Linking intra-day variations in residential electricity demand loads to
consumers’ activities: what’s missing?
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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. Introduction

Daily demand load profiles are becoming increas-
ingly relevant in the planning and design of energy
systems. System flexibility is more costly to deliver
in low-carbon systems and more detailed informa-
tion about the intra-day variations in energy demand
could therefore afford more cost-effective infrastruc-
ture developments.

In countries like the UK, the transition towards a
low-carbon economy may lead to the creation of new
major demand loads, such as those derived from the
electrification of transport and heating [5, 7]. After
years of declining electricity demand, which eased ca-
pacity constraints, these new loads could pose serious
new challenges to capacity provision.

A Dbetter understanding of the relationship be-
tween user behaviour and electricity demand loads
would provide us with an opportunity for improving
energy systems’ performance. With a more detailed
knowledge of the underlying processes that give rise
to the observed electricity demand profiles we might
be able develop adequate demand-side management
(DSM) strategies, which seek to mitigate the need for
costly storage or other surplus capacity by shifting
the timing and reducing the magnitude of demand
[11].

DSM is seen by many as a key component of a
smart grid. Robust models, capable of producing
accurate representations of energy demand loads and
their flexibility in relation to the societal functions
they fulfil, are crucial to assess the potential of DSM
strategies [24, 31].

The branch of energy demand modelling based on
the simulation of user activity is an area of energy
research that has recently attracted considerable at-
tention. Several models of residential demand based
on occupancy data have been developed over the last
decade [2, 13, 16, 18, 20, 30, 31].

The earliest examples have taken a deterministic

approach when it comes to linking the occupancy
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profiles to the generation of simulated demand loads
[31]. The simplicity of this approach yields satisfac-
tory results at the aggregate level, but fails to cap-
ture the diversity of demand at household level [19].
Probabilistic methods are capable of producing more
realistic representations of the variability of metered
consumption patterns as demonstrated by [28] and

17

As Fig. 8(B) illustrates, daily average occupancy
would make for a good first order predictor of de-
mand. However, this figure also shows that at some
of the most critical times the two measures diverge.
Simulations overestimate the morning ramp up and
also the duration of the evening peak. Conversely,

baseload demand is significantly underestimated.

As has been pointed out elsewhere, any model
seeking to represent electricity demand needs to take
a detailed account of the timing of energy-related ac-
tivities [10, 24]. In addition, accurate representations
of the timing of the associated demand loads, which
result from the use of the associated appliances, plays
a vital role in the analysis of scenarios such as the im-
plementation of DSM. The potential future changes
in demand make much more relevant to understand
the specific appliance use in more detail, as strate-
gies such as load shifting are highly appliance specific
[10].

This paper thus aims to help further our un-
derstanding of the activity-to-demand dynamics by
delving into the links between people’s engagement
in activities and the (potential) appliance usage that
results from it. Section 3 discusses the key elements
of the datasets used for the analysis and the data
processing methods. A methodology for comparing
activity profiles with electrical profiles was developed
and is discussed in Section 3.3. We then present
activity-specific results and associated appliance use
in Section 4.1. The emerging discrepancies and their
implications for demand models are discussed in our

conclusions section.
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2. Activity-based load modelling background

In the residential load modelling literature there
is an emerging effort to link electricity demand with
the timing of user activities. This approach focuses
on simulating household activity patterns, usually
through probabilistic methods. These models tend
to be based on data from national time-use surveys.
A review of models developed based on this approach
can be found elsewhere [23].

The release of the data from the UK time-use sur-
vey of 2001 [12] motivated the development of one
of the most widely implemented models for residen-
tial electricity demand based on activity data [19].
This model uses time-use data to simulate daily oc-
cupancy profiles which are then used to determine
whether certain simulated appliances are activated
throughout the day. During states of active occu-
pancy appliance activation is determined based on
the probability that members of the household are
engaged in the activity the appliance is associated
with. The model has been used elsewhere ([17])
to create a simulated counterpart of an empirical
dataset [6]. As the analysis presented in [17] points
out, the simulated households were configured such
that each one of them had a counterpart in the em-
pirical dataset. That is, parameters such as house-
hold size and average household annual consumption
were assigned on a one-to-one basis and the appliance
contents of the simulated households were matched
as closely as possible with those of the corresponding
empirical counterpart. As Fig. 1 shows, the model
provides a reasonable estimate of the overall average
daily load profile. However, as the analysis presented
in [17] reveals, the assumptions about appliance us-
age in relation to engagement in the activities the
appliances are associated with lead to a misrepre-
sentation of the associated demand for electricity.

