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Abstract

An increasing interest in the representation of the intra-day variability observed in domestic electricity
consumption patterns has driven the development of various modelling frameworks that incorporate consumer
behavioural patterns as a key element for the simulation of electricity consumption. Some of the existing
models produce reasonable representations of the broader characteristics of user activity patterns, typically
rendered as dwelling occupancy patterns. However, when these activity patterns are used to produce estimates
of the electricity demand loads associated with such activities, little attention is paid to the links between
activities and the actual use of the electric equipment responsible for the production of the actual demand
loads. Instead, the simulation of demand loads from activity patterns is ruled by simplifying assumptions that
mask the reality behind those links. This paper therefore seeks to unpack the relationship between activity
and electricity demand profiles by focussing on the underlying activity patterns in more detail, and how these
relate to the usage patterns of the associated appliances. These relationships are studied based on currently
available datasets. The analysis of the activities associated with the use of more than one appliance revealed
the differences between the likelihood of each appliance being activated throughout the day relative to user
engagement in the activity the appliance is associated with. In practice, what this shows is how each appliance’s
share of the demand load associated with the activity varies throughout the day. As a result, the power
consumption associated with a particular activity is subject to the same kind of variability; activity-related
demand. The results of this analysis can be used in conjunction with current or new modelling approaches
with a view to linking the user activity patterns with the simulation more of realistic electricity demand loads.
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1. Introduction1

Daily demand load profiles are becoming increas-2

ingly relevant in the planning and design of energy3

systems. System flexibility is more costly to deliver4

in low-carbon systems and more detailed informa-5

tion about the intra-day variations in energy demand6

could therefore afford more cost-effective infrastruc-7

ture developments.8

In countries like the UK, the transition towards a9

low-carbon economy may lead to the creation of new10

major demand loads, such as those derived from the11

electrification of transport and heating [5, 7]. After12

years of declining electricity demand, which eased ca-13

pacity constraints, these new loads could pose serious14

new challenges to capacity provision.15

A better understanding of the relationship be-16

tween user behaviour and electricity demand loads17

would provide us with an opportunity for improving18

energy systems’ performance. With a more detailed19

knowledge of the underlying processes that give rise20

to the observed electricity demand profiles we might21

be able develop adequate demand-side management22

(DSM) strategies, which seek to mitigate the need for23

costly storage or other surplus capacity by shifting24

the timing and reducing the magnitude of demand25

[11].26

DSM is seen by many as a key component of a27

smart grid. Robust models, capable of producing28

accurate representations of energy demand loads and29

their flexibility in relation to the societal functions30

they fulfil, are crucial to assess the potential of DSM31

strategies [24, 31].32

The branch of energy demand modelling based on33

the simulation of user activity is an area of energy34

research that has recently attracted considerable at-35

tention. Several models of residential demand based36

on occupancy data have been developed over the last37

decade [2, 13, 16, 18, 20, 30, 31].38

The earliest examples have taken a deterministic39

approach when it comes to linking the occupancy40

profiles to the generation of simulated demand loads41

[31]. The simplicity of this approach yields satisfac-42

tory results at the aggregate level, but fails to cap-43

ture the diversity of demand at household level [19].44

Probabilistic methods are capable of producing more45

realistic representations of the variability of metered46

consumption patterns as demonstrated by [28] and47

[17].48

As Fig. 8(B) illustrates, daily average occupancy49

would make for a good first order predictor of de-50

mand. However, this figure also shows that at some51

of the most critical times the two measures diverge.52

Simulations overestimate the morning ramp up and53

also the duration of the evening peak. Conversely,54

baseload demand is significantly underestimated.55

As has been pointed out elsewhere, any model56

seeking to represent electricity demand needs to take57

a detailed account of the timing of energy-related ac-58

tivities [10, 24]. In addition, accurate representations59

of the timing of the associated demand loads, which60

result from the use of the associated appliances, plays61

a vital role in the analysis of scenarios such as the im-62

plementation of DSM. The potential future changes63

in demand make much more relevant to understand64

the specific appliance use in more detail, as strate-65

gies such as load shifting are highly appliance specific66

[10].67

This paper thus aims to help further our un-68

derstanding of the activity-to-demand dynamics by69

delving into the links between people’s engagement70

in activities and the (potential) appliance usage that71

results from it. Section 3 discusses the key elements72

of the datasets used for the analysis and the data73

processing methods. A methodology for comparing74

activity profiles with electrical profiles was developed75

and is discussed in Section 3.3. We then present76

activity-specific results and associated appliance use77

in Section 4.1. The emerging discrepancies and their78

implications for demand models are discussed in our79

conclusions section.80
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2. Activity-based load modelling background81

