower  

Over-sink electric water heater  

Portable electric heater (e.g., portable radiator / fan heater etc.)  

Television  

Desktop PC/computer  

Laptop computer  

Printer  

Router (for broadband internet)   

DVD/blue-ray player  

Cable TV box (e.g., Virgin)  

Satellite TV box (E.g., Sky)  

Freeview TV box  

Games console, e.g., Xbox, PS3, Wii (do not count handheld devices)  

Standby savers  

 

Fridges (not with freezer) 

 

 

    

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

Figure 3. Example of image-based question 
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Figure 4: Television types and size questions 

 

2.1 Bernoulli survey analysis and confidence limits 

The household survey provides a considerable body of evidence about appliance ownership. 

Once categorised into nine sub-groups, it provides exceptionally stable predictions about the 

numbers of appliances in a typical home within that group.  

Since the appliance survey requires respondents to indicate their appliance ownership by 

putting a number in a box, and not simply ticking a box, a statistical approach is required 

which allows this spread of responses to be captured. We are also interested in possible 

determinants of load according to different household types, thus would ideally be able to 

divide the trial population into smaller sub-groups for analysis. 

The subject of demographics is in essence the characterisation of a given population based 

on statistical data. In the commercial sector, consumer demographics are routinely used to 

identify target markets for product marketing. Two prominent demographic classification 

schemes are Acorn from CACI Ltd, and Mosaic from Experian Ltd. and both of these systems 

have been used in the LCL programme.  

The Acorn system, as used for the smart meter trial, as with Mosaic, has a hierarchy of 

classifications. In total, Acorn characterises 59 types of private household and these fall into 

one of 5 high level groups. 
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In order to produce sub-groups for analysis that were of a similar size and able to provide 

statistically significant analysis, the 5 Acorn groups were condensed into 3. This was 

necessary, because the higher and lower income group had smaller populations than the 

median group. Table 2 shows the LCL subgroups and their constituent Acorn groups. 

This classification results in group populations that can be further sub-divided by their 

occupancy level. Again, constrained by the need to have groups large enough to provide 

significant data the 3 demographic groups are divided into 3 sub-groups divided by 

occupancy. The chosen sub-categories are single occupancy, dual occupancy and households 

with 3 or more occupants, see Table 3.  

Table 2: LCL demographic groupings and their Acorn constituents 

LCL demographic grouping Acorn category Acorn type Acorn type name 

Affluent 

1.Affluent Achievers 

A Lavish Lifestyles 

B Executive Wealth 

C Mature Money 

2. Rising Prosperity 
D City Sophisticates 

E Career Climbers 

Comfortable 3. Comfortable communities 

F Countryside communities 

G Successful suburbs 

H Steady Neighbourhoods 

I Comfortable Seniors 

J Starting out 

Adversity 

4. Financially stretched 

K Student life 

L Modest means 

M Striving Families 

N Poorer Pensioners 

5. Urban Adversity 

O Young Hardship 

P Struggling Estates 

Q Difficult Circumstances 
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Table 3: Bernoulli analysis sub-groupings and population size 

Category Occupancy Description 
Population 
sample size 

‘Affluent’ 1 
Single occupancy homes in Acorn group A, B, C, D 
or E. 

406 

‘Affluent’ 2 
Homes with an occupancy of 2 in Acorn group A, 
B, C, D or E. 

404 

‘Affluent’ 3+ 
Homes with occupancy of 3 or more in Acorn 
group A, B, C, D or E. 

226 

‘Comfortable’ 1 
Single occupancy homes in Acorn group F, G, H, I 
or J. 

244 

‘Comfortable’ 2 
Homes with an occupancy 2 in Acorn group F, G, 
H, I or J. 

312 

Comfortable’ 3+ 
Homes with an occupancy of 3 or more in Acorn 
group F, G, H, I or J. 

213 

‘Adversity’ 1 
Homes with an occupancy 2 in Acorn group K, L, 
M, N, O, P or Q. 

325 

‘Adversity’ 2 
Homes with an occupancy 2 in Acorn group K, L, 
M, N, O, P or Q. 

281 

‘Adversity’ 3+ 
Homes with an occupancy of 3 or more in Acorn 
group K, L, M, N, O, P or Q. 

236 

 

This classification was prototyped iteratively using Bernoulli analyses until the results per 

group were established to be of similar statistical strengths. The Bernoulli approach is both 

appropriate for this kind of analysis, but also intuitive enough for the non-statistically 

trained. We now look at one example in detail. 

Taking the ‘Affluent 1’ group as an example, this may be taken as a sample of size 406 of the 

sub-population households across London. The frequency, that is the number of ‘Affluent 1’ 

households, with for example one microwave oven is 301. This leads to a probability for this 

subgroup of having one microwave of 301/406 = 0.74. 

If we have multiple answers to this question, as is often the case, the frequencies can simply 

be added, to answer questions such as: ‘how many people have between 1 and 3 fan 

heaters?’ 

If we asked a different set of 406 households fitting the same demographic criteria, ‘Affluent 

1’, we may get a slightly different answer that not 301, but 305, of the households in this 

new set owned one microwave. 

The survey then may be viewed as a series of Bernoulli trials, that is, binary questions of the 

sort: ‘Do you have 1 microwave oven or not’. If 406 people were asked this question then 

406 Bernoulli trials were made with 301 positive answers leading to the probability of 0.74. 

For the more technical reader we now describe confidence limits in relation to Bernoulli. 

Repeating the experiment by identifying many further, separate, groups of 406 customers in 

the ‘Affluent 1’ category and asking each group to fill out the appliance survey would build 

up a distribution of probability values. If these were genuinely random trials, then the 

distribution would be the discrete valued binomial distribution. This may be approximated 
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to the continuously valued normal distribution. The width of this normal distribution gives 

the error in the measured probability. 

Confidence limits are a more useful way of expressing errors. 95% confidence limits have the 

property that 95% of measurements will fall between them. The 95% confidence limits in the 

above example are 0.695 and 0.783, that is if the experiment were repeated an infinite 

number of times, then the result reported by any particular group of 406 ‘Affluent 1’ 

customers would lie between 0.695 and 0.783, 95% of the time. The equation for the 

confidence interval (CI) is: 

𝐶𝐼 = 𝑝 ± 𝑧
1−

𝛼
2

√
𝑝(1 − 𝑝)

𝑛
 

Where 𝑝 is the proportion, 𝑛 is the sample size and 𝑧1−
𝛼

2
 is a value from the z table which 

refers to limits taken in integrating under the standard normal probability curve.  

For 95% of answers to fall under the curve we must set limits between -1.96 and +1.96 

standard deviations away from the mean, so 𝑧1−
𝛼

2
 is 1.96 here. The validity of this equation 

falls off at low or high frequencies (if 𝑛𝑝 <  5 or (1 − 𝑝)  <  5). Only 2 people have 4 TVs in 

our group, for example. The confidence limit here would be incorrect if calculated using the 

above formula. 

To avoid this problem standard practice is to use a corrected version of the formula. Most 

commonly, the Wilson score interval with continuity correction [11] is used, and this has 

been applied here as well. 