Models based on the same approach, that is, the
conversion of active occupancy into demand for elec-

tricity, have been developed for other countries,
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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]).!

namely Belgium [1], Spain [14] and Sweden [29].
While there are some differences in terms of the
way activity patterns are generated, the assumptions
about appliance usage are essentially the same; ac-
tivity engagement is the only proxy for appliance us-
age. A more detailed classification of models based
on this occupancy-to-demand approach can be found
elsewhere [10].

People’s engagement in activities is not in itself
the cause of the demand loads associated with those
activities; rather it is the use of the electrical appli-
ances associated with or needed in order to perform
such activities (see Fig. 2). Since the model devel-
oped by Richardson et al. [19] was published, de-
tailed datasets on appliance electricity consumption
have become available [6]. These new datasets can
now be used in conjunction with time-use data to
provide new insights into the links between activity
patterns and the associated appliance usage.

As has been pointed out in the load modelling lit-
erature, small-scale demand modelling needs to ac-
count for the influence of household characteristics
and the stochasticity of individual behaviours, but it

also requires that an accurate representation of the

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 energy
use is achieved [10, 24]. To that end, this paper
seeks to help provide a better picture of the activ-
ity engagement-appliance usage links so that better

representations of them can be realised.

3. Data and methods

Brief introductions to data on activities and ap-
pliance usage are given in Sections 3.1 and 3.2, re-
spectively. This is followed by a description of the
methodology implemented for the extraction of the

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

3.1. Activity data

Time-use surveys are studies concerned with how
people spend their time. Their primary aim is to pro-
vide a direct measure of the amount of time spent by
the population on various activities; these statistics
are collected at a national level. Most EU member
states have undertaken this kind of studies since the
late 1990s following the guidelines of the Harmonised
European Time-Use Study. In 2001, the UK Time-
Use Survey (TUS) [15] which has been the base of
the most recent time-use studies and activity-based
models for the UK was conducted on behalf of sev-
eral government departments. The surveyed sample
comprises 6,414 households from across the UK. All
survey respondents were asked to record their daily
activities in detailed 24-hour diaries, producing over
18,000 (adult) diary entries. Each respondent was
asked to complete diaries for two days: one weekday
and one weekend day. Respondents’ activities were
logged every 10 minutes starting at 4:00 AM on the
day in question. The analysis presented in this pa-
per will focus on three key elements of this dataset:
main and secondary activity, and location diaries.

The activity information reported in both main
and secondary activity diaries is recorded in the form
of a pre-defined set of codes which cover a wide range
of everyday activities [15]. The two activity diaries

combined allow us to get a much better picture of

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

how people spend their time at home; in particular,
when they engage in activities that may result in
demand for electricity.

Among the surveyed activities, a distinction can
be made depending on whether they can be linked to
electricity consumption through the use of domestic
appliances. For some of those activities it is possible
to make a clear distinction. For some others, how-
ever, the distinction is somewhat ambiguous. People
engaging in these kinds of activities may not neces-
sarily decide/need to make use of appliances. The
diagram in Fig. 2 illustrates this point, taking some

of the activities surveyed by TUS as examples.

Activity space:

(" Appliance-related activities Non-appliance-related activities 3

- Food preparation
- Dish washing
- Laundering

i

- TV watching
- ICT related

- Reading books
- Eating
- Handicraft

.

/

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

The activities on which the present analysis fo-
cuses are listed in Table 1, along with the monitored
appliances that can be (unambiguously) associated
with them. A similar mapping between activities and
appliances was used by Stankovic et al. [22]. In [22]
the authors make use of these associations to draw in-
ferences about the household activity profiles based
on metered electricity use. They define an ‘activi-
ties ontology’ that maps a set of 16 activities to the
different energy-using devices that can be associated
with the corresponding activities. The set of activi-
ties is grouped into four broad categories, which in-
clude activities corresponding to ‘daily routines’ and
‘computing and leisure’. Within the ‘daily routines’
categories activities such as cooking, laundering, eat-
ing, washing, and sleeping are found. Within the
‘computing and leisure’ category activities such as
watching TV, gaming or using the computer are in-

cluded.
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3.2. Appliance usage data

Over the period May 2010 to July 2011, daily elec-
tricity consumption levels of 250 UK households were
monitored and recorded as part of a national study
[9]. The Household Electricity Survey (HES) was
jointly commissioned by Defra, DECC and the En-
ergy Saving Trust and its main aim was to monitor
total electricity consumption of the surveyed homes
as well as that of individual major appliances [32].
The final report on this study observed that the mon-
itored households were chosen such that the whole
sample matched the typical socio-economic mix [32].
Only owner-occupiers were recruited for the study.
The households, however, were still fairly typical in
terms of socio-demographic factors [32].

