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In this paper we present new methods to collect and analyse household activity and electricity consump-
tion data. We show how such data can be used to establish relationships between activities and electricity
consumption in two different ways. First we create direct associations between activities and the elec-
tricity demand at the time. This electricity footprint gives an insight into the typical load intensity of an
activity, which can include other activities that are commonly performed in close temporal proximity.

Our novel contribution is the concept of marginal electricity demand which can be attributed to specific
activities. To disaggregate and approximate the loads for such an activity, we present a new regression
approach. The marginal demand of an activity is based on its relative load contribution to any other
activity within a collection of over 18,000 activity pairs.

Meal types stand out as clearly distinguishable activities. Hot meal related activities show some of the
strongest positive contributions to demand, whereas cold meals tend to reduce demand at the time of
reporting. Activities such as a hot drink can lead to an overall reduction in demand at the time, despite
their direct energy consumption.

The potential of this marginal metric will be discussed as a new way to understand energy service de-
mands. Unlike conventional attribution of demand to appliances, it is possible for activities to have a
negative marginal demand. This opens up new opportunities to conceptualise the meaning of energy ser-

vice demand and approaches to encourage demand reduction or shifting through positive actions.

© 2019 The Authors. Published by Elsevier B.V.

This is an open access article under the CC BY license. (http://creativecommons.org/licenses/by/4.0/)

1. Introduction

The UK has committed itself by law to become a net-zero car-
bon emitter by 2050 [1]. It is the first major economy to take this
step. To achieve this ambition both supply and demand may have
to undergo fundamental changes. Security of supply in a deeply
decarbonised system can become increasingly costly [2]. New so-
lutions are required to ensure important energy services remain
affordable.

The cost of supply-side decarbonisation is fundamentally a
techno-economic question, whereas our willingness to adopt new
and potentially lower standards in the reliability of provision
touches on complex areas of social practice, norms, equity, justice
and political economies.

New technologies and efficiency measures will play an impor-
tant role in easing the transition towards new systems of provi-
sion, such that service provision can be maintained or improved
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[3]. However, in some areas service expectations themselves may
need to change or even be reduced [4,5]. Such transitions away
from indulgent behaviour patterns are not unprecedented. Smok-
ing and more recently attempts to reduce single use plastic sug-
gest that some publics do support measures that reduce their own
consumption. For this to be successful in the energy sector, some
commentators have suggested that the ‘invisibility’ of energy use
needs to be addressed [6,7]. This applies to energy users, as well
as policy makers and other stakeholders who at present have lim-
ited visibility of energy service demand ‘behind the meter’.

While increasingly rich and “big” data are being gathered about
electricity loads and higher spatial and temporal resolution [8-10],
little is known about the energy services and social functions these
loads serve.

Some studies have attempted to measure energy use at the ap-
pliance level [11,12] or infer uses from load data [13,14]. Others as-
sess potential demand side flexibility with time-varying prices and
observe changes to load profiles [8,9,15].

Energy service demand is not necessarily the result of sponta-
neous economic decisions made at individual level, but can be the
result of social norms and practices [16].
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Load profiles can give some insights into practices, but even
with demand disaggregation of appliances, it is not always possible
to understand which social functions these appliances fulfil [17].

Time-use data have been suggested to explain the patterns in
energy demand. They are used to model demand profiles and ex-
plain changes in demand [18-21]|. Active occupancy and specific
activities reported in time-use surveys are used to build bottom-
up load profiles. However, the relationship between activities and
their coinciding demand has not been explicitly measured [22,23].
Instead, assumptions have to be made about the type and demand
of television sets in the population and that these are in use when
(and only when) ‘watching TV’ is reported in a time-use diary. Fur-
thermore, time-use codes were not designed for energy related
questions and often lack critical distinctions. Activities like Meal
preparation can have very different energy demands depending on
the time of day they are being reported. With current data it is not
possible to tell or discriminate the difference between a cooked
meal and a cold one. Use of appliances is often not explicitly in-
cluded and preparation of a hot drink does not have a time-use
code [24].

We therefore propose an approach that bridges this gap
through the concurrent collection of dedicated household activ-
ity and electricity consumption data. The approach presented by
[17] concluded that for greater discrimination of the electricity
footprint of activities new categorisation and regression techniques
may be required. This paper builds on [17] and presents a more
refined approach to grouping activities and techniques to attribute
loads in a way that results in improved discrimination.