The formulae are: 

𝑤− = max {0,
2𝑛𝑝 + 𝑧2 − (𝑧√𝑧2 − (1 𝑛)⁄ + 4𝑛𝑝(1 − 𝑝) + (4𝑝 − 2) + 1)

2(𝑛 + 𝑧2)
} 

𝑤+ = min {1,
2𝑛𝑝 + 𝑧2 + (𝑧√𝑧2 − (1 𝑛)⁄ + 4𝑛𝑝(1 − 𝑝) + (4𝑝 − 2) + 1)

2(𝑛 + 𝑧2)
} 

Where 𝑤− and 𝑤+ are the lower and upper limits, z = 1.96 for 95% and 𝑝 is the proportion, 

𝑛 is the sample size.As described in detail in the previous section, Bernoulli analysis results 

increase in confidence when the sample population is large percentage of the total 

population. 
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Figure 5: Bernoulli confidence for LCL consumer categories 

Figure 5 shows the confidence limits for a typical question in the household survey, once the 

survey results have been categorised into the nine categories. As an example, we can say 

with 95% confidence that between 60.1% and 69.6% of single occupancy households in the 

affluent Acorn groupings have one electric oven. 

2.2 Lighting 

Figure 6 and Figure 7 represent the ownership rates for the two extremes of single 

occupancy, low income households (“Adversity 1”) and multiple occupancy (or families) with 

high income (“Affluent 3+”) categories.  

0% 20% 40% 60% 80% 100%

No. Electric hob

No. Gas hob

No. Electric oven

No. Microwave

No. Washing machine (not with dryer)

No. Tumble dryer

No. Washer-dryer

No. Dishwasher

No. Electric shower

No. Over-sink electric water heater

No. Portable electric heater

Percentage of population

('Affluent', '1 person')

0

1

2

3

4

5

6

7

8
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Figure 6: Bernoulli results for 'Adversity 1' group 
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Figure 7: Bernoulli results for 'Affluent 3+' group 

The analysis of lighting appliances data shows two very clear trends, firstly as the household 

size increases then the number of lamps increases. This is perhaps obvious in that we would 

expect larger households to have more lighting. 

However, the higher income groups with multiple occupancy have a much higher propensity 

to have rooms lit with multiple lighting fixtures. For example over 50% of Affluent 3+ 

households have more than one Halogen bulb in their kitchen, and 20% have 8 or more. This 

is a clear indication that fashion in interior design has been a more significant driving force 

than the drive to reduce energy costs. 
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Within lower income groups, there appears to be slightly more use of CFLs than their more 

wealthy cohort. Fluorescent tubes remain popular for lighting kitchens, but are seldom 

found elsewhere. 

2.3 Cold appliances 

Figure 8 to Figure 10 show extracts from the appliance survey questions pertaining to cold 

appliances. In the Bernoulli histograms these are labelled from 1 to 4 corresponding left to 

right, or 1-6 in the case of freezers. The questionnaire box is used here to indicate the sub-

type used in the Bernoulli analysis.  

Fridge-freezers 
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Type 3 
 
 
 

 

Type 4 
 
 
 

Figure 8. Number of fridge-freezer types as percentage of population 

The cold appliance ownership patterns are starkly different from those seen with lighting in 

that ownership patterns are relatively uniform. In all of the 9 sub-classes of households by 

far the most commonly found cold appliance is ‘fridge freezer type 2’ with 50% of 

households owning one. Fridge-freezer type 3 is the second most commonly found variant 

with 10 – 20% of households owning one. An exception to this is with the ‘Comfortable 3+’ 

and ‘Affluent 3+’ who are slightly more likely to own a Type 4 or ‘American style’ variant. 
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Figure 9: Number of fridge types as percentage of population 
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Standalone fridges are less prevalent than fridge-freezers, but again there is a bias to a 

specific type. The most popular Type 2 fridges are reported to be owned by around 20% of 

homes. 

Freezers 
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Figure 10: Number of freezer types as a percentage of population 

Stand-alone freezers are also less common than combined fridge-freezers. There are not any 

clear patterns of ownership other than Type 4 being the most popular with around 20% 

percent of homes reporting ownership. Note that the Type 4 topology is also common with 

the Type2 fridge, and that which can be located underneath kitchen worktops. 

2.4 Wet appliances 

The analysis of wet appliances on first observation is unsurprising; in terms of laundry 

facilities the majority of households have washing machines, and a smaller but significant 

number of homes have tumble dryers or washer-dryers. 

Single occupancy households are less likely to own a tumble-dryer, and the ‘Comfortable 3+’ 

category is the most likely to own tumble dryer with a probability just under 50%. 

Interestingly, though, washing machine ownership is not as universal as one might expect. 

Over 20% of ‘Comfortable’ and ‘Affluent’ single occupancy households report not owning a 

washing machine. 

Dishwasher ownership is more intuitive, the larger and the more wealthy the household the 

stronger the chance of ownership. Dishwashers are found in under 20% of ‘Adversity 1’ 

homes and 75% of ‘Affluent 3+’ homes. 

2.5 Television ownership 

TV ownership appears to transcend social class, as the analysis of television ownership 

patterns reveals little difference between the Adversity and Affluent groups. Occupancy on 

the other hand does have an effect and this is unsurprising with larger households having 

more televisions. 
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Beneath the Bernoulli data, there is the classification of screen sizes and technology types. 

Most dominant technology is now of the LED/LCD variety, and there is no clear pattern 

relating to wealth. 

Both ‘Adversity’ and ‘Affluent’ groups have on average larger screen TVs than double and 

single occupancy households.  Affluent families are more likely to have a plasma TV, and this 

may be because this was the first flat big screen technology and was expensive. Large screen 

TVs are now it appear affordable by the wider general public. 

2.6 Other appliance ownership 

The ‘other’ appliances not covered above follow a pattern of increased ownership with 

home occupancy. These appliances include ICT equipment, games machines and computer-

related equipment. There are some modest differences observed, with for example the 

‘Affluent’ owning more laptops, but no stark observations. 
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3 Modelling energy demand 

3.1 Approaches to modelling domestic electricity demand 

Long-run energy demand forecasting, whilst being notoriously difficult [12], is an important, 

on-going activity of government and the energy industry. In the UK, historic electricity 

demand data and future projections can be found in the Digest of UK Energy Statistics and in 

the system operator and network companies’ annual returns. Long-term forecasting is 

necessary to determine future generation capacity and network capacity requirements.  

For the purposes of managing supply infrastructure, National Grid and distribution 

companies also use ‘load flow’ models to analyse network behaviour [13]. Such models can 

be used to identify possible system capacity bottlenecks and to evaluate network 

configurations in terms of capital and operational expenditure.  

The modelling approaches for residential energy efficiency have tended to focus on 

calculating aggregate national demand in GWh. In their simplest form these models 

assumed a continuing trend of energy consumption based on previous measured aggregate 

readings; and modified this to account for new households being established. More 

sophisticated models use population survey data, appliance ownership data and usage 

statistics to determine national trends and options for intervention [6] [14] [15]. 

In its most recent published forecasts3, UK Power Networks included improvements in both 

domestic lighting and appliances. The Department for the Environment, Food and Rural 

Affairs (DEFRA) had developed three views of future improvements in energy efficiency as 

part of its Market Transformation Programme. They are: 

 Reference Scenario - The Reference Scenario is a projection of what is likely to 

happen to energy consumption of each product if no new policies are implemented. 