The data from this study [6, dataset] allow us to
identify overall daily appliance usage patterns. The
dataset is a collection of daily load profiles corre-
sponding to the appliances monitored within the sur-
veyed households. The overall length of the moni-
toring period of each appliance varies across house-
holds; some households were monitored for a full
year, whereas others were monitored for “one-month-
long” periods with effective lengths varying between
20 and 30 days.

The monitored appliances can be grouped into cat-
egories corresponding to the groups of appliances
typically used when performing certain activities
(Table 1). There are also some appliances which
could be broadly categorised as non-activity-related
energy uses (e.g. cold appliances). Despite the fact
that these appliances remain important in terms of
their energy use, they are not significantly affected
by the activities of the members of the household.
As this study focuses on exploring the linkages be-
tween user activities and appliance usage, this kind
of appliances was excluded from the analysis.

Table 1 summarises the areas in which there are
reasonable expectations that a mapping between
user activities and monitored energy use exists. It

lists the activities that are studied in this paper, as
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well as the monitored appliances that are being asso-
ciated with them. The names of the appliances listed

correspond to the labels used in HES records.

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

Activities Associated appliances
(fl;l(;;r;izs[)JS (monitored by HES)

cooker, oven,

Food t :
ood preparation microwave, kettle

Washing machine,
washer dryer, Tumble
dryer

Laundering

Dish washer

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

Desktop PC,
Computer site, Laptop

Dish washing

TV watching

ICT related

As we observed in the previous section, the map-
ping of appliances onto activities defined in this pa-
per is consistent with the one used in [22]. However,
we focus on those activities that are meaningful in
terms of households’ daily routines and likely to have
a significant share of total electricity consumption.
The appliances associated with the activities anal-
ysed in this paper account for over 40% of the total
household annual consumption [4]. Therefore, there
is great potential for the use of these appliances to
reduce both daily and annual household electricity
consumption. However, in order to provide a good
estimate of such potential, and more importantly to
be able to exploit it, it is necessary to have a better
understanding of the way these appliances are used
and how their use relates to the reported activity
patterns.

There are many other activities that may result
in demand for electricity. However, these activities
may not necessarily be a determinant in the every-
day lives of households. Therefore, identifying their
corresponding electricity demand loads based on cur-
rently available data would prove considerably more

complicated. In this context, we refer to an activity
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as a ‘determinant’ in the daily routines when there
is a reasonable expectation that this kind of activity
is likely to be of high priority. That is, some ‘less
important’ activities are likely to be planned around
those high-priority activities, and this in turn would
determine the overall daily routine/activity pattern.
There is always a possibility that this kind of activ-
ities may in fact be determinant of the overall daily
activity patterns of certain individuals or groups of
people. However, based on what is observed in the
empirical data, this is rarely the case and therefore

neglected.

3.3. Extraction of daily activity and appliance usage

patterns

Activity and appliance usage data stem from dif-
ferent studies undertaken at different times. How-
ever, meaningful comparisons can be made between
them focusing on the generic links. In order to do
this, two assumptions are made. First, it is assumed
that the patterns observed in these two samples are
indeed representative of the overall patterns across
the broader population; the second assumption is
that the potential changes in the timing of activi-
ties and appliance usage during the time gap that
separates both studies were small enough so as to
have the overall patterns preserved.

Daily activity profiles were extracted from the
time-use data for each of the activities listed in Table
1. At any given 10 min interval of the day, the rate
of engagement in a particular activity is given by the
number of times TUS respondents reported engaging
in that activity at that time over the total number
of diary slots in TUS records for the corresponding
interval. In other words, it is the probability that a
random person would engage in this activity at this
time of the day. To produce the activity profiles, a
combination of main and secondary activity diaries
was used. The need for the use of the two diaries
is due to the fact that some activities with a very

direct link to electricity consumption, such as TV
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watching, are often deemed to be secondary activ-
ities. In order to account for this possibility, both
diaries are analysed simultaneously. In this way, it
is ensured that the most accurate representation of
people’s engagement in certain activities throughout
the day is achieved. The activities recorded in the
activity diaries are by no means restricted to a partic-
ular location. Therefore, we made use of the location
diaries to filter for “in home” activities.

In addition, based on the activities and locations
reported in these diaries, overall occupancy profiles
were also extracted. These occupancy profiles essen-
tially show the probability of finding a random per-
son engaging in any of three occupancy states consid-
ered: active occupancy, passive occupancy (sleeping)
and absence. Based on each individual adult diary,
an occupancy profile featuring the three occupancy
states previously mentioned was created. Then, in
a similar manner to the calculation of the activity
profiles, the overall occupancy profile was calculated
by aggregating all the individual profiles.