2. Method
2.1. Data collection

Data for this analysis is the UK Household Electricity and Activ-
ity Survey (2016-2019) [25]. The sample is a convenience sample,
recruited with the help of press coverage, radio appearances, pro-
motion at public events and on social media. No explicit rewards
are offered, but each year one participant can win the cash equiv-
alent of their electricity bill for the past year.

Selection biases apply and have been discussed by [17]. Table 1
summarises some of the socio-demographic misrepresentations in
the sample. High income households, PV and EV ownership are
significantly over-represented. For some forward looking enquiries,
the high share of EV and PV can be beneficial to understand their

Table 1
Selected characteristics of study participants. National figures based on
[26-29] and [30] data from [17].

Feature Group Sample [%] National [%]
Home ownership 85 64
Income <£15,000 6 19
<£25,000 13 22
<£35,000 9 16
<£50,000 21 17
>£50,000 51 27
Occupants 1-2 57 64
3-4 37 30
>4 2 7
Age Under 18s 26 23
19-50 47 44
Over 50 24 35
Pets Dogs 10 24
Cats 24 17
Fish 6 8
Appliances PV 14 4
Electric Vehicle 4 0.4
Washing machine/dryer 99 97
Dishwasher 51 45

Table 2

Statistics of the METER data deposition March 2019.
Property Records
Earliest record 17 Feb 2016
Latest record 18 Jan 2019
Households registered 414
Households participated 361
Distinct households 293
Electricity
Complete electricity records 264
Electricity readings (1 minute) 596396
Electricity readings (10 minutes) 60085
Activities
Activity recorders issued 743
Activity records 529
Activities reported 16378
Paper diaries 134
App based diaries 395

impact on load and activity patterns. However, these are relatively
early adopters and therefore not necessarily representative. Rented
accommodation is under-represented, despite efforts to reach out
to these groups. Many residents in rented accommodation report
not to have access to their meter and therefore cannot participate.

Table 2 summarises the data used for this analysis. The data
and full documentation are available at [25]. In addition to the
electricity and activity records analysed here, the deposition also
contains valuable socio-demographic information about the house-
hold and personal characteristics and preferences from a survey
of each individual household member. Furthermore, every activity
record contains information about how many people were involved
in the activity and how much it was enjoyed.

Electricity is recorded with a self-administered current clamp,
which participants attach under their mains electricity meter. The
clamp reads current off of the live or neutral lead, for the entire
household load. The devices automatically record electricity with 1
second resolution for a 28 h period from 5pm on study day one,
to 9pm on day two, such that the peak period from 5-7pm is cap-
tured twice. While the temporal precision is high, the accuracy of
power varies by around 5% between devices and low power fac-
tors can further distort accuracy. Devices with electric motors may
therefore appear more energy intensive than they are.

An electricity record is considered ‘complete’ if the readings
have been validated and readings are consistently above 20 Watt.
Some households attached the recorder shortly after the study pe-
riod begins and still returned some valid data. Some of the regis-
tered households have not yet taken part, while others have done
the study more than once.

2.2. Activity categorisation

The activity recording app is described in detail by [31]. It
guides participants through a choice of activities with six options
per screen [32]. Each household member above the age of eight is
encouraged to record their activities. With three selections up to
216 activities can be discriminated and many activities allow for
additional detail to be provided. Attempts to validate the accuracy
of reporting have been undertaken by [17].

The choice of activities and their description has the potential
to influence the results in sensitive ways. Several stages of refine-
ment have therefore been undertaken. In the first instance activity
codes are inherited from the Harmonised European Time-use Sur-
vey (HETUS). These surveys inform many research questions in the
field of sociology and focus on areas such as ‘caring for others’ and
intra-family dynamics, for which they ask detailed questions about
which household members are involved in the reported time-use
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[24,33]. More recently these data have found use in economics and
energy studies [34,35].

In this study some activities can only be reported at a more
generic level. ‘Caring for others’ (code 3912) may be refined as ‘car-
ing for child’ (3800), but not as far as ‘Helping a dependent person
with a disability or illness’ (3921).

Conversely, activities with particular relevance to energy con-
sumption have additional detail that can be reported. ‘Food prepa-
ration’ (3110) can be refined as ‘hot’ or ‘cold meal preparation’,
which can be further followed up with specific appliances used
(‘oven’, ‘hob’...). A category for Hot drink and several appliances
(Oven, Washing machine,...) was added.