All agreed and formally signed-off policies are included in the Reference Scenario. 

 Policy Scenario - The Policy Scenario is a projection of what would happen if a 

defined set of new product-specific and related cross-cutting policies were 

implemented. The policies in the Policy Scenario have not yet been agreed or funded 

but represent those policies which are expected to be introduced as well as likely 

future revisions to existing policies and, in some cases, novel policy options. 

 Best Available Technology Scenario - The Best Available Technology (BAT) Scenario is 

a hypothetical projection of what would happen if the best available technologies on 

the (current and future) market were bought or installed from now on. 

The forecast agreed in July 2013 was based on the reference scenario, as it included those 

initiatives which were funded and was believed to be the most appropriate approach. 

                                                           
 

3
 Available at: 

http://library.ukpowernetworks.co.uk/library/en/RIIO/Main_Business_Plan_Documents_and_Annexe
s/UKPN_Core_scenario.pdf. 
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This econometric approach to modelling has been extended in attempts to further 

understand the determinants of domestic energy demand, such as housing type, family size, 

age group and income [14]. End use studies collect ‘micro-evidence’ from surveys and 

models are elaborated in the search for the determining factors [15] [16] [17]. 

Significant determinants of energy use are said to include: 

 Energy purchase, energy use and maintenance behaviour 

 Home characteristics 

 Energy related attitudes 

 Lifestyle 

 Socio-demographics 

 Information availability 

Weather prediction and housing stock data can be used effectively for predicting heating 

demand and shed light on options for thermal efficiency, but electricity use with its 

numerous applications is more difficult to predict. Unlike space heating, electricity demand 

has been shown to vary considerably within groups of similar housing, suggesting other 

determining factors such as occupancy and appliance types [9]. 

Where econometric models produce estimates of aggregated demand for a community 

based on a number of variables and profiles, bottom up models aspire to synthesise the 

consumption of individual homes and in turn communities. Such engineering models tend to 

be applied to the synthesis of diurnal load profiles and the analysis of load shaping. 

Within the research community, more ‘holistic’ models have subsequently been developed 

for example the ‘ARGOS’ model [18] attempts to model the behaviour of ‘household 

members’. Using the Monte Carlo method a population is created that ‘simulate(s) random 

differences from the typical average daily behaviour assigned’.  

Bottom up models can include ‘physical modelling’ of variables that affect energy demand. 

This is most suited to heat demand, where the thermal physics of a house are modelled as a 

‘system within a system’. In this way, given weather information, property characteristics 

(such as thermal capacity and loss coefficients), and target temperatures, accurate heating 

demand profiles can be calculated for individual homes [19] or larger communities [20]. 

Whilst econometric and bottom up models are considered distinct approaches, they share a 

need for demographic and other survey data to tailor their output to real world scenarios. 

For example, whilst the average energy consumption of a given appliance type and 

ownership can be estimated relatively accurately, if and when an appliance is used is less 

certain [21]. 

Some attempts have been made to use UK population survey data to model occupant 

activity; more specifically the UK Time Use Survey (TUS) conducted by the Office for National 

Statistics (ONS). Richardson et al. use the TUS to model household occupancy, deriving 

statistical likelihoods of changes in occupant activity using a ‘Markov chain’: changes in 

activity invoke a change in light demand based on a pre-determined matrix of light fittings 
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[22]. Lamaditou and Leach use the specific activity data in the TUS to select the activation of 

different load values mimicking variations in appliance, producing load curves for large 

populations [10]. Using low level activity data to activate model loads, it produced low time 

resolution data for larger populations, based on estimated average demand for appliances.  

Models that use average demand profiles clearly provide useful information relevant for a 

large number of consumers, but these methods break down when applied to smaller 

populations and higher time resolutions because of the loss of benefits of diversity.  

Measurement work has demonstrated that domestic loads can vary rapidly, with many load 

events lasting seconds rather than minutes [23] [24], this suggests a need for high time 

resolution if modelling local network effects if we are to consider voltage quality and 

distribution losses. 

Other work has analysed the effects of fluctuating demand on the benefits of micro-

generation, finding that time resolution in modelling has a significant effect on imported 

energy calculations. Since lower time resolutions in effect make demand peaks shorter and 

wider, they tend to also correlate more closely to micro-generation output and 

underestimate energy import [25]. The diagram in Figure 11 shows how the Low Carbon 

London project has contributed to the field. 

 

Figure 11: Contribution of LCL project to detailed modelling of residential electricity demand 
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3.2 Data requirements 

Any model is reliant on input data, and input data is in part determined by measurement 

techniques. The accuracy of survey data and electrical measurements become increasingly 

important as the population size of a model is reduced. This is because the benefits of 

diversity ‘smoothing effects’ are not present, meaning large sample profile data is not 

sufficient when modelling the network. Conversely, given that there is increasing uncertainty 

as modelling resolution increases, modelling becomes increasingly complex and assumptions 

have to be made.  

There are two essential aspects to bottom up modelling, defining the ‘static’ model or what 

the modelled system will comprise, and the dynamic behaviour of the system under 

different conditions. 

In terms of the static model, to understand power flows on a largely residential feeder we 

need information about the feeder itself, for example impedances, the loads connected to 

the feeder and their usage patterns. In terms of the dynamic model, we need to create rules 

governing the simulated usage patterns of appliances. 

Multiple appliance ownership 

Whilst the Market Transformation Project (MTP) data gives us some understanding of the 

total number of appliances, how these appliances are distributed among individual homes is 

less certain. For example we might expect a home with multiple occupants to have more 

than one television, but less so more than one washing machine. 

This issue is particularly important for cold appliances, since multiple appliances are 

common in this category. Moreover in this category, ideally we would want to understand 

how many of each sub-class of appliance are present in a property, for example one fridge 

and one freezer etc. 

Appliance topologies 

In the case of cold appliances, since demand is so variable, depending on the size and age of 

an appliance we might also be interested in the particular type of fridge or freezer.  

Appliance location mapping 

With lighting technology, we could again use national survey data to estimate the average 

bulb population in a home but as already discussed this would not reflect any one individual 

home.  

In considering approaches to bottom up modelling, if our objective is to reflect the demand 

associated with different human activities then there is a need to understand what lighting 

might be used to conduct these activities. 

Whilst we cannot know what room any given activity is being conducted in, if we understand 

lighting technology by room then we can make assumptions about what rooms are 

associated with a given activity. 
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3.3 Quantifying baseline residential demand profiles 

A framework has been developed to provide a generalized platform for the development of 

demand-side models [24]. This framework is based on probabilistic activity-based modelling 

of demand of individual appliances governed by the set of narrative rules that describe how 

the consumers use the appliances. 

3.3.1 Appliance models 

The objective of the modelling framework is to represent appliances and provide realistic 

electricity demand patterns. In the case of lighting a simplified model is developed with an 

on and off mode, with single values for active and reactive power. The models of cold and 

wet appliances were developed from the 2010 prototypes. In this process, first a set of 

baseline appliances are developed and then modified to use less energy and approximate 

the numbers expressed by the label system i.e. represent more efficient alternatives. 