Daily appliance usage profiles were extracted from
the HES data for each of the appliance groups listed
in Table 1. The HES dataset is basically a collection
of daily appliance-level electricity consumption pro-
files. Therefore, a direct comparison against the TUS
data is not possible. The methodology for the extrac-
tion of the appliance usage profiles is different to the
one used for TUS data processing, as this involved a
more complex treatment of the relevant data. The
main goal was to determine when an appliance was
being actively used; hence, any baseload-like contri-
butions to the load profile had to be discarded.

For the treatment of HES data two things had to
be taken into consideration. Firstly, the length of
the monitoring period of each appliance varies, due
to the issues discussed in Sec. 3.2. What this means
in terms of the analysis is that the number of days
each kind of appliance (e.g.“kettle”) was monitored
across households is different. For this reason, the

monitoring period of each individual appliance had
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to be treated separately.

Secondly, appliances found in different households
have different consumption characteristics, in spite
of sharing a common label in HES records. That
is, appliances with the same label may have differ-
ent power requirements, different duty cycles, stand-
by consumption and so on. Based on all the avail-
able data on each of the monitored appliances, the
baseload consumption of each appliance (i.e. stand-
by or losses) was estimated. This was then used as a
threshold value for determining the moments of the
day in which the appliance was actually in use. An
appliance is considered to be “on” when its stand-by
consumption threshold is exceeded by 50%. This is
an extra precaution to account for the fluctuations
observed in the power drawn during the stand-by
phases of the different appliances. It is not possible
to determine whether these fluctuations are metering
errors or actual variations in the power drawn by the
appliance. However, it is still necessary to account
for them in order to avoid false positives.

A daily usage profile was thus generated based on
this information for each day of the monitoring pe-
riod of that particular appliance. These usage pro-
files are binary sequences, where 1 indicates an active
state and 0 a state of inactivity. All the daily us-
age profiles corresponding to appliances sharing the
same label are then aggregated. At any given 10
min interval, the rate of use of a particular appliance
is given by the number of times the appliance was
being actively used at that particular time over the
total length of the monitoring period of that partic-
ular appliance in HES records. In other words, it is
the probability of finding that type of appliance in
use at that time of the day.

The purpose of these profiles is to provide a
graphic summary of the likelihood of finding a given
appliance in use at a given time of day. Although
based on metered appliance electricity consumption
data, the profiles should not be taken as probabilistic

models for appliance usage as such. The data used
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for the analysis could also be used to create a simple
probabilistic model of appliance usage by assuming,
for instance, a first order Markov process. To this
end, transition probability matrices would need to
be extracted for each transition between the time in-
tervals into which the day is divided. For the purpose
of the analysis presented in this paper, however, the
likelihood profiles presented are sufficient.

For the activities associated with more than one
type of appliance, in addition to individual appliance
usage profiles, general usage profiles based on the use
of all the appliances associated with the activity were
extracted. These profiles are meant to provide an es-
timate of users’ engagement in these activities based
on the use of the associated appliances. The data
processing for this part of the analysis was carried
out in a similar manner to that of the individual ap-
pliance usage profiles; this time, however, taking all
the relevant appliances into account. For example,
to extract the general cooking appliances’ usage pro-
file, daily usage profiles were obtained for every day
in the monitoring periods of every cooking appliance.
Then, the general appliance usage profile was derived
from the overall aggregate of daily usage profiles and
the total number of days in the combined monitoring
periods.

By using these profiles we are able to compare the
two datasets in terms of activity and appliance use
probabilities. In the following section we present the

results of such comparisons.

4. Results and Discussion

Activity and appliance usage profiles were ex-
tracted from the TUS and HES data respectively
in order to explore the links between activity and
activity-related energy use. First, we present the re-
sults of the analysis of the five activities of inter-
est and their corresponding appliances’ usage pro-
files, and discuss the observed relationships. Next,

we use the average occupancy profile extracted from
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the time-use data to show how the oversimplification
of these linkages and the influence that active occu-
pancy has over electricity demand loads may lead to
severe misrepresentations when simulating electricity

consumption.

4.1. Activity profiles and appliance usage

As we discussed in Section 3, the activities anal-
ysed as part of this study were chosen based on:
(1) their general importance in terms of the repre-
sentation of residential users’ behavioural patterns,
and (2) the reasonable expectation that such activ-
ities could results in electricity use. Table 1 sum-
marises the activities relevant to this study, as well
as the monitored appliances which were associated
with them for the purpose of the analysis.

In the sections below activity-specific results are

presented and discussed.