Activities can be reported at the time they are being per-
formed. It is also possible to back-date or pre-record activities.
Both the time of reporting and the time of the reported activity
are recorded. Conventional time-use surveys take a time budgeting
approach, for which the day is divided into a given number of time
slices. Diaries ask participants to account for each of these time
slices. The duration of the slices has changed over time from 30
minutes to 10 minutes in the HETUS. On the other hand, the ME-
TER app used in this study follows a ‘constructive time perspective’
[31,36], whereby participants decide themselves when to report. If
participants report their current activity (by pressing ‘Now’ as the
time in the app), times are recorded with one minute precision.
Should they wish to adjust the time manually, they can do so with
five minute resolution.

The app does not enquire about the duration for each activity.
It is possible, but not mandatory to report the end of an activity.
[36] suggests that this approach emphasis the reporting of activi-
ties that matter in people’s lives, rather than the ones that take up
the most time. It may therefore be telling that a Hot drink does not
feature in the HETUS, but forms one of the most reported activities
in this study.

The involvement of other people in an activity has been simpli-
fied from a detailed description of who else was involved (without
a count) to six options for how many other people partook in the
activity (0-4 and more).

All activities and electricity readings are re-sampled to 10
minute readings for ease of analysis. Electricity can be downsam-
pled with relative ease. The unit of measurement is maintained as
average Power (Watt) over the time period.

Clustering activities is a manual process and requires consid-
ered judgement and interpretation [17]. A total of 184 different
activity codes have been reported by participants. In some cases
these can be grouped without much ambiguity. TV (the appliance)
and Watching TV (the activity) can be combined into a single cate-
gory TV.

Table 3 shows an example of activities that have been grouped
together under the heading ‘Housework’. Arguably laundry could
be included within this group. The decision how far to cluster
these sub activities is partly informed by the frequency of their
reporting, such that each group has a meaningful number of mem-

Table 3
Classification of activities as ‘Housework’ and associated
time-use codes (tuc).

Activity tuc

Work or Housework 1300
Housework 3200
Cleaning 3214
Clean floors 3213
Cleaning yard 3220
Clear up 3250
Cleaning house 3211

bers. Laundry related activities are sufficiently common to be clas-
sified as a separate group.

Using this approach 178 of the most commonly reported activ-
ities have been reduced to 39 activity clusters.

Only activities performed at home are included in this analy-
sis. Households with photovoltaics, which can affect net-demand
readings, are excluded. This leaves 8236 reported activities for this
analysis.

2.3. Activity attribution

For the analysis of activity related consumption [37] proposes
to use de-minned power readings. The minimum demand min (Ey)
for Household H, which is likely to comprise stand-by devices and
other continuous loads, is assumed to be activity independent. By
removing this base-load from the data, the residual load profile
Ey(t) has been shown to be more strongly related to discretionary
activities. We establish the de-minned load (E*) for each household
(H) as

E}y(t) = Ex(t) — min(Ey) (1)

For each activity A we attribute an electricity footprint E4 as
the average de-minned demand E* for the associated household
for the 30 minutes before and after the activity time t,. The one
hour window, centred around the activity, is chosen to cater for a
range of cases. Short-lived uses, such as a kettle, could be captured
within a shorter window, while some larger white goods can run
for over an hour. For some activities (loading dishwasher) demand
tends to occur after the activity, whereas for others their main de-
mand precedes it (eating a hot meal). The + 30 minute window
is a compromise to accommodate for this wide range of activities.

The electricity footprint of an activity E4 can thus be written
as:

_2in + 3 Eji (t € [tia) + 30min])
= N

where N, is the number instances (i) of activities reported. T is
the number of 10 minute periods for which electricity readings are
available for the 30 minutes before or after the activity. If activities
are reported in the first or last 10 minutes of the study, T can be
reduced to 4 periods.

The attribution of load to all activities performed at the time
is meaningful so long as activities are interpreted in their wider
context. The energy attributed to Eating a hot meal does not sug-
gest that eating by itself uses this amount of electricity, but rather
that the wider complex of hot meals, with preparation, dish wash-
ing and other activities that are more likely to happen in the sur-
rounding 30 minutes, give rise to higher consumption.