A fundamental aspect of this work was to understand the appliances available for sale today, 

and to this end a survey was conducted to establish the current market offering. In addition 

an appliance superstore in London was visited and every appliance label was recorded. 

Using the appliance demand data collected [24] and cold appliance label data collected 

during the LCL project, individual appliances are modelled following the concept in [18], as 

opposed to using averaged profiles. Rather than using fixed values for active and reactive 

power flow, loads are modelled as impedances which respond to supply voltage. Since 

appliance loads such as fridges and ovens are influenced by room temperature, and vice 

versa, appropriate heat transfer is modelled [19]. In order to shed light upon the nature of 

power flow and losses, LV networks model is used [26]. 

3.3.2 Appliance usage patterns 

Central to the framework is the Office of National Statistics Time Use Survey (TUS), which as 

described in previous sections has been used in other demands models. The TUS contains a 

snapshot of the daily life comprising 4,941 daily diaries and gives us data on occupants and 

their daily activities. 

Household occupants are modelled using the TUS diary data which enumerate the activities 

of household occupants. These diary activities are used to activate appliance models based 

on a set of ‘narrative rules’ describing how appliances are used. Table 4 shows example 

narrative rules and indicates how, using rules that include environmental variables, 

appliance related behaviour can be mimicked. The rules represent the likelihood of turning 

on an appliance, and the likelihood of it being a 40, 60 or 95 degree centigrade wash cycle. 

Table 4: Examples of appliance activation ‘narrative rules’ 

04:00:00 03:59:59 Laundry Home !washerdryer1 && (rnd2 < 0.6) tumbledryer1 On 

04:00:00 03:59:59 Laundry Home !washerdryer1 &&(rnd <= 0.68) washingmachine1 cotton 40 

04:00:00 03:59:59 Laundry Home !washerdryer1 && (rnd > 0.68) && (rnd < 0.98)  washingmachine1 cotton 60 

04:00:00 03:59:59 Laundry Home !washerdryer1 && (rnd > 0.98) && (rnd <= 1.0)  washingmachine1 cotton 95 
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The narrative rules also use parameters such as to describe the propensity of a light fitting to 

be used as ‘mood lighting’, and these result in some lights turned being on, if a property is 

occupied, irrespective of the activities being conducted. 

Until the HEUS project, information about the loads that constitute the diurnal profile was 

scarce. The Low Carbon London project added certainty to this by gathering robust 

appliance ownership data for a larger population than previous studies.  

We cannot aim to mimic the HEUS profile, since as already discussed it is not typical of the 

national average. An alternative approach is to assume that the appliance breakdown in 

HEUS is approximately correct and to divide Profile class one profile by the percentages of 

load seen in HEUS (see Figure 12). 

 

Figure 12: Profile class one winter weekday with HEUS load composition 

This profile remains problematic, insofar as the large unknown component to the load, thus 

we must speculate as to what the unknown load comprises. One solution to remove the 

unknown component is to simply divide it into the existing categories according to their 

existing weighting, see Figure 13. 

 

Figure 13: Profile class one winter weekday with HEUS unknowns removed 

However, this approach is also problematic in so far as we know certain appliances are 

harder to monitor than others, in which case this approach will magnify profiles of classes 

that were accurately monitored. 
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It was decided that an appropriate solution was to mix the two approaches; in some 

appliance categories the HEUS profile would be used as a reference for the diurnal profile 

and elsewhere a re-scaled HEUS profile would be used. 

The outcome is a model that makes best use of the Office of National Statistics Time-of-Use 

Survey data, Home Energy Usage Survey (HEUS), and the detailed information about 

appliance ownership by demographic group collated in the Low Carbon London household 

survey. It has newly developed heuristics to cope with multiple appliances in the household 

and the probabilistic nature of their use. 

Table 5 provides an overview of the comparison between model output and HEUS data, and 

a summary of the rationale for selecting one fit to the HEUS data rather than the other. 

Table 5: Observations when comparing heuristic rules and HEUS data 

 Best fit  

Category HEUS 
Re-scaled 

HEUS 
Comment 

Cold   
As discussed earlier, there is a visible ‘long tail’ of 
older appliances that may well have been 
overlooked by the HEUS installation team. 

Cook   Cookers, whilst typically not on a standard 13 A plug, 
are easy to locate.  

Consumer   
The HEUS study monitored computer and audio-
visual sites and these use 13 A sockets that are easy 
to locate. 

ICT   As per the consumer category above. 

Light   
Lighting can be problematic to monitor since most 
lights are wired internally to the house. 
Note that the peak around 300 Watts is consistent 
with other studies [27]. 

Wet   The non-adjusted data intersects the modelled data 
well.  

 

The model and the residential Profile class 1 curve can be compared in Figure 14. The fit is 

good except for a residual component of the early peak. 
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Figure 14: Model fit to Profile class 1 (red- model; blue – national settlement profile) 

 

3.4 Technology Substitutions 

With a baseline model now mimicking Profile class 1’s consumer behaviour relatively 

accurately in terms of both profile and constituent loads, we are in a position to experiment 

with technology substitution. 

3.4.1 Lighting 

For lighting we have already identified two key substitutions approaches, namely 

incandescent to CFL and halogen to LED. 

It was felt too time-consuming to ask survey participants to attempt to document the 

wattage of bulbs in the home, even a typical rating; as such, the modal average of bulbs on 

the market was used.  

These are then substituted for the same numbers of lights but with a new technology. CFLs 

are assumed to use ¼ of the energy of incandescent and LEDs 10% of the equivalent 

halogen. These substitutions are simulated separately and compared. 

3.4.2 Cold  

With cold appliance substitution, the picture is a little more complex. For the scenarios in 

this report, for practicality only A+, A and C models were substituted. This covers the 

majority of the range of appliances, and by weighting other ratings into these categories we 

can produce a realistic population. 

However for the ‘unknown’ category of cold appliances, the appliance category is uncertain. 

In an attempt to reflect this population, the chance of any appliance falling in the C category 

was increased by a factor corresponding to an imaginary ‘H’ grade appliance.  

In the substitution scenario, all appliances are transposed to A+. Whilst A+++ could have 

been used, there is no evidence that this appliance category is likely to dominate the market 
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in the near future. Moreover, even if this happens, there will remain a long tail of older 

appliances that would pull this rating down over all. 

3.4.3 Wet 

With wet appliances we do not see the ‘second life’ effect as we do with cold appliances. 

The fact that washing machines and dishwashers wear out and are discarded means that we 

have a better understanding of what the appliance fleet comprises. A+++ rated appliances 

are now common in this category and we can envisage a future where the majority of other 

appliances are removed from service. 

Again, as with the wet scenario, only A+++, A and C grades are modelled. The simulated 

substitution is 100% migration to A+++. 
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4 Case study 

4.1 Assumptions 

The simulation in this chapter is carried out for the LV network under Merton substation (UK 

Power Networks reference 6552) for which detailed data was available within the Low 

Carbon London project. The diagram of this LV network is provided in Figure 15. This 

network supplies 636 customers, a great majority of which (91%) are of Profile class 1. Peak 

half-hourly demand recorded during the trial was 509 kVA, whereas the maximum demand 

observed with one-minute resolution was 552 kVA. Because of the relatively large 

population, there is significant load diversity and the diversified peak per customer is well 

below 1 kVA. 