In the residential load modelling literature there82

is an emerging effort to link electricity demand with83

the timing of user activities. This approach focuses84

on simulating household activity patterns, usually85

through probabilistic methods. These models tend86

to be based on data from national time-use surveys.87

A review of models developed based on this approach88

can be found elsewhere [23].89

The release of the data from the UK time-use sur-90

vey of 2001 [12] motivated the development of one91

of the most widely implemented models for residen-92

tial electricity demand based on activity data [19].93

This model uses time-use data to simulate daily oc-94

cupancy profiles which are then used to determine95

whether certain simulated appliances are activated96

throughout the day. During states of active occu-97

pancy appliance activation is determined based on98

the probability that members of the household are99

engaged in the activity the appliance is associated100

with. The model has been used elsewhere ([17])101

to create a simulated counterpart of an empirical102

dataset [6]. As the analysis presented in [17] points103

out, the simulated households were configured such104

that each one of them had a counterpart in the em-105

pirical dataset. That is, parameters such as house-106

hold size and average household annual consumption107

were assigned on a one-to-one basis and the appliance108

contents of the simulated households were matched109

as closely as possible with those of the corresponding110

empirical counterpart. As Fig. 1 shows, the model111

provides a reasonable estimate of the overall average112

daily load profile. However, as the analysis presented113

in [17] reveals, the assumptions about appliance us-114

age in relation to engagement in the activities the115

appliances are associated with lead to a misrepre-116

sentation of the associated demand for electricity.117

Models based on the same approach, that is, the118

conversion of active occupancy into demand for elec-119

tricity, have been developed for other countries,120

Figure 1: Average daily load profiles. Adapted from [17].
Based on data from [26, 32]. Class 1 customers refers to
ELEXON’s customer classification (see [26]).1

namely Belgium [1], Spain [14] and Sweden [29].121

While there are some differences in terms of the122

way activity patterns are generated, the assumptions123

about appliance usage are essentially the same; ac-124

tivity engagement is the only proxy for appliance us-125

age. A more detailed classification of models based126

on this occupancy-to-demand approach can be found127

elsewhere [10].128

People’s engagement in activities is not in itself129

the cause of the demand loads associated with those130

activities; rather it is the use of the electrical appli-131

ances associated with or needed in order to perform132

such activities (see Fig. 2). Since the model devel-133

oped by Richardson et al. [19] was published, de-134

tailed datasets on appliance electricity consumption135

have become available [6]. These new datasets can136

now be used in conjunction with time-use data to137

provide new insights into the links between activity138

patterns and the associated appliance usage.139

As has been pointed out in the load modelling lit-140

erature, small-scale demand modelling needs to ac-141

count for the influence of household characteristics142

and the stochasticity of individual behaviours, but it143

also requires that an accurate representation of the144

1The load profile corresponding to Class 1 customers is de-
picted to serve as a point of reference to show not only how
the simulated and metered profiles compare to one another,
but also how they compare to the reference profile. Class 1
comprises residential customers supplied on unrestricted tar-
iffs, with a maximum demand below 100 kW as measured by
metering systems containing only one meter register. There
are eight profile classes, and for each profile class a sample
group of electricity supply customers is randomly drawn from
the population of electricity supply market customers. These
samples are designed to provide an accurate estimate of the
load pattern for each class of customers for use in electricity
settlement processes.
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linkage between activity and activity-initiated energy145

use is achieved [10, 24]. To that end, this paper146

seeks to help provide a better picture of the activ-147

ity engagement-appliance usage links so that better148

representations of them can be realised.149

3. Data and methods150

Brief introductions to data on activities and ap-151

pliance usage are given in Sections 3.1 and 3.2, re-152

spectively. This is followed by a description of the153

methodology implemented for the extraction of the154

relevant patterns from the source datasets (Sec. 3.3).155

3.1. Activity data156

Time-use surveys are studies concerned with how157

people spend their time. Their primary aim is to pro-158

vide a direct measure of the amount of time spent by159

the population on various activities; these statistics160

are collected at a national level. Most EU member161

states have undertaken this kind of studies since the162

late 1990s following the guidelines of the Harmonised163

European Time-Use Study. In 2001, the UK Time-164

Use Survey (TUS) [15] which has been the base of165

the most recent time-use studies and activity-based166

models for the UK was conducted on behalf of sev-167

eral government departments. The surveyed sample168

comprises 6,414 households from across the UK. All169

survey respondents were asked to record their daily170

activities in detailed 24-hour diaries, producing over171

18,000 (adult) diary entries. Each respondent was172

asked to complete diaries for two days: one weekday173

and one weekend day. Respondents’ activities were174

logged every 10 minutes starting at 4:00 AM on the175

day in question. The analysis presented in this pa-176

per will focus on three key elements of this dataset:177

main and secondary activity, and location diaries.178

The activity information reported in both main179

and secondary activity diaries is recorded in the form180

of a pre-defined set of codes which cover a wide range181

of everyday activities [15]. The two activity diaries182

combined allow us to get a much better picture of183

how people spend their time at home; in particular,184

when they engage in activities that may result in185

demand for electricity.186

Among the surveyed activities, a distinction can187

be made depending on whether they can be linked to188

electricity consumption through the use of domestic189

appliances. For some of those activities it is possible190

to make a clear distinction. For some others, how-191

ever, the distinction is somewhat ambiguous. People192

engaging in these kinds of activities may not neces-193

sarily decide/need to make use of appliances. The194

diagram in Fig. 2 illustrates this point, taking some195

of the activities surveyed by TUS as examples.196

Figure 2: Characterisation of activities according to their re-
lationship with energy use (example).