This overlap of activities is helpful when exploring key activities
that coincide with high demand. However, there is a risk that ac-
tivities that often coincide in time, but are fundamentally different
in their electricity demand get blurred and conflated. To address
this issue we propose the concept of marginal activity demand.

E4

(2)

2.4. Marginal activity demand

To discriminate the marginal contribution of specific activities
more clearly we perform the following approach. For each activity
A the attributed electricity footprint is E4 for the surrounding +30
minutes as per Eq. (2). During this time another activity A’ may
or may not be recorded. For all instances i(A, A’) where A’ is re-
ported within 30 minute before or after A in a Household H, the
joint electricity footprint is

_ Yian) T 2 By (t € [tia) £ 30min])

EA A/
' Naw

(3)
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Fig. 1. Electricity demand during the hour of reporting activities.

Conversely, all instances where activity A is reported without
A’, we obtain a footprint as:

iy + X0 (¢ € [ty + 30min])
EA,A_/ = N -
AA

(4)

The difference between all activities A with and without A’ can
be considered as the marginal contribution (E*) of A’ to the elec-
tricity footprint of A. This can be expressed as

(5)

for each pairing of activities. Not all activities appear in pairs in
the surrounding 30 minutes often enough to perform this calcula-
tion. Use of ovens rarely happen within half an hour of sleeping.
For all activity pairs with a sufficient number of coincidences (A,
A’) and non-coincidences (A, A’) a value of E} 4 can be established.
We limit the analysis to the 25 most common activity clusters, for
which at least 100 reported activities exist.

To reduce the matrix of activity pairs to a single marginal de-
mand value per activity (Ej,) the activity specific contribution can
be aggregated across activities A as follows:

2aEia
N;,

EZ’,A = EA,A’ — EA,A’

E; = (6)
where (N7,) is the number of pairings with statistical significance.

E}, is thus an approximation of the specific difference the pres-
ence of activity A’ makes on household electricity demand. This
value should provide a closer estimation of the contribution of an
activity to electricity demand than the attribution in Eq. (2). In the
following section these approaches are tested with original data to
assess the validity of this approach and the scope to establish re-
lationships between activities and electricity demand.

3. Results
3.1. Activity attribution

Fig. 1 shows the 25 most commonly reported activities A
ranked by the mean of their associated electricity footprint E4. The
white bars show median demands. The distributions of load ob-
served for each group are highlighted as the bars for the +25th
percentiles.

The diversity has multiple causes. The national appliance stock
has a range of efficiencies with they can deliver the same en-
ergy service and different people use different amounts of electric-
ity during similar activities. Furthermore, these data span different
times of day, days of the week and even times of year, all of which
could be separated out in detail once more data have been col-
lected.

In this paper we set out to address the diversity which stems
from the conflation of activities which overlap in time. Are some
of the values in Fig. 1 distorted by the fact that other activities
systematically overlap with them in time and thereby artificially
increase the amount of electricity associated with it? For this we
translate the E4 values in Fig. 1 into marginal contributions for
each activity.

3.2. Marginal demand

A heat map of the marginal contribution E}, , for 18106 activity
pairs is shown in Fig. 2. Activities are ranked b3} their original elec-
tricity footprint from Fig. 1. Coloured areas describe the change in
demand that is observed when A’ is reported in addition to A. The
most statistically significant pairs are marked *** (p <0.01). White
areas do not have statistical significance (p > 0.1). The total num-
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Fig. 2. Marginal contribution of activity A’ on A.
ber of occurrences each activity and the number of coincidences
within + 30 minutes is shown in Fig. 6 in the Appendix. Vi\alg'?t-
It is worth noting that the matrix is not symmetrical and that
directionality matters. Adding activity A to B is not the same as B -
to A.
This is best illustrated by a pairing of high and low energy foot-
print: Washing machine and Wash dress. If Wash dress (A’) is added 400 -
to Washing machine as the reference activity (A), the marginal con-
tribution is negative (column Washing machine, row Wash dress in _
Fig. 2). Household demand tends to be lower when someone re-
ports washing or getting dressed (typically in the morning). Con-
versely, since demand during Wash dress tends to be low on aver- 0-
age, the specific times when Washing machine is reported in addi- 6{\6* O@e é@\@ &Q}} 6}\?}
Fion, dem.and is sigpiﬁcgntly higl?er (column Wash dress, row Wa_sh— <8 OOC‘\ © & ) g@@
ing machine dress in Fig. 2). This asymmetry exacerbates the ini- &\o@ o

tial energy footprint attribution that Washing machine is associated
with high demand, whereas Wash dress is a low demand activity
in Fig. 1. In marginal terms the two activities are now more dis-
tinct. Because on some occasions washing machines are used while
washing or getting dressed, the footprint attributed to Wash dress
in Fig. 1 might be an overestimate.