 

Figure 15: Diagram of LV network (ref. 6552) under Merton substation 

  

500KVA
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4.2 Effect of technology substitutions 

The half-hourly average demand across all of the simulated technology scenarios, as 

discussed in Section 3.4, can be seen in Figure 16. Here we can see that, if all the named 

technology populations migrate to the best currently available, then residential peak 

demand would be reduced by approximately 20%. 

 

Figure 16: Winter weekday demand profiles of all interventions plus the baseline 

All interventions have an effect on the profile, but all affect the profile in different ways. 

‘Cold efficiency’ is the only measure that affects the night time base-load and tracks the 

‘total’ category during this period. The ‘Wet efficiency’ scenario appears to offer only 

modest gains in energy use, and importantly is the least effective at peak reduction. This is 

consistent with the results of the HEUS [1]. The biggest peak reductions are provided, 

perhaps unsurprisingly, by lighting technology substitutions. Percentage reductions in 

energy and peak demand across different substitution scenarios during winter are given in 

Table 6 (note that the sum of reductions in the four substitution scenarios is not exactly the 

same as in the scenario where all appliances are efficient; this is because peak demand in 

different scenarios occurs at different half-hourly intervals). 

Table 6: Energy and maximum peak reduction achieved with different appliance substitution scenarios 

Scenario Energy reduction Peak reduction  

Cold efficiency 5.5% 2.9% 
Wet efficiency 1.9% 1.9% 
CFL light efficiency 4.8% 8.6% 
LED light efficiency 3.8% 6.0% 
Efficiency total 16.0% 18.8% 
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As the appliance survey indicates, there are many inefficient bulbs in use, and more-over 

these are prevalent in the rooms in regular use, i.e. kitchens, lounges and dining areas. 

The propensity of ‘Comfortable’ and ‘Affluent’ multiple occupancy homes to have many 

halogen lights also suggests that in some areas, lighting substitution could reduce peak 

demand more significantly. Nevertheless, there is likely to be a correlation with these 

households also being more likely to take up other Low Carbon Technologies such as heat 

pumps and electric vehicles, contributing to demand. 

Another technology substitution may also soon be practical, that is the substitution of 

standard incandescent bulbs to LED variants. Whilst there are some technology options, they 

are yet to be widely available or used. 

If this was to occur, instead of the CFL profile as seen in Figure 16, we would see over twice 

the benefit of the CFL substitution.  

However it is worth noting that these benefits are not without some side-effects. The most 

obvious difference after active power reduction is the increase in leading reactive power 

following the technology substitutions, as shown in Figure 17. 

 

Figure 17: Effect of efficiency measures on reactive power flow (VAr) 

This is essentially caused by two factors: improved power factor compensation on modern 

motor equipment, and electronic power supplies in lighting having leading current 

characteristics. 
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Whilst in the model the motor power factor compensation is not considered in any 

systematic manner, the lighting technology phase angles were measured and therefore 

modelled with some accuracy. 

We can now turn to the effect of the interventions on losses. Figure 18 represents the 

percentage of losses throughout the day per scenario. As expected, the proportion of losses 

is proportional to and has the same shape as the overall demand profile. This is a result of 

the quadratic relationship between load current and losses. 

 

Figure 18: The effect of interventions on network losses 

 

We have estimated the reduction in LV network losses for different appliance substitution 

scenarios during winter months, as presented in Table 7. We observe that the total loss 

reduction, as a consequence of uptake of energy efficient appliances is likely to be material 

reaching 30% in residential areas in winter months. 

Table 7: Reduction in losses for different appliance substitution scenarios 

Scenario Loss reduction  

Cold efficiency 8.2% 
Wet efficiency 4.1% 
CFL light efficiency 10.5% 
LED light efficiency 8.1% 
Efficiency total 30.1% 
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It is important to mention that the model network is well balanced. In practice any 

imbalance will have a significant impact on losses, by increasing coincident load on one 

phase and therefore increasing imbalance and neutral losses.  

5 Conclusions and recommendations 

5.1 Main findings 

The analysis presented in this report, backed by actual customer and appliance data, allows 

us to draw the following conclusions with respect to the expected impact of rolling out more 

efficient appliances into households: 

1. Lighting technology substitution does indeed, in line with previous published results, 

contribute to significant energy savings and to reductions in peak demand. The 

analysis shows that a full substitution with CFL and LED lighting could reduce 

residential peak demand by about 15%. The appliance survey indicates that the 

actual effect of lighting substitution would depend on the relative wealth of the 

area, as higher-income customers tend to have higher demand for lighting and 

hence contribute more to peak demand. Also not modelled in the analysis is the 

effect of ‘fashion’, where the appliance survey shows increased lighting usage in the 

more affluent households from halogen spotlights. We would expect that this trend 

to ‘aspire’ to spotlights will continue to drive increased electricity consumption, 

irrespective of whether it could be more efficiently met by installing LED spotlights 

from the outset as part of a home improvement project, rather than halogens.  

 

2. Cold appliance energy demand is hard to establish accurately, however the 

conservative modelled estimate of demand was slightly above the measured HEUS 

data. It is unlikely that the entire fleet will improve an A+ average in the next couple 

of decades due to the propensity for cold appliances to have a second life (e.g. as a 

second freezer in the garage). Although the benefit of efficient cold appliances for 

reducing peak demand is rather well predictable, the benefits to peak reduction are 

significantly more marginal than with lighting and are estimated at around 3%. 

 

3. Wet appliance substitution, whilst effective in reducing the total energy demand, 

does not have a large effect on peak, resulting in only about 2% reduction for the 

analysed LV network. 

 

4. We estimate that the substitution of existing appliances with energy efficiency 

appliances may reduce LV network losses for more than 30% in residential areas in 

winter months.  

It has to be noted that the quantification of the expected impact of more energy-efficient 

appliances on peak demand level is carried out for appliance category-level substitution 

scenarios without making any forecasts with respect to the timeline in which this 

substitution may occur. Possible future evolution of the uptake of efficient appliances is 

uncertain as it will be driven by a variety of economic and policy factors, so the objective of 
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the report is primarily to inform the debate on the potential benefits of energy efficiency 

improvements. 

5.2 Further work 

This is the first high resolution modelling of a residential London LV network and as such has 

only begun to explore the varying combinations of the numerous loads on the system.  

There are manifold aspects of the broader system that could be explored, but in terms of 

energy efficiency the following areas should be considered: 

1) The variance of results over other networks. 

2) Combined effect with different customer classes on the same LV network. 

3) The impact on losses across the wider network. 
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7 Appendix: Energy efficiency in the home 
 

The climate change agenda has spawned a great deal of literature promoting the benefits of 

energy efficiency, but also confirming that cost-effective efficiency measures are not always 

employed. This phenomenon is more formally known as sub-optimal inter-factor 

substitution. Issues thought to be impeding the diffusion of energy efficiency measures 

include: 

 Inadequate private sector incentives for R&D 

 Imperfect information about technological options and their cost implications 

 Transaction costs (in making the change) 

 ‘Principal-agent’ problems (for example the landlord-tenant problem) 

 Lack of management incentives (thus low priority) 

 Opportunity cost and long payback periods (‘Option to wait’ and energy price 

volatility) [28] 

The first of these issues is being addressed through the activities of, for example, the Low 

Carbon Network Fund, Technology Strategy Board and Carbon Trust, amongst others. 