The activities on which the present analysis fo-197

cuses are listed in Table 1, along with the monitored198

appliances that can be (unambiguously) associated199

with them. A similar mapping between activities and200

appliances was used by Stankovic et al. [22]. In [22]201

the authors make use of these associations to draw in-202

ferences about the household activity profiles based203

on metered electricity use. They define an ‘activi-204

ties ontology’ that maps a set of 16 activities to the205

different energy-using devices that can be associated206

with the corresponding activities. The set of activi-207

ties is grouped into four broad categories, which in-208

clude activities corresponding to ‘daily routines’ and209

‘computing and leisure’. Within the ‘daily routines’210

categories activities such as cooking, laundering, eat-211

ing, washing, and sleeping are found. Within the212

‘computing and leisure’ category activities such as213

watching TV, gaming or using the computer are in-214

cluded.215
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3.2. Appliance usage data216

Over the period May 2010 to July 2011, daily elec-217

tricity consumption levels of 250 UK households were218

monitored and recorded as part of a national study219

[9]. The Household Electricity Survey (HES) was220

jointly commissioned by Defra, DECC and the En-221

ergy Saving Trust and its main aim was to monitor222

total electricity consumption of the surveyed homes223

as well as that of individual major appliances [32].224

The final report on this study observed that the mon-225

itored households were chosen such that the whole226

sample matched the typical socio-economic mix [32].227

Only owner-occupiers were recruited for the study.228

The households, however, were still fairly typical in229

terms of socio-demographic factors [32].230

The data from this study [6, dataset] allow us to231

identify overall daily appliance usage patterns. The232

dataset is a collection of daily load profiles corre-233

sponding to the appliances monitored within the sur-234

veyed households. The overall length of the moni-235

toring period of each appliance varies across house-236

holds; some households were monitored for a full237

year, whereas others were monitored for “one-month-238

long” periods with effective lengths varying between239

20 and 30 days.240

The monitored appliances can be grouped into cat-241

egories corresponding to the groups of appliances242

typically used when performing certain activities243

(Table 1). There are also some appliances which244

could be broadly categorised as non-activity-related245

energy uses (e.g. cold appliances). Despite the fact246

that these appliances remain important in terms of247

their energy use, they are not significantly affected248

by the activities of the members of the household.249

As this study focuses on exploring the linkages be-250

tween user activities and appliance usage, this kind251

of appliances was excluded from the analysis.252

Table 1 summarises the areas in which there are253

reasonable expectations that a mapping between254

user activities and monitored energy use exists. It255

lists the activities that are studied in this paper, as256

well as the monitored appliances that are being asso-257

ciated with them. The names of the appliances listed258

correspond to the labels used in HES records.259

Table 1: Activities and list of monitored appliances associated
with them.

Activities Associated appliances
(from TUS

diaries)
(monitored by HES)

Food preparation
cooker, oven,
microwave, kettle

Laundering
Washing machine,
washer dryer, Tumble
dryer

Dish washing Dish washer

TV watching
TV1, TV2, TV3, CRT
TV, LCD TV, plasma
TV, Audio-visual site

ICT related
Desktop PC,
Computer site, Laptop

As we observed in the previous section, the map-260

ping of appliances onto activities defined in this pa-261

per is consistent with the one used in [22]. However,262

we focus on those activities that are meaningful in263

terms of households’ daily routines and likely to have264

a significant share of total electricity consumption.265

The appliances associated with the activities anal-266

ysed in this paper account for over 40% of the total267

household annual consumption [4]. Therefore, there268

is great potential for the use of these appliances to269

reduce both daily and annual household electricity270

consumption. However, in order to provide a good271

estimate of such potential, and more importantly to272

be able to exploit it, it is necessary to have a better273

understanding of the way these appliances are used274

and how their use relates to the reported activity275

patterns.276

There are many other activities that may result277

in demand for electricity. However, these activities278

may not necessarily be a determinant in the every-279

day lives of households. Therefore, identifying their280

corresponding electricity demand loads based on cur-281

rently available data would prove considerably more282

complicated. In this context, we refer to an activity283
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as a ‘determinant’ in the daily routines when there284