The dynamics and causality which give rise to higher or lower
demand are not always self-evident. These can be illustrated with
specific examples in Figs. 3 and 4.

The specific load impact of Hot drink on some of the most af-
fected activities is shown in Fig. 3. The bars show the electricity
footprint for all instances when an activity (A) was reported with-

Activity A

Fig. 3. The effect of a hot drink (A’) on selected activities (A).

out a Hot drink. The coloured area is the difference reporting of a
Hot drink made (E} ). These are the values from row Hot drink in
Fig. 2.

The marginal demand of a Hot drink differs depending on which
activity it complements.

Having a hot drink while using the kettle shows a negative
marginal demand (column Kettle, row Hot drink in Fig. 2). One ex-
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Fig. 4. Increase in demand when Hot meal (A’) is reported alongside activities (A).

planation is that kettles do not get filled as much for a hot drink
than for other uses, such as heating water for cooking. However,
it is also possible that the hot drink acts as an indicator for less
energy intensive practices at that time. If using a kettle for a hot
drink means that the kettle is not used as part of meal preparation,
then the overall demand is likely to be lower. Using a Kettle in ad-
dition to eating a hot meal consequently has a positive marginal
demand, whereas a Kettle in association with a Hot drink results in
lower demand (in both directions).

Not surprisingly, if more than one hot drink is reported (Hot
drink as A and A’), the additional hot drink has a positive marginal
demand. This effect is potentially still stronger than the strict en-
ergy requirement of preparing the hot drink itself. Boiling a kettle
for 3 minutes would raise the average over the one hour period
by approximately 100W. The observed marginal demand of 185W
suggests that kettles have either been filled unnecessarily or that
some additional demand remains unaccounted for.

Active occupancy itself, which is implicit in many activities re-
ported at home, results in the use of lighting and other ancillary
activities that go unreported. It can therefore be assumed that part
of the marginal values include an element of this demand over-
head.

Some other activities in Fig. 3 and the majority of activities in
Fig. 2 for Hot drink have statistically significant negative effects on
demand. Similar explanations as the Hot meal dynamic explained
above may apply here.

From a social practice perspective, the Got home activity may
be particularly interesting. The reduction in demand when arriv-
ing home and having a hot drink (which is itself a 185 Watt con-
suming activity), suggests that the Hot drink displaces other more
electricity-intensive activities and that this effect outweighs the
demand for the hot drink itself.

The second activity that has been singled out from Fig. 2 is that
of Eating hot meal. Fig. 4 shows that Rest has the largest impact
on Eating hot meal. A common occurrence of this pattern is for
one household member to report resting while another is active.
There are cases where Rest is reported before or after Eating hot

meal. This makes Eating hot meal and Rest another example of two
activities that are distinctly different in their electricity demand,
but would have been conflated in the attribution in the previous
section. Having a Rest when no Eating hot meal is reported shows
some of the lowest demand, while the addition of Eating hot meal
has a significant marginal impact of approximately 500 Watt.

Interestingly the higher reference demand for one of the most
reported activities, Screen time, is less affected by the addition of
Eating hot meal. At this point one can only speculate whether Eat-
ing hot meal that is consumed while on a screen is less energy
intensive to prepare, potentially because less preparation was in-
volved. Screen time is the most ubiquitous activity (see Appendix).
Screen time without Eating hot meal covers many other energy-
intensive activities. Therefore the background average of Screen
time is likely to already be high.

The examples of Hot drink and Eating hot meal show that the
marginal contribution of activities can be sensitive to their activ-
ity context. Nonetheless, some general trends can be observed. In
a second step of aggregation Fig. 5 shows the general effect of ac-
tivities (A’) across all statistically significant (p <0.1) pairings with
activities (A) as per Eq. (6), which produces a single value E* per
row in Fig. 2.