4.1.1. Food preparation/Cooking

A common general pattern is observed in the food
preparation activity profile and the general cooking
appliances’ usage profile derived from all the relevant
appliances in HES data; as Fig. 3(A) shows, three
peaks approximately centred around mealtimes can
be identified. Two main differences between these
two profiles can be pointed out. In the general ap-
pliances’ usage profile the evening peak occurs about
40 minutes later than in the activity profile. More-
over, this general appliances’ usage profile would ap-
pear to indicate that engagement in cooking activi-
ties throughout the day is more likely than the ac-
tivity profile would suggest.

The differences in the likelihood levels are particu-
larly noticeable in the period between 7:00 and 15:00
hr. The higher levels, however, are not necessarily
an indication that the amount of people engaging in
cooking activities during this time is larger. These
discrepancies are rather due to the fact that simulta-
neous use of cooking appliances appears to be more

common during daytime. This could potentially be
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attributed to people making preparations for meals
in advance. Fig. 3(B) shows that as dinner time ap-
proaches and the final stages of the day’s cooking or
food preparation activities get under way the use of
ovens and cookers ramps up, whereas the use of the

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

decline.
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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 main
cooking appliances in HES records are plotted along-
side in Fig. 3(B). These are also the appliances pri-
marily associated with cooking activities in a more
general context. Their corresponding usage profiles
clearly show that the likelihood of each one of these
appliances being used throughout the day varies at
different rates. The comparison of individual us-
age profiles makes evident that the contribution to
the overall demand load of each one of the cooking
appliances varies independently throughout the day.
What this could mean in practice is that the ‘relative
usefulness’ of each appliance changes depending on
the time of the day. For instance, it is observed that
food preparation activities in the morning appear to
be strongly correlated with the use of kettles; the use
of the other appliances appears to be much less rele-

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

the use of ovens appears to be the strongest.

4.1.2. Laundering

Laundering activities appear to be more prominent
in the morning hours. Fig. 4(A) shows that there is a
major peak in both laundering activity and appliance
usage centred around 10:30 hr, followed by a steady
decline towards the end of the day. As in the case of
food preparation activities, a general common pat-
tern is observed in both activity and appliance usage
profiles. Two main differences between activity and
appliance usage profiles stand out. Both profiles fol-
low each other very closely up until the peak occurs.
However, after the peak the general appliances’ us-
age profile would appear to indicate that engagement
in laundering activities is more likely than the activ-
ity profile would suggest. In addition, the general
appliances’ usage profile would appear to indicate
that there is a second peak, approximately centred
around 19:00 hr. The higher likelihood levels ob-
served in the general appliances’ usage profile could
potentially be attributed to the differences between
the perceived duration of laundering activities from
a user perspective and the actual duration of an ap-
pliance’s cycle of operation. Users would only report
being engaged in laundering activities when they are
actively taking part in the process; loading and ac-
tivating a washing machine, for instance. From the
appliance’s perspective, however, laundering activity
would be registered from the moment the appliance
is activated and until its duty cycle is completed.

As Fig. 4(B) shows, the individual usage pro-
files corresponding to washing machines and tumble
dryers are essentially different. The peak in wash-
ing machines’ usage is consistent with the peak ob-
served in the laundering activity profile; both peaks
occur roughly at the same time of day. Washing
machine usage follows the same general pattern ob-
served in the activity profile. However, the appliance

usage profile shows consistently higher levels of likeli-
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hood. The observed differences can be attributed to
the same phenomenon observed in Fig. 4(A). Tum-
ble dryers’ usage profile shows a different trend to
the one observed in the laundering activity profile.
Rather than presenting a well-defined peak in the
morning, this profile looks more like a plateau with a
maximum likelihood period extending approximately
from 13:00 to 17:00 hr. This period is followed by a
gradual decline towards the end of the day, consistent
with what is observed in both the washing machine
usage and activity profiles.

The differences between the washing machine and
tumble dryer usage profiles appear to be consistent
with what is observed in practice. Firstly, they re-
flect the fact that when tumble dryers are used they
are almost invariably run after washing machines.
Secondly, the generally lower rates of use reflected by
the tumble dryer usage profile can also be attributed
to the fact that tumble dryers are less ubiquitous
than washing machines. In addition, tumble dryers
are less commonly used due to the use of other drying

methods (e.g. line drying).
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Figure 4: Daily laundering activity profile. A) General laun-

dering appliances’ usage profile. B) Individual laundering ap-
pliances’ usage profiles.

4.1.8. Dish washing
The dish washing activity profile shows three well

defined peaks, clearly centred around typical post-
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prandial times. The dishwasher usage profile, how-
ever, as Fig. 5 shows, appears to be divided into
two broader regions: before and after 16:00 hr. The
first region exhibits a single peak that is consistent
with the morning peak observed in the activity pro-
file. However, the peak in the appliance usage pro-
file occurs about 40 minutes later than in the activity
profile. During the period when the midday peak oc-
curs in the activity profile, the usage profile exhibits
a more levelled region. As for other appliances, this
could be attributed to the effect of the duration of

the appliance’s cycle of operation.