is a reasonable expectation that this kind of activity285

is likely to be of high priority. That is, some ‘less286

important’ activities are likely to be planned around287

those high-priority activities, and this in turn would288

determine the overall daily routine/activity pattern.289

There is always a possibility that this kind of activ-290

ities may in fact be determinant of the overall daily291

activity patterns of certain individuals or groups of292

people. However, based on what is observed in the293

empirical data, this is rarely the case and therefore294

neglected.295

3.3. Extraction of daily activity and appliance usage296

patterns297

Activity and appliance usage data stem from dif-298

ferent studies undertaken at different times. How-299

ever, meaningful comparisons can be made between300

them focusing on the generic links. In order to do301

this, two assumptions are made. First, it is assumed302

that the patterns observed in these two samples are303

indeed representative of the overall patterns across304

the broader population; the second assumption is305

that the potential changes in the timing of activi-306

ties and appliance usage during the time gap that307

separates both studies were small enough so as to308

have the overall patterns preserved.309

Daily activity profiles were extracted from the310

time-use data for each of the activities listed in Table311

1. At any given 10 min interval of the day, the rate312

of engagement in a particular activity is given by the313

number of times TUS respondents reported engaging314

in that activity at that time over the total number315

of diary slots in TUS records for the corresponding316

interval. In other words, it is the probability that a317

random person would engage in this activity at this318

time of the day. To produce the activity profiles, a319

combination of main and secondary activity diaries320

was used. The need for the use of the two diaries321

is due to the fact that some activities with a very322

direct link to electricity consumption, such as TV323

watching, are often deemed to be secondary activ-324

ities. In order to account for this possibility, both325

diaries are analysed simultaneously. In this way, it326

is ensured that the most accurate representation of327

people’s engagement in certain activities throughout328

the day is achieved. The activities recorded in the329

activity diaries are by no means restricted to a partic-330

ular location. Therefore, we made use of the location331

diaries to filter for “in home” activities.332

In addition, based on the activities and locations333

reported in these diaries, overall occupancy profiles334

were also extracted. These occupancy profiles essen-335

tially show the probability of finding a random per-336

son engaging in any of three occupancy states consid-337

ered: active occupancy, passive occupancy (sleeping)338

and absence. Based on each individual adult diary,339

an occupancy profile featuring the three occupancy340

states previously mentioned was created. Then, in341

a similar manner to the calculation of the activity342

profiles, the overall occupancy profile was calculated343

by aggregating all the individual profiles.344

Daily appliance usage profiles were extracted from345

the HES data for each of the appliance groups listed346

in Table 1. The HES dataset is basically a collection347

of daily appliance-level electricity consumption pro-348

files. Therefore, a direct comparison against the TUS349

data is not possible. The methodology for the extrac-350

tion of the appliance usage profiles is different to the351

one used for TUS data processing, as this involved a352

more complex treatment of the relevant data. The353

main goal was to determine when an appliance was354

being actively used; hence, any baseload-like contri-355

butions to the load profile had to be discarded.356

For the treatment of HES data two things had to357

be taken into consideration. Firstly, the length of358

the monitoring period of each appliance varies, due359

to the issues discussed in Sec. 3.2. What this means360

in terms of the analysis is that the number of days361

each kind of appliance (e.g.“kettle”) was monitored362

across households is different. For this reason, the363

monitoring period of each individual appliance had364
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to be treated separately.365

Secondly, appliances found in different households366

have different consumption characteristics, in spite367

of sharing a common label in HES records. That368

is, appliances with the same label may have differ-369

ent power requirements, different duty cycles, stand-370

by consumption and so on. Based on all the avail-371

able data on each of the monitored appliances, the372

baseload consumption of each appliance (i.e. stand-373

by or losses) was estimated. This was then used as a374

threshold value for determining the moments of the375

day in which the appliance was actually in use. An376

appliance is considered to be “on” when its stand-by377

consumption threshold is exceeded by 50%. This is378

an extra precaution to account for the fluctuations379

observed in the power drawn during the stand-by380

phases of the different appliances. It is not possible381

to determine whether these fluctuations are metering382

errors or actual variations in the power drawn by the383

appliance. However, it is still necessary to account384

for them in order to avoid false positives.385

A daily usage profile was thus generated based on386

this information for each day of the monitoring pe-387

riod of that particular appliance. These usage pro-388

files are binary sequences, where 1 indicates an active389

state and 0 a state of inactivity. All the daily us-390

age profiles corresponding to appliances sharing the391

same label are then aggregated. At any given 10392

min interval, the rate of use of a particular appliance393

is given by the number of times the appliance was394

being actively used at that particular time over the395

total length of the monitoring period of that partic-396

ular appliance in HES records. In other words, it is397

the probability of finding that type of appliance in398

use at that time of the day.399

The purpose of these profiles is to provide a400

graphic summary of the likelihood of finding a given401

appliance in use at a given time of day. Although402

based on metered appliance electricity consumption403

data, the profiles should not be taken as probabilistic404

models for appliance usage as such. The data used405

for the analysis could also be used to create a simple406

probabilistic model of appliance usage by assuming,407

for instance, a first order Markov process. To this408

end, transition probability matrices would need to409

be extracted for each transition between the time in-410

tervals into which the day is divided. For the purpose411

of the analysis presented in this paper, however, the412

likelihood profiles presented are sufficient.413

For the activities associated with more than one414

type of appliance, in addition to individual appliance415

usage profiles, general usage profiles based on the use416

of all the appliances associated with the activity were417

extracted. These profiles are meant to provide an es-418

timate of users’ engagement in these activities based419

on the use of the associated appliances. The data420

processing for this part of the analysis was carried421

out in a similar manner to that of the individual ap-422

pliance usage profiles; this time, however, taking all423

the relevant appliances into account. For example,424

to extract the general cooking appliances’ usage pro-425

file, daily usage profiles were obtained for every day426

in the monitoring periods of every cooking appliance.427

Then, the general appliance usage profile was derived428

from the overall aggregate of daily usage profiles and429

the total number of days in the combined monitoring430

periods.431

By using these profiles we are able to compare the432

two datasets in terms of activity and appliance use433

probabilities. In the following section we present the434

results of such comparisons.435

4. Results and Discussion436

Activity and appliance usage profiles were ex-437

tracted from the TUS and HES data respectively438

in order to explore the links between activity and439

activity-related energy use. First, we present the re-440

sults of the analysis of the five activities of inter-441

est and their corresponding appliances’ usage pro-442

files, and discuss the observed relationships. Next,443

we use the average occupancy profile extracted from444
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the time-use data to show how the oversimplification445