In terms of the residential sector, these points will be more or less relevant depending on 

the ownership of the home. If the owner/principal agent is also the occupier then there will 

be more motivation to invest to lower future energy costs, as long as there is sufficient 

information and answer to the concerns around payback periods. 

Energy efficiency policy initiatives are designed with the intention of overcoming these 

market failures, typically by providing information and financial incentives to participants. 

The Green Deal has been introduced in order to address the issue of payback periods and 

transaction costs, and to address a specific version of the principal-agent problem involving 

customers moving home before they have achieved payback on energy efficiency 

improvements. Arguably, the most visible policy relating to appliance energy use is the 

energy labelling scheme. 

The compulsory labelling of certain domestic appliances following the European Energy 

Labelling Directive provides comparative information on the energy use of appliances at the 

point of purchase, shown in Figure 19 [29]. 
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Figure 19. The original and current EU energy efficiency label 

At the conception of the scheme, appliances rated were between ‘A’ and ‘G’. The original 

directive 92/75/EC was replaced by directive 2010/30/EU and following this change more 

efficient appliances can now be identified by more recent ‘A+’ to ‘A+++’. The rating is not an 

absolute measure of energy consumption but reflects the relative efficiency of similar 

models. In the case of a refrigerator the rating comparison is derived from energy used in 

the standardised tests and storage volume. 

The labelling scheme was applied first to lighting, cold, and wet appliances but has recently 

been applied to consumer electronics. Efficient ICT products can be identified by the 

voluntary Energy Star endorsement, originating in the US. The Energy Saving Trust also has 

an endorsement scheme which can be applied to any product. 

Comparative labelling means that, for example, a large refrigerator using more energy than 

a smaller one, can still achieve an A+ rating. A corollary of this is that the energy labelling 

scheme does not encourage us to choose smaller appliances.  

The labelling scheme is generally accepted to have been a success, but has in recent years 

has received criticism for:  

 Initial success leading to ‘crowding’ in the A rating [30] 

 Self-certification can result in wide variations of test results [31] 

 Testing conditions are unrealistic, for example fridge tests do not involve opening 

the door, instead the ambient test temperature is raised to 25°C [32]. 

 Low sales of A+ and A++ cold appliances, at 3.8% of sales in 2008 suggested that 

these higher bands are not effective at influencing behaviour [33] 
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Whilst the label scheme is primarily considered as a means to inform consumer choice, 

perhaps its greatest achievement is that it has allowed the prohibition of the least efficient 

appliances. This approach has increased in prominence following a recent review of the 

labelling scheme which has addressed some of the issues listed above. Similar approaches 

have allowed older gas boilers to be condemned when they fail and only permitted to be 

replaced with more efficient condensing equivalents. 

Consequently a survey of the appliances in a large London store revealed that all except one 

of the cold appliances were A+ rated, thus crowding is again an issue in that the labelling 

scheme does not provide product differentiation. 

Figure 20 and Figure 21 represent the relative energy use for washing machines and 

dishwashers against energy rating.4 

 

Figure 20: Washing machine energy demand per 60 degree cycle 

                                                           
 

4
 These charts are estimated because the new and old labelling systems use different test methods 

and appliances under a C rating are not reported. 
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Figure 21: Dish washer energy demand per cycle 

The last figures reported by the now disbanded Market Transformation Programme (MTP) in 

2012 reveal the success of labelling washing machines and dishwashers. The population of 

appliances was estimated by the MTP by collating point of sales data combined with 

estimates of existing stock (see Figure 22). 

Note that significant numbers washing machines have moved beyond an A rating suggesting 

that that a long term transition beyond A is viable. Dishwashers on the other-hand have 

successfully migrated to an A rating but appear stalled at the A rating.  

 

Figure 22: Estimated UK population of washing machines and dishwashers appliances in service by efficiency 
rating [4] 
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Tumble dryers have a high inherent need for energy in order to facilitate the evaporative 

drying process. As can be seen in Figure 23, the efficiency trajectory of tumble-dryers 

suggests limited prospects in terms of technology development, and Figure 24 demonstrates 

that, unlike any other category, a C grade is the most common variant.  

 

Figure 23: Tumble dryer energy demand per kg load 

 

Figure 24: Estimated population of tumble dryers in service by efficiency rating [4] 

Figure 25 represents the relative demand for cold appliances. Note that absolute energy 

consumption is not appropriate here since cold appliances have a very wide range on 

demand depending on size. 

The data is representative of a comparison relative to A+ appliance since these are the 

predominant product offering at the time of writing.  
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Figure 25: Energy demand of cold appliances relative to A+ 

Returning to the last MTP 2012 data in Figure 26, cold appliances are also now 

predominantly in the A category with clear populations forming in the A+ category. The 

different types of cold appliances follow a similar pattern in that they have some lower 

graded appliances, albeit in the minority, but notably a substantial ‘other’ category. This is 

likely to comprise a ‘long tail’ of inefficient appliances.  

 

Figure 26: Estimated cold appliance population by efficiency rating 

These figures show us that cold appliances have undergone the largest transformation in 

terms of energy reduction per appliance with older appliances using over four times the 

energy of a modern equivalent. Wet goods have seen their energy use approximately halve 

in more recent models but have more successfully shed older appliance from their 
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population. This is consistent with anecdotal evidence that older fridges are placed in 

garages and cellars etc. and used as longer-term storage. 

Because cold appliances, dish-washer and washing machine categories have under the 

appliance labelling scheme for well over a decade, with appliance sales tracked up until 2012 

by the MTP, we are able to form a reasonably accurate understanding of the current 

population of appliances. 

It is not possible to fully understand what the national picture is with cold appliances since a 

considerable unknown population is still in use. This situation is even more pronounced with 

tumble dryers, where almost half of the estimated appliance population is of unknown 

energy efficiency (see Figure 24). 

Understanding lighting technology is more straightforward in the sense that whilst individual 

technologies do improve over time there is a marked difference between technologies. 

Modern CFL bulbs use approximately ¼ of the power of an incandescent, and LED products 

are claiming only 10% of the energy use for a given level of light. 

The following section focuses on technical prospects for selected appliance types. 

Prospects for lighting efficiency 

In 2008 the majority of UK domestic lighting equipment was fitted with incandescent bulbs, 

not dissimilar to those used at the birth of domestic electricity supply. The CFL was the only 

widespread alternative to the incandescent light bulb. The CFL is around three to four times 

as efficient, and has a lifetime of 5-10 times of that of an incandescent lamp [34].The lighting 

‘efficiency gap’ was thought to be due to attitudes towards CFLs; negative perceptions 

persist about light quality, flicker and warm-up time, despite these issues having been 

largely addressed [35]. 

The prevalence of the incandescent lamp led government to adopt a position of 

intervention, with policy aiming to increase substitution to more efficient technology. The 

UK Market Transformation programme focused on the opportunities for increased use of 

fluorescent lighting and proposing that Light Emitting Diodes (LEDs) offered the best 

prospect for the future. Other technologies were considered to have only limited benefits, 

for example improvements on incandescent technology, and others are pre-commercial, for 

example organic LED.  