The second region of the dishwasher usage pro-
file exhibits two peaks. The first one is consistent
with the evening peak observed in the activity pro-
file. As the morning peak, this peak in appliance
usage occurs about 1 hr later than in the activity
profile. Figure 5 also suggests that there is a strong
tendency among dishwasher owners to run the appli-

ances overnight, as the peak occurring around mid-

night indicates.
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Figure 5: Daily dish washing activity and metered dishwasher
usage profiles.
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4.1.4. TV watching & ICT related

Perhaps not surprisingly, TV watching is most
prominent in the evening hours. However, Figure
6(A) shows that reported TV watching is signifi-
cantly lower than the measured consumption from
TV sets would suggest. In the first instance, this
can be attributed to the systematic under-reporting
of the time spent watching TV. It may, however, also

be related to the definition of the activity itself.
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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-
port on what they do, not which appliances are in
use. A TV set, which is permanently running in the
background while people go about their lives, will
not be reported as an activity. Figure 6(A) suggests
that this under-reporting effect is greatest during the
daytime (up to 70%), whereas the evening peak at
around 10 pm is captured fairly accurately in time
and also better captured in magnitude. The lower
under-reporting at peak (25%) could be a result of

more people ‘actively’ watching TV.

4.2. Dependence of simulated power consumption on

active occupancy

Previous studies have pointed out that the daily
electricity load profile is strongly affected by changes
in the occupancy of dwellings throughout the day. A
combination of the activity and location diaries from
TUS data allows us to determine the proportion of
people likely to be engaged in a certain occupancy
state at each 10 min interval of the day. The resul-
tant average daily residential occupancy profile has
a distinctive shape that translates into clear indi-
cations about people’s preferences when it comes to

where they spend their time at different times of day.
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These preferences, of course, are subject to some
change; the differences in these preferences mani-
fest themselves, for instance, when the average occu-
pancy profiles corresponding to weekdays and week-
end days are compared (see Fig. 7). In each of these
profiles, three shaded regions can be observed. Each
one of those regions corresponds to one of three ba-
sic occupancy states: active occupancy, passive oc-
cupancy (sleeping) and absence. The vertical axis
indicates the probability of finding a random person

engaging in any of the three states considered.

The differences in the typical everyday activities
for the two types of days are evident from these pro-
files. As Fig. 7 shows, despite the daily occupancy
profiles having roughly the same shape, the proba-
bilities of finding a random individual at home at a
given time of the day differ. For instance, on average,
it is about 20% more likely to find a random person
at home between 9:00 and 15:00 hr on weekend days
than on weekdays. These differences also provide a
measure of people’s tendency to get up later on week-
ends and stay in longer. Figure 7(A) shows that on
weekdays there is a short, sharp morning peak cen-
tred around 8:00 hr. The period leading to the ob-
served peak is consistent with the typical transition
period from being asleep to being active, preparing
for the start of the day. The peak is followed by a
sharp decline, corresponding to the sudden change in
occupancy that occurs when people leave home for
work, school, or any other activities taking place at a
different location. In contrast, Fig. 7(B) shows that
on weekend days the transition from being asleep to
being active appears to be less sharp, with the peak
in active occupancy showing up about 90 minutes
later than in weekdays. Moreover, the decline in the
likelihood of finding a random person asleep as the

morning progresses is more gradual during weekends.
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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.
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The times at which the evening peak is observed
are also different. In both types of days, the likeli-
hood of finding a random individual active at home
gradually increases as the evening approaches, arriv-
ing at a peak of about 70%. On weekdays the peak is
observed from 18:00 to 21:30 hr, whereas on weekend
days it extends from 19:00 to 22:00 hr. Towards the
end of the day, the decline in the likelihood of finding
a random individual active is accompanied by a con-
siderable increase in the probability of finding them

asleep in both profiles.

The differences observed between the average oc-
cupancy profiles corresponding to the two types of
days are relevant for a more detailed analysis of the
daily occupancy patterns or for the refinement of oc-
cupancy models. These differences also have effects
in terms of the observed electricity consumption, of
course. For the purpose of illustrating and discussing
the relationship between occupancy and the daily
electricity demand load profile, however, a compar-
ison between the overall average occupancy profile
(Fig. 8(A)) and the average electricity load profile
(Fig. 8(B)) will suffice.
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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,
and average occupancy profile are superposed to al-
low for an easier contrast. In this figure the strong
correlation between active occupancy and demand
for electricity can be clearly appreciated. Clearly,
daily average occupancy would make for a good first
order predictor of demand. That is, a reasonable
estimate of the overall daily load profile could be ob-
tained by simply multiplying the average occupancy
(a dimensionless quantity) by a linear (first order)
power consumption factor. However, it can also be
observed that the strength of this correlation varies

throughout the day.