of these linkages and the influence that active occu-446

pancy has over electricity demand loads may lead to447

severe misrepresentations when simulating electricity448

consumption.449

4.1. Activity profiles and appliance usage450

As we discussed in Section 3, the activities anal-451

ysed as part of this study were chosen based on:452

(1) their general importance in terms of the repre-453

sentation of residential users’ behavioural patterns,454

and (2) the reasonable expectation that such activ-455

ities could results in electricity use. Table 1 sum-456

marises the activities relevant to this study, as well457

as the monitored appliances which were associated458

with them for the purpose of the analysis.459

In the sections below activity-specific results are460

presented and discussed.461

4.1.1. Food preparation/Cooking462

A common general pattern is observed in the food463

preparation activity profile and the general cooking464

appliances’ usage profile derived from all the relevant465

appliances in HES data; as Fig. 3(A) shows, three466

peaks approximately centred around mealtimes can467

be identified. Two main differences between these468

two profiles can be pointed out. In the general ap-469

pliances’ usage profile the evening peak occurs about470

40 minutes later than in the activity profile. More-471

over, this general appliances’ usage profile would ap-472

pear to indicate that engagement in cooking activi-473

ties throughout the day is more likely than the ac-474

tivity profile would suggest.475

The differences in the likelihood levels are particu-476

larly noticeable in the period between 7:00 and 15:00477

hr. The higher levels, however, are not necessarily478

an indication that the amount of people engaging in479

cooking activities during this time is larger. These480

discrepancies are rather due to the fact that simulta-481

neous use of cooking appliances appears to be more482

common during daytime. This could potentially be483

attributed to people making preparations for meals484

in advance. Fig. 3(B) shows that as dinner time ap-485

proaches and the final stages of the day’s cooking or486

food preparation activities get under way the use of487

ovens and cookers ramps up, whereas the use of the488

other smaller appliances (e.g. kettles) continues to489

decline.490

Figure 3: Daily food preparation and cooking activity profiles.
A) General cooking appliances’ usage profile. B) Individual
cooking appliances’ usage profiles.

The usage profiles corresponding to the four main491

cooking appliances in HES records are plotted along-492

side in Fig. 3(B). These are also the appliances pri-493

marily associated with cooking activities in a more494

general context. Their corresponding usage profiles495

clearly show that the likelihood of each one of these496

appliances being used throughout the day varies at497

different rates. The comparison of individual us-498

age profiles makes evident that the contribution to499

the overall demand load of each one of the cooking500

appliances varies independently throughout the day.501

What this could mean in practice is that the ‘relative502

usefulness’ of each appliance changes depending on503

the time of the day. For instance, it is observed that504

food preparation activities in the morning appear to505

be strongly correlated with the use of kettles; the use506

of the other appliances appears to be much less rele-507

vant in comparison. In contrast, in the evening, the508
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correlation between food preparation activities and509

the use of ovens appears to be the strongest.510

4.1.2. Laundering511

Laundering activities appear to be more prominent512

in the morning hours. Fig. 4(A) shows that there is a513

major peak in both laundering activity and appliance514

usage centred around 10:30 hr, followed by a steady515

decline towards the end of the day. As in the case of516

food preparation activities, a general common pat-517

tern is observed in both activity and appliance usage518

profiles. Two main differences between activity and519

appliance usage profiles stand out. Both profiles fol-520

low each other very closely up until the peak occurs.521

However, after the peak the general appliances’ us-522

age profile would appear to indicate that engagement523

in laundering activities is more likely than the activ-524

ity profile would suggest. In addition, the general525

appliances’ usage profile would appear to indicate526

that there is a second peak, approximately centred527

around 19:00 hr. The higher likelihood levels ob-528

served in the general appliances’ usage profile could529

potentially be attributed to the differences between530

the perceived duration of laundering activities from531

a user perspective and the actual duration of an ap-532

pliance’s cycle of operation. Users would only report533

being engaged in laundering activities when they are534

actively taking part in the process; loading and ac-535

tivating a washing machine, for instance. From the536

appliance’s perspective, however, laundering activity537

would be registered from the moment the appliance538

is activated and until its duty cycle is completed.539

As Fig. 4(B) shows, the individual usage pro-540

files corresponding to washing machines and tumble541

dryers are essentially different. The peak in wash-542

ing machines’ usage is consistent with the peak ob-543

served in the laundering activity profile; both peaks544

occur roughly at the same time of day. Washing545

machine usage follows the same general pattern ob-546

served in the activity profile. However, the appliance547

usage profile shows consistently higher levels of likeli-548

hood. The observed differences can be attributed to549

the same phenomenon observed in Fig. 4(A). Tum-550

ble dryers’ usage profile shows a different trend to551

the one observed in the laundering activity profile.552

Rather than presenting a well-defined peak in the553

morning, this profile looks more like a plateau with a554

maximum likelihood period extending approximately555

from 13:00 to 17:00 hr. This period is followed by a556

gradual decline towards the end of the day, consistent557

with what is observed in both the washing machine558

usage and activity profiles.559

The differences between the washing machine and560

tumble dryer usage profiles appear to be consistent561

with what is observed in practice. Firstly, they re-562

flect the fact that when tumble dryers are used they563

are almost invariably run after washing machines.564

Secondly, the generally lower rates of use reflected by565

the tumble dryer usage profile can also be attributed566

to the fact that tumble dryers are less ubiquitous567

than washing machines. In addition, tumble dryers568

are less commonly used due to the use of other drying569

methods (e.g. line drying).570

Figure 4: Daily laundering activity profile. A) General laun-
dering appliances’ usage profile. B) Individual laundering ap-
pliances’ usage profiles.