The marginal activities demand figures result in overall lower
values compared to Fig. 1, and indeed some negative ones. Each
value is now more closely aligned with the activity itself and less
so with the general (background) demand of other activities at
the time. Especially for the appliance related activities, such as
Washing machine, Oven or Dishwasher these numbers should not be
confused with appliance ratings. 400 Watt for an oven is not the
power of the oven, but merely the effect the oven had on demand
for the 30 minutes before or after (more likely after) a participant
reported another activity. The oven may only have been in use for
15 minutes or for a considerable time beyond the 30 minutes.

Even seemingly energy unrelated activities, such as socialising
or resting, still lead to higher demand. Reading on the other hand,
which had an initial demand attribution of 460 Watt could be
identified as a low demand activity in marginal terms.
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Fig. 5. Aggregate marginal contribution of activities on demand. Whiskers mark the full range, circles are outliers (>2.5 times the interquartile range).

The trend that hot meal related activities are among the highest
drivers of demand, whereas Preparing cold meal has the strongest
negative impact on demand confirms the initial trend in Fig. 1.

The distribution of marginal contributions differs significantly
between different activities in Fig. 5. This is a compound effect of
two distributions. Firstly, different activities are paired with differ-
ent numbers of other activities (see Fig. 2 for significance of joint
activities and Fig. 6 for absolute numbers). Secondly, each of these
other activities have themselves different distributions.

Better defined activities with tight distributions tend to coin-
cide with a greater number of activities with high statistical sig-
nificance in Fig. 2 (marked ***) and common direction. Eating hot
meal is paired with 13 other activities, all showing an increase in
demand and four with high significance (p <0.01). The resulting
distribution is therefore narrow. Kettles, as an example of a wide
distribution, are paired with two activities for which they increase
load (Cook on hob and Prepare cold meal) and three for which they
reduce it (Socialising, Rest, Hot drink).

4. Discussion

This analysis has shown that electricity use is more strongly re-
lated to the activity patterns than initially observed by [17]. The
improved grouping of activities brings out clearer distinction be-
tween activities. The inclusion of combinatorial effects further im-
proves the explanatory power of activity data. Marginal activity
contributions enhance the precision with which activities can be
linked to electricity demand and also allows for activities to be at-
tributed to a reduction in demand.

The data available for this analysis is still limited. With a larger
sample it may be possible to refine the approach and deploy more
sophisticated regression and machine learning techniques. Further-
more, it may become possible to discriminate the data more in
terms of demographics, time of day or time of year. By dividing the
sample into different age groups it would be possible to identify
demographics shifts in demand for similar activities. Many other

segmentations are also possible and can be explored with suffi-
ciently large and representative samples.

The cost of data collection has been significantly reduced in re-
cent years, such that further data collection should be encouraged.
Artificial Intelligence approaches could learn from activity patterns,
such that widely available smart meter profiles can be used for un-
intrusive information gathering. Ethical implications and potential
for misuse of such approaches are in urgent need of investigation.

The focus on household activities offers new perspectives on
electricity demand and the role of social practices in shaping it.
One of the most commonly reported activities, Hot drink, has been
shown to lead to a reduction in demand at the time of reporting,
despite the fact that the preparation of a hot drink itself requires
energy.

It may therefore be possible to lower demand by encouraging
activities that are themselves electricity demanding, but have a
negative marginal demand.

This effect, which may or may not be causal, raises interest-
ing questions over the role of activities in displacing other (more
energy intensive) activities. This approach could lead to new, less
punitive or restrictive approaches to load reduction or shifting.
Cold meals are another obvious example. The relationship between
meals, their timing and social dynamics (whether consumed alone
or in company) could hold the key to innovative approaches that
could go beyond energy and also benefit health and well-being.

Additional qualitative research may help to further understand
some of the dynamics between activities, where seemingly unre-
lated activity combinations (dishwashing alongside bathing or pot-
tering) result in significant increases in demand. Here it can be just
as important to understand which activities can lead to other ac-
tivities not to be performed.

5. Conclusions

This paper presents a novel method for collecting and analysing
household activity and electricity use data. Data post-processing



approaches include grouping and de-minning, which result in
meaningful attributions between activity records and their associ-
ated electricity demand.

The direct attribution of activities to household electricity de-
mand shows clear differences between key groups of activities.
Times of hot meals emerge as significant high load periods, while
cold meals are among the lowest. The method for attributing these
footprints includes any activities that were performed at the time.
Using an oven before, or a dishwasher after a hot meal can count