To further discuss this, let us divide the load pro-
files into three regions characterised by the level of
demand: lowest, medium, and highest demand. If
the duration of these periods is compared pairwise,
it is observed that the durations of the first two re-
gions are very similar in both metered and simulated
load profiles. Incidentally, this also seems to be in
agreement with the duration of the equivalent peri-
ods in the active occupancy profile. However, look-
ing in more detail at the region corresponding to the
evening peak, discrepancies can be observed in terms

of the duration of this period in the different profiles.
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As Fig. 8(B) shows, the duration of the peak period
of the simulated demand profile is virtually the same
as the duration of the active occupancy peak. In con-
trast, in the metered demand profile, the duration of
the period during which the maximum demand is
held is roughly half as long as in the simulated pro-
file.

A related issue has to do with the over-estimation
of the influence that active occupancy has over de-
mand loads. A potential indicator of this can be
identified by noting that the shape of the simulated
load profile follows more closely the shape of the aver-
age daily occupancy profile than that of the metered
profile. Furthermore, demand levels, especially dur-
ing peak periods, are over-estimated in the simulated
load profile. Special attention should be paid to the
most energy intensive appliances, such as those typ-
ically used for cooking. The over-representation of
the use of one or more of these appliances can result
in the kind of effects observed in the simulated pro-
file used as example here. For instance, the simulated
profile in Fig. 8(B) shows a morning peak consider-
able higher than the one observed in the metered pro-
file. This would appear to be consistent with an over-
representation of the appliances that, as we showed
in the previous section, are not as heavily used as in

other times of the day.

4.8. Activity and activity-related consumption pat-

terns in the literature

Over the last decades, several studies on time-use
data have provided us with some insight into the
ways people go about their lives. As discussed in
Section 2, this kind of studies has also provided op-
portunities for the development of models that seek
to capture the stochasticity observed in the empirical
behavioural data. While the simulation of activity
patterns appears to have become the focus of atten-
tion for this kind of studies, the link between engage-

ment in activities and actual generation of electric

loads, that is, appliance usage, seems to be largely
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neglected.

Few attempts have been made to better under-
stand the activity-related electricity consumption
[3, 8, 21, 25, 27]. However, these studies have focused
on the analysis of electricity consumption aggre-
gates over certain periods of time (e.g. day, month,
year), rather than on the intra-day variations. This
has probably been largely due to the lack of high-
resolution appliance-level consumption datasets. In
addition, these studies have also focused on single
activities associated with single appliances.

For instance, the analysis presented by Torriti and
Santiago [25] focuses on an activity in particular:
TV watching. The authors used a very simplistic
model to produce estimates of aggregated electricity
demand based on the number of households poten-
tially engaged in TV watching at any given time of
day. As in the other modelling examples (Sec. 2),
the model used in [25] assumes that activity data
on TV watching, or any other single-appliance activ-
ity for that matter, is good enough a proxy for the
activity-related electricity demand so that it can be
used to estimate demand with a simple linear model.
As the results of the analysis presented in this paper
clearly show (See Section 4.1.4), this is not the case.
There are effects that simplistic linear models can-
not account for, such as the observed background
TV usage which can be inferred from the metered
TV usage. As we discussed in section 4.1.4, both the
activity engagement and appliance (T'V) usage pro-
files resemble each other in terms of overall shape.
However, by comparing the two profiles it becomes
evident that the data on TV watching activities is
not enough in itself to produce an accurate estimate
of the metered TV electricity consumption.

In the study carried out by Anderson [3], the daily
laundering activity patterns extracted from time-use
data from different years (1985 and 2005) were com-
pared. The aim of this study was to analyse the
evolution of the laundering activities throughout the

years, hoping that this would reveal ways in which
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practices in the residential sector have changed, and
more importantly, ways in which these could be mod-
ified to achieve specific outcomes, which is one main
aims of the DSM strategies.

The analysis revealed that there have been signifi-
cant changes in terms of the days of the week during
which laundering activities take place. However, as
the author himself points out, whilst the changing
distribution of laundry across the week offers insights
into the evolving nature of laundry overall, it is the
nature of its timing within the day which is likely to
be of greater concern in the DSM context.

In addition to the relevance of the timing of en-
gagement in laundering activities, the results for the
associated appliance usage presented in this paper
(See Section 4.1.2) point out the need to account for
the fundamentally different usage patterns observed
for washing and drying machines in relation to en-

gagement in laundering activities.