4.1.3. Dish washing571

The dish washing activity profile shows three well572

defined peaks, clearly centred around typical post-573
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prandial times. The dishwasher usage profile, how-574

ever, as Fig. 5 shows, appears to be divided into575

two broader regions: before and after 16:00 hr. The576

first region exhibits a single peak that is consistent577

with the morning peak observed in the activity pro-578

file. However, the peak in the appliance usage pro-579

file occurs about 40 minutes later than in the activity580

profile. During the period when the midday peak oc-581

curs in the activity profile, the usage profile exhibits582

a more levelled region. As for other appliances, this583

could be attributed to the effect of the duration of584

the appliance’s cycle of operation.585

The second region of the dishwasher usage pro-586

file exhibits two peaks. The first one is consistent587

with the evening peak observed in the activity pro-588

file. As the morning peak, this peak in appliance589

usage occurs about 1 hr later than in the activity590

profile. Figure 5 also suggests that there is a strong591

tendency among dishwasher owners to run the appli-592

ances overnight, as the peak occurring around mid-593

night indicates.594

Figure 5: Daily dish washing activity and metered dishwasher
usage profiles.

4.1.4. TV watching & ICT related595

Perhaps not surprisingly, TV watching is most596

prominent in the evening hours. However, Figure597

6(A) shows that reported TV watching is signifi-598

cantly lower than the measured consumption from599

TV sets would suggest. In the first instance, this600

can be attributed to the systematic under-reporting601

of the time spent watching TV. It may, however, also602

be related to the definition of the activity itself.603

Figure 6: Daily TV watching and ICT related activity pro-
files. A) TV watching activity and metered overall TV usage
profiles. B) ICT related activity and metered overall IT ap-
pliances’ usage profiles.

Participants in time-use surveys are asked to re-604

port on what they do, not which appliances are in605

use. A TV set, which is permanently running in the606

background while people go about their lives, will607

not be reported as an activity. Figure 6(A) suggests608

that this under-reporting effect is greatest during the609

daytime (up to 70%), whereas the evening peak at610

around 10 pm is captured fairly accurately in time611

and also better captured in magnitude. The lower612

under-reporting at peak (25%) could be a result of613

more people ‘actively’ watching TV.614

4.2. Dependence of simulated power consumption on615

active occupancy616

Previous studies have pointed out that the daily617

electricity load profile is strongly affected by changes618

in the occupancy of dwellings throughout the day. A619

combination of the activity and location diaries from620

TUS data allows us to determine the proportion of621

people likely to be engaged in a certain occupancy622

state at each 10 min interval of the day. The resul-623

tant average daily residential occupancy profile has624

a distinctive shape that translates into clear indi-625

cations about people’s preferences when it comes to626

where they spend their time at different times of day.627
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These preferences, of course, are subject to some628

change; the differences in these preferences mani-629

fest themselves, for instance, when the average occu-630

pancy profiles corresponding to weekdays and week-631

end days are compared (see Fig. 7). In each of these632

profiles, three shaded regions can be observed. Each633

one of those regions corresponds to one of three ba-634

sic occupancy states: active occupancy, passive oc-635

cupancy (sleeping) and absence. The vertical axis636

indicates the probability of finding a random person637

engaging in any of the three states considered.638

The differences in the typical everyday activities639

for the two types of days are evident from these pro-640

files. As Fig. 7 shows, despite the daily occupancy641

profiles having roughly the same shape, the proba-642

bilities of finding a random individual at home at a643

given time of the day differ. For instance, on average,644

it is about 20% more likely to find a random person645

at home between 9:00 and 15:00 hr on weekend days646

than on weekdays. These differences also provide a647

measure of people’s tendency to get up later on week-648

ends and stay in longer. Figure 7(A) shows that on649

weekdays there is a short, sharp morning peak cen-650

tred around 8:00 hr. The period leading to the ob-651

served peak is consistent with the typical transition652

period from being asleep to being active, preparing653

for the start of the day. The peak is followed by a654

sharp decline, corresponding to the sudden change in655

occupancy that occurs when people leave home for656

work, school, or any other activities taking place at a657

different location. In contrast, Fig. 7(B) shows that658

on weekend days the transition from being asleep to659

being active appears to be less sharp, with the peak660

in active occupancy showing up about 90 minutes661

later than in weekdays. Moreover, the decline in the662

likelihood of finding a random person asleep as the663

morning progresses is more gradual during weekends.664

Figure 7: Average occupancy: A) Weekday average occu-
pancy profile. B) Weekend average occupancy profile. The
different shaded areas represent, at any given 10 min interval,
the overall probability that an individual is in one of three
occupancy states: Active at home, sleeping or absent.

The times at which the evening peak is observed665

are also different. In both types of days, the likeli-666

hood of finding a random individual active at home667

gradually increases as the evening approaches, arriv-668

ing at a peak of about 70%. On weekdays the peak is669

observed from 18:00 to 21:30 hr, whereas on weekend670

days it extends from 19:00 to 22:00 hr. Towards the671

end of the day, the decline in the likelihood of finding672

a random individual active is accompanied by a con-673

siderable increase in the probability of finding them674

asleep in both profiles.675

The differences observed between the average oc-676

cupancy profiles corresponding to the two types of677

days are relevant for a more detailed analysis of the678

daily occupancy patterns or for the refinement of oc-679

cupancy models. These differences also have effects680

in terms of the observed electricity consumption, of681

course. For the purpose of illustrating and discussing682

the relationship between occupancy and the daily683

electricity demand load profile, however, a compar-684

ison between the overall average occupancy profile685

(Fig. 8(A)) and the average electricity load profile686

(Fig. 8(B)) will suffice.687
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Figure 8: A) Average occupancy profile. B) Comparison be-
tween overall active occupancy profile and average daily load
profiles.