During this period, large energy suppliers were required to deliver energy efficiency under 

the energy efficiency commitment (EEC) and later schemes. In terms of efficiency associated 

with electricity, the distribution and marketing of reduced price or free CFLs to customers 

became the standard approach. However the ‘additionality’ of these programmes was 

questionable as many bulbs were simply sent to customers with no monitoring of their 

deployment. 

In response to the lack of technology substitution, regulations had been developed 

mandating CFL-only fixtures in new building developments [36], and a voluntary agreement 

to incrementally phase out bulbs over certain wattage was agreed by government and major 
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retailers [37]. However, the voluntary agreement has been superseded by a phased 

European ban of incandescent bulbs [38]. 

The last estimate of the lighting types was conducted by the MTP in 2012. Figure 27 

represents an estimate of the total units in operation in UK homes. This identifies a trend, 

also found in a lighting industry association survey in 2010 [2], whereby much of the benefit 

of CFL deployment has been negated by the rising popularity of halogen bulbs. LED bulbs are 

now widely available, the most common format being GU10 fittings making them a direct 

substitute for mains halogen fittings. LEDS are now available that are claimed to use only 

10% of the energy on an incandescent equivalent.  

The popularity of halogen bulbs had led to concern amongst consumers that forthcoming 

legislation would result in the bulbs no longer being available: 

“Incorrect reports in the UK media have given the impression that the Commission 

will remove low-voltage halogen lamps from the UK market without provision for 

proper replacements. These reports will of course have caused undue concern to UK 

consumers and manufacturers and we therefore wish to clarify the issue. Low 

voltage halogen reflector lamps (the halogen spotlights commonly used in 

household kitchens and bathrooms) are not banned in the draft Commission 

Regulation under the Ecodesign Directive, neither in 2013 nor in 2016.” [39] 

In practice all that is happening is a process similar to that which has already occurred in the 

cold and wet appliance sector, that of prohibiting less efficiently units and adding A+ and 

A++ ratings to the labelling scheme.  

 

Figure 27: Lamp types by units installed [4] 
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Prospects for cold appliance efficiency 

The cold category refers to appliances that provide refrigeration services, namely standalone 

refrigerators and freezers, and combined fridge-freezers. Cold appliances are estimated by 

the MTP to account for 19% of UK domestic electricity use in 2005, with the majority of 

households owning at least one refrigerated appliance [5]. For the purposes of modelling the 

MTP use an average percentage ownership of each cold appliance type [5]. However, this is 

problematic if we wish to understand the ownership of appliances at the individual house 

level, because in practice households often own multiple cold appliances. This has been one 

of the key areas in which Low Carbon London and the household survey which it conducted 

has improved current understanding. In 1996 Mansouri and Newbourough [40] provided a 

more detailed breakdown of ownership patterns, shown in Table 8, but this is significantly 

out of date. 

Table 8: Ownership patterns of cold appliances [40] 

Combination Percentage 

Fridge-freezer 32.0 
Refrigerator and upright freezer 19.4 
Refrigerator and chest freezer 9.9 
Refrigerator 8.2 
Refrigerator and fridge-freezer 7.0 
Fridge-freezer and upright freezer 4.9 
Refrigerator, fridge-freezer and upright freezer 4.9 
Fridge-freezer and chest freezer 3.5 
Refrigerator, upright freezer and chest freezer 2.7 
Refrigerator, fridge-freezer and chest freezer 1.5 
Other combinations 6.0 

 

As mentioned earlier, cold appliances have been one of the success stories of increased 

efficiency. These improvements have resulted in the energy use of cold appliances being 

reduced, despite the increase in the number of households and hence appliances [41]. Cold 

appliances were, according to the 1997 Decade report, typically replaced after about 14 

years’ service (ibid). More recent surveys suggest that the average age of a UK cold 

appliance is 5.1 years [42]. 

Cold appliance efficiency is a function of two variables, the efficiency of the heat pump 

system, and the insulation of the storage volume. The energy use of a cold appliance is a 

function of its size, efficiency (as above) and its operating conditions. 

Opening doors and food loading results in increased energy use. Various studies have 

reported figures in the range of 1-10% for door opening, and loading costs being determined 

by the food temperature. However, the most significant issue is the temperature of the 

room where the refrigerator is situated [42]. The room temperature has a twofold effect: 

firstly, the warmer a room, the more often the heat exchanger pump is active; a secondary 

order effect is that the warmer the room the less effective the external heat exchanger will 

be. Ideally, cold appliances should be situated in as cool a location as possible with free air 

flow to the external heat exchanger. This is often not the case with fitted kitchen designs 
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sometimes restricting air flow to the heat exchanger. Another potential issue is that the 

external heat exchangers can collect dust and this affects their efficiency (ibid).  

Surveys have been conducted that show that many domestic cold appliances in operation 

are faulty [41]. Damaged seals, faulty thermostats, loss of refrigerant and compressor wear 

can all affect machine efficiency. The UK appears to have a culture of not servicing 

appliances, with 5% or less of appliances having been serviced. However, this is consistent 

with earlier replacement compared to other European countries [42]. 

Despite mandatory minimum standards and the majority of cold appliances now achieving 

an A+ rating, there appears to be significant technical potential for reducing cold appliance 

consumption.  

Vacuum insulated panels (VIPs) represent a promising technology to improve cold appliance 

efficiency. Existing cold appliances use polyurethane foams to provide insulation, and VIPs 

have a thermal conductivity in the range of 3-7 times lower. VIPs are more expensive than 

current approaches, and refrigerators are very cost sensitive in the competitive market, but 

if mandated or made less expensive they represent an attractive solution because they do 

not reduce storage space as would, for example doubling the polyurethane insulation 

thickness [43]. Polyurethane insulation has been shown to degrade through thermal ageing, 

especially in the first few years of service, with a five to seven percent reduction in insulation 

in years one to three respectively [44]. VIPs would not suffer from this decline in efficiency 

unless they leaked. Beyond the appliance environment and its insulation, further 

improvements can be achieved through the design and operation of the heat pump system. 

Cold appliance compressors typically use asynchronous single phase induction (ASPI) 

motors. Permanent magnet synchronous motors (PMSM) have been proposed as an 

alternative providing higher power factor and the absence of field losses [45]. ASPI 

technology is said to be more appropriate for commercial applications where variable speed 

drives are used, but fixed speed designs are used for domestic application on the grounds of 

cost. 

Alternatively, voltage control electronics can be used to optimise the working efficiency of 

the traditional ASPI. Two problems exist with the operation of ASPIs, ‘design start ability 

criteria’ and ‘variation of working torque’ [46], and these can to some extent be corrected by 

dynamically controlling the voltage fed to the compressor motor.  