4.4. Limitations and further research

Due to the nature of the kind of studies from which
the data used for the analysis stems, the results of
the analysis are by definition country-specific. While
there are some clear limitations to the data used for
the analysis presented in this paper, the results pro-
vide a number of insights into the relationship be-
tween engagement in activity and actual appliance
usage.

Activity patterns are, in general, different in dif-
ferent countries and therefore, it only makes sense
to compare them to consumption patterns from the
same country. However, it has been pointed out else-
where that there is a high level of similarity between
the active occupancy profiles of the 15 European
countries that have taken part in the Harmonised
European Time-Use Survey (HETUS)? [25]. It is

therefore natural to expect that there might be some

2HETUS - Participant countries: Italy, Spain, Estonia,
Latvia, Lithuania, Poland, Bulgaria, Slovenia, UK, France,
Germany, Belgium, Finland, Norway and Sweden.



831

832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869

similarities in the activity patterns, and even perhaps
in the associated appliance usage as well.

Given the relevant data, i.e. large enough
appliance-level electricity consumption datasets,
similar analyses could be carried out for different
countries, which would provide opportunities for fur-
ther discussion of country-specific results in terms
of the discrepancies or similarities observed across
countries, and what these entail.

What this study tries to point out is the need to re-
fine our assumptions about activity-related appliance
usage in the context of electricity demand modelling
in the residential sector. As the results of the anal-
ysis show, even appliances associated with the same
activity may have completely different daily usage
profiles, which is something that models developed
to date have failed to take into account. Whatever
the reasons might be for the overlooking of these dy-
namic links between engagement in activities and ap-
pliance usage, the results of the analysis presented
in this paper show that we are now in a position to
better represent these links, and therefore, generate

better estimates.

5. Conclusions

In this paper, the links between residential con-
sumers’ behavioural patterns and appliance usage
patterns were explored to improve our understanding
of the intra-day variations in residential electricity
demand loads.

We presented a methodology for the extraction
and comparison of probability profiles derived from
time-use data and appliance-level electricity con-
sumption.

The analysis of the discrepancies between these
two profiles allows us to challenge commonly held
assumptions about the relationship between activi-
ties and electricity consumption.

Four types of activities with high relevance to en-

ergy consumption are presented in detail. These
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are food related, laundering, dish washing and TV
watching.

The energy intensity of food preparation varies
throughout the day. Both the number of appliances
involved in food preparation activities and the level
of simultaneous use change depending on the time
of the day. One therefore cannot use the activity
‘food preparation’ as the only proxy for electricity
consumption, irrespective of the time of day. The
analysis further shows that the type of appliances
predominantly in use varies throughout the day. The
use of high power/low energy demanding kettles is
predominant in the morning, whereas evenings see a
predominant use of ovens, which entails significantly
higher energy consumption.

Dish washing is a good example for time shifts
between activity and appliance usage. The re-
ported activity follows an expected pattern featur-
ing peaks after morning, midday and evening meals,
with evening dish-washing being twice as common
as daytime. Dishwasher usage does not follow this
pattern. The peaks in appliance usage occur later
than those in the reported activity, which is to be
expected, since ‘starting the dish-washer’ will lead to
consumption later on. Yet, at midday this sequence
is not preserved. Instead the dish-washer cycle ap-
pears to be delayed until after the evening meal, and
some of this is delayed even further to operate at the
end of the day.

Laundering appliances’ usage has the same ‘delay
effect’ as dish-washers’, but the intra-day activity
pattern is a more reliable indicator of the link be-
tween the two. The strong sequencing of washing
machine use and tumble drying is evident from the
data.

TV watching revealed potentially systematic
shortcomings in the link between reported activities
and appliance usage. We conclude that a combina-
tion of under-reporting of TV watching and inactive

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

found gap between activity and appliance usage data
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during daytime.

The analysis presented leads to conclude that the
relationship between activities and load profiles is
not as simple as current models assume, and more
importantly, provides the elements for the develop-
ment of new models that are able to provide a better
representation. Using activity data as the basis for
the simulation of load profiles requires careful addi-
tional calibration, or entirely new methodologies, to
account for the variety of effects observed here. In
some cases, like for food preparation activities, we
have shown that considering the time of day as an
additional factor could improve the predictive power
of such models. In other cases, such as dish-washing,
the relationship is more complex, due to the storage
function of a dishwasher to accumulate dishes before
being run.

In summary, this paper provides an example of
the kind of analysis that is required in order to de-
vise robust linkages between household activity pat-
terns and activity-initiated electricity consumption,
and provides further evidence for the need to further

research these linkages.
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