In Fig. 8(B) metered and simulated load profiles,688

and average occupancy profile are superposed to al-689

low for an easier contrast. In this figure the strong690

correlation between active occupancy and demand691

for electricity can be clearly appreciated. Clearly,692

daily average occupancy would make for a good first693

order predictor of demand. That is, a reasonable694

estimate of the overall daily load profile could be ob-695

tained by simply multiplying the average occupancy696

(a dimensionless quantity) by a linear (first order)697

power consumption factor. However, it can also be698

observed that the strength of this correlation varies699

throughout the day.700

To further discuss this, let us divide the load pro-701

files into three regions characterised by the level of702

demand: lowest, medium, and highest demand. If703

the duration of these periods is compared pairwise,704

it is observed that the durations of the first two re-705

gions are very similar in both metered and simulated706

load profiles. Incidentally, this also seems to be in707

agreement with the duration of the equivalent peri-708

ods in the active occupancy profile. However, look-709

ing in more detail at the region corresponding to the710

evening peak, discrepancies can be observed in terms711

of the duration of this period in the different profiles.712

As Fig. 8(B) shows, the duration of the peak period713

of the simulated demand profile is virtually the same714

as the duration of the active occupancy peak. In con-715

trast, in the metered demand profile, the duration of716

the period during which the maximum demand is717

held is roughly half as long as in the simulated pro-718

file.719

A related issue has to do with the over-estimation720

of the influence that active occupancy has over de-721

mand loads. A potential indicator of this can be722

identified by noting that the shape of the simulated723

load profile follows more closely the shape of the aver-724

age daily occupancy profile than that of the metered725

profile. Furthermore, demand levels, especially dur-726

ing peak periods, are over-estimated in the simulated727

load profile. Special attention should be paid to the728

most energy intensive appliances, such as those typ-729

ically used for cooking. The over-representation of730

the use of one or more of these appliances can result731

in the kind of effects observed in the simulated pro-732

file used as example here. For instance, the simulated733

profile in Fig. 8(B) shows a morning peak consider-734

able higher than the one observed in the metered pro-735

file. This would appear to be consistent with an over-736

representation of the appliances that, as we showed737

in the previous section, are not as heavily used as in738

other times of the day.739

4.3. Activity and activity-related consumption pat-740

terns in the literature741

Over the last decades, several studies on time-use742

data have provided us with some insight into the743

ways people go about their lives. As discussed in744

Section 2, this kind of studies has also provided op-745

portunities for the development of models that seek746

to capture the stochasticity observed in the empirical747

behavioural data. While the simulation of activity748

patterns appears to have become the focus of atten-749

tion for this kind of studies, the link between engage-750

ment in activities and actual generation of electric751

loads, that is, appliance usage, seems to be largely752
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neglected.753