The physical properties of the refrigerant fluid used in the heat pump system are an 

important factor in heat pump efficiency. The banning of chlorofluorocarbons (CFCs) 

because of their effect on the ozone layer has led to alternatives being adopted, commonly 

R134a or HC600a. These are problematic in that they are powerful greenhouse gasses, thus 

the search for an effective more environmentally benign refrigerant continues [47]. 
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Prospects for wet appliance efficiency 

Washing Machines 

Washing machines require energy for four basic processes: heating water, agitating the load, 

spin drying and pumping waste water. In the past it was common for UK washing machines 

to have a hot water as well as cold water feed, but this approach has fallen from favour 

despite the potential efficiency benefits of using gas to heat water. This may be because the 

EU labelling scheme does not reward hot water feeds, and a hot feed requires additional 

components thus impacting cost. 

There are cases of UK appliance designs trading off wash temperature to achieve higher 

efficiency labelling.  

The energy use per wash programme has fallen as a result of two factors, the decline in the 

use of hot washes, shown in Table 9.  

Table 9: Estimated  trends in washing machine temperature settings, uses per year [48] 

Programme 1999 2000 2005 2010 2015 2020 

40°C 177 179 186 187 187 187 

60°C 90 89 83 82 82 82 

90°C 6 6 5 5 5 5 

 

Options to improve motor drives include using inline voltage control [49] similar to those 

already discussed with reference to cold appliances, induction versus commutator motors 

[50], and more complex induction motor control [51]. Other research has identified the 

benefits of micro-processor machine management to optimise wash parameters [52]. 

Dedicated silicon chips are now available that contain all the control logic for a washing 

machine including wash performance optimisation [53]. 

Dishwashers 

Dishwashers perform three main processes that require electrical energy: heating of water 

during the washing process, pumping water to drive the spray mechanism and to expel 

water, and heating the air inside the machine to dry the load. 

As with washing machines, modern dish washers tend to only have a cold water inlet where 

both hot and cold were once common. Some manufactures state that their machines can 

use hot water fed into the cold inlet as an energy saving measure. However this does mean 

that the initial rinse cycle will use hot water whereas this process would usually be 

performed with cold water.  

On some machines the hot air drying process can be turned off, reducing energy 

consumption, but this feature is not universal. This is a useful option if the user has time to 

wait for the load to dry ‘naturally’.  
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Like washing machines there has been a trend to lower wash temperatures, see Table 10. 

The reduced temperature with better managed water use has had a significant effect upon 

the total energy used per wash. Average A rated appliance are shown in Table 11. 

Table 10: Trends in dishwasher temperature settings uses per year 

Wash Temperature 1998 2000 2005 2010 2015 2020 

55°C 90 93 101 110 120 121 

65°C 161 157 147 135 124 121 

Total 251 250 248 245 244 242 

 

Table 11: Average energy consumption of dishwasher settings [5] 

Programme
5
 kWh 

55°C 1.07 

65°C 1.44 

 

No literature was found relating to technology options to increase dish washer efficiency. In 

2006 ‘best available technology’ appliances were identified to be using 0.83 kWh per wash 

[54] and this is just close to the threshold for an A+++ rating. This is of interest because A+++ 

wet appliances have only become common place in the last two or three years. This 

demonstrates the inertia inherent in production systems. 

Summary 

Despite the distribution of large numbers of CFL light bulbs to residential customers, 

incandescent bulbs are still in widespread active use. Whilst historically there has been some 

resistance to CFL technology, the issues typically raised have largely been resolved. The 

quality of light from a CFL is now difficult to distinguish from an incandescent bulb if it is of 

the warm light variety. 

Since traditional GLS bulbs are now not as widely available, because of the EU ban, CFLs will 

become more prevalent. 

The rise in halogen bulb usage suggests that there is considerable potential in substituting 

these with LED equivalents. LED technology is improving rapidly and many compatible 

variants are available to substitute both GU10 (high voltage) and G12 (low voltage) variants. 

Cold appliances have seen a dramatic reduction in ‘sales fleet’ energy efficiency since the 

outset of the labelling scheme. Whilst the appliances in use are predominantly A rated, there 

is a significant number believed to be in operation that pre-date the labelling scheme. A 

                                                           
 

5
 Dishwashers are assumed to use the same amount of water and energy regardless of how fully they 

are loaded. Tests with full and part loads showed little difference in energy consumption. It is 

assumed that most 12-place dishwashers are only seven places full when used.  
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corollary of this is that there is clearly scope for improved efficiency in this population but 

given that these may be situated in garages or basements (and hence at an unknown 

temperature), and of an unknown rating, their demand is difficult to estimate.  

Wet appliances have shown improvements in energy efficiency in the region of 70% but 

were not an MTP target for radical efficiency gains. There is a range of technologies that 

could offer further improvements, but it remains to be seen if these enter the market. 

Further reductions in wash temperatures may be seen with clothes washing and the advent 

of improved detergents, and temperature settings are common on modern machines. In 

terms of dishwashers, hygiene concerns are unlikely to reduce the wash and rinse 

temperatures to below 50 centigrade. The positive news with both washing machines and 

more recently dishwashers is that A+++ ratings are now increasingly available. 

 



Project Overview
Low Carbon London, UK Power Networks’ pioneering learning programme funded by Ofgem’s Low Carbon Networks Fund, has 
used London as a test bed to develop a smarter electricity network that can manage the demands of a low carbon economy 
and deliver reliable, sustainable electricity to businesses, residents and communities. 

The trials undertaken as part of LCL comprise a set of separate but inter-related activities, approaches and experiments. They 
have explored how best to deliver and manage a sustainable, cost-effective electricity network as we move towards a low 
carbon future. The project established a learning laboratory, based at Imperial College London, to analyse the data from the 
trials which has informed a comprehensive portfolio of learning reports that integrate LCL’s findings. 

The structure of these learning reports is shown below:

A1 Residential Demand Side Response for outage management and as an alternative  
to network reinforcement 

A2 Residential consumer attitudes to time varying pricing
A3 Residential consumer responsiveness to time varying pricing
A4 Industrial and Commercial Demand Side Response for outage management  

and as an alternative to network reinforcement
A5 Conflicts and synergies of Demand Side Response
A6 Network impacts of supply-following Demand Side Response report
A7 Distributed Generation and Demand Side Response services for smart Distribution Networks
A8 Distributed Generation addressing security of supply and network reinforcement requirements
A9 Facilitating Distributed Generation connections
A10 Smart appliances for residential demand response

Distributed 
Generation and 

Demand Side 
Response

Network Planning  
and Operation

C1 Use of smart meter information for network planning and operation
C2 Impact of energy efficient appliances on network utilisation
C3 Network impacts of energy efficiency at scale
C4 Network state estimation and optimal sensor placement
C5 Accessibility and validity of smart meter data

Electrification of  
Heat and Transport

B1 Impact and opportunities for wide-scale Electric Vehicle deployment
B2 Impact of Electric Vehicles and Heat Pump loads on network demand profiles
B3 Impact of Low Voltage – connected low carbon technologies on Power Quality
B4 Impact of Low Voltage – connected low carbon technologies on network utilisation
B5 Opportunities for smart optimisation of new heat and transport loads

Future Distribution 
System Operator

D1 Development of new network design and operation practices
D2 DNO Tools and Systems Learning
D3 Design and real-time control of smart distribution networks
D4 Resilience performance of smart distribution networks
D5 Novel commercial arrangements for smart distribution networks 
D6 Carbon impact of smart distribution networks

Summary SR DNO Guide to Future Smart Management of Distribution Networks 
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