Few attempts have been made to better under-754

stand the activity-related electricity consumption755

[3, 8, 21, 25, 27]. However, these studies have focused756

on the analysis of electricity consumption aggre-757

gates over certain periods of time (e.g. day, month,758

year), rather than on the intra-day variations. This759

has probably been largely due to the lack of high-760

resolution appliance-level consumption datasets. In761

addition, these studies have also focused on single762

activities associated with single appliances.763

For instance, the analysis presented by Torriti and764

Santiago [25] focuses on an activity in particular:765

TV watching. The authors used a very simplistic766

model to produce estimates of aggregated electricity767

demand based on the number of households poten-768

tially engaged in TV watching at any given time of769

day. As in the other modelling examples (Sec. 2),770

the model used in [25] assumes that activity data771

on TV watching, or any other single-appliance activ-772

ity for that matter, is good enough a proxy for the773

activity-related electricity demand so that it can be774

used to estimate demand with a simple linear model.775

As the results of the analysis presented in this paper776

clearly show (See Section 4.1.4), this is not the case.777

There are effects that simplistic linear models can-778

not account for, such as the observed background779

TV usage which can be inferred from the metered780

TV usage. As we discussed in section 4.1.4, both the781

activity engagement and appliance (TV) usage pro-782

files resemble each other in terms of overall shape.783

However, by comparing the two profiles it becomes784

evident that the data on TV watching activities is785

not enough in itself to produce an accurate estimate786

of the metered TV electricity consumption.787

In the study carried out by Anderson [3], the daily788

laundering activity patterns extracted from time-use789

data from different years (1985 and 2005) were com-790

pared. The aim of this study was to analyse the791

evolution of the laundering activities throughout the792

years, hoping that this would reveal ways in which793

practices in the residential sector have changed, and794

more importantly, ways in which these could be mod-795

ified to achieve specific outcomes, which is one main796

aims of the DSM strategies.797

The analysis revealed that there have been signifi-798

cant changes in terms of the days of the week during799

which laundering activities take place. However, as800

the author himself points out, whilst the changing801

distribution of laundry across the week offers insights802

into the evolving nature of laundry overall, it is the803

nature of its timing within the day which is likely to804

be of greater concern in the DSM context.805

In addition to the relevance of the timing of en-806

gagement in laundering activities, the results for the807

associated appliance usage presented in this paper808

(See Section 4.1.2) point out the need to account for809

the fundamentally different usage patterns observed810

for washing and drying machines in relation to en-811

gagement in laundering activities.812

4.4. Limitations and further research813

Due to the nature of the kind of studies from which814

the data used for the analysis stems, the results of815

the analysis are by definition country-specific. While816

there are some clear limitations to the data used for817

the analysis presented in this paper, the results pro-818

vide a number of insights into the relationship be-819

tween engagement in activity and actual appliance820

usage.821

Activity patterns are, in general, different in dif-822

ferent countries and therefore, it only makes sense823

to compare them to consumption patterns from the824

same country. However, it has been pointed out else-825

where that there is a high level of similarity between826

the active occupancy profiles of the 15 European827

countries that have taken part in the Harmonised828

European Time-Use Survey (HETUS)2 [25]. It is829

therefore natural to expect that there might be some830

2HETUS - Participant countries: Italy, Spain, Estonia,
Latvia, Lithuania, Poland, Bulgaria, Slovenia, UK, France,
Germany, Belgium, Finland, Norway and Sweden.
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similarities in the activity patterns, and even perhaps831

in the associated appliance usage as well.832

Given the relevant data, i.e. large enough833

appliance-level electricity consumption datasets,834

similar analyses could be carried out for different835

countries, which would provide opportunities for fur-836

ther discussion of country-specific results in terms837

of the discrepancies or similarities observed across838

countries, and what these entail.839

What this study tries to point out is the need to re-840

fine our assumptions about activity-related appliance841

usage in the context of electricity demand modelling842

in the residential sector. As the results of the anal-843

ysis show, even appliances associated with the same844

activity may have completely different daily usage845

profiles, which is something that models developed846

to date have failed to take into account. Whatever847

the reasons might be for the overlooking of these dy-848

namic links between engagement in activities and ap-849

pliance usage, the results of the analysis presented850

in this paper show that we are now in a position to851

better represent these links, and therefore, generate852

better estimates.853

5. Conclusions854

In this paper, the links between residential con-855

sumers’ behavioural patterns and appliance usage856

patterns were explored to improve our understanding857

of the intra-day variations in residential electricity858

demand loads.859

We presented a methodology for the extraction860

and comparison of probability profiles derived from861

time-use data and appliance-level electricity con-862

sumption.863

The analysis of the discrepancies between these864

two profiles allows us to challenge commonly held865

assumptions about the relationship between activi-866

ties and electricity consumption.867

Four types of activities with high relevance to en-868

ergy consumption are presented in detail. These869

are food related, laundering, dish washing and TV870

watching.871

The energy intensity of food preparation varies872

throughout the day. Both the number of appliances873

involved in food preparation activities and the level874

of simultaneous use change depending on the time875

of the day. One therefore cannot use the activity876

‘food preparation’ as the only proxy for electricity877

consumption, irrespective of the time of day. The878

analysis further shows that the type of appliances879

predominantly in use varies throughout the day. The880

use of high power/low energy demanding kettles is881

predominant in the morning, whereas evenings see a882

predominant use of ovens, which entails significantly883

higher energy consumption.884

Dish washing is a good example for time shifts885

between activity and appliance usage. The re-886

ported activity follows an expected pattern featur-887

ing peaks after morning, midday and evening meals,888

with evening dish-washing being twice as common889

as daytime. Dishwasher usage does not follow this890

pattern. The peaks in appliance usage occur later891

than those in the reported activity, which is to be892

expected, since ‘starting the dish-washer’ will lead to893

consumption later on. Yet, at midday this sequence894

is not preserved. Instead the dish-washer cycle ap-895

pears to be delayed until after the evening meal, and896

some of this is delayed even further to operate at the897

end of the day.898

Laundering appliances’ usage has the same ‘delay899

effect’ as dish-washers’, but the intra-day activity900

pattern is a more reliable indicator of the link be-901

tween the two. The strong sequencing of washing902

machine use and tumble drying is evident from the903

data.904

TV watching revealed potentially systematic905

shortcomings in the link between reported activities906

and appliance usage. We conclude that a combina-907

tion of under-reporting of TV watching and inactive908

use of TVs in the background both lead to a pro-909

found gap between activity and appliance usage data910
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during daytime.911

The analysis presented leads to conclude that the912

relationship between activities and load profiles is913

not as simple as current models assume, and more914

importantly, provides the elements for the develop-915

ment of new models that are able to provide a better916

representation. Using activity data as the basis for917

the simulation of load profiles requires careful addi-918

tional calibration, or entirely new methodologies, to919

account for the variety of effects observed here. In920

some cases, like for food preparation activities, we921

have shown that considering the time of day as an922

additional factor could improve the predictive power923

of such models. In other cases, such as dish-washing,924

the relationship is more complex, due to the storage925

function of a dishwasher to accumulate dishes before926

being run.927

In summary, this paper provides an example of928

the kind of analysis that is required in order to de-929

vise robust linkages between household activity pat-930

terns and activity-initiated electricity consumption,931

and provides further evidence for the need to further932

research these linkages.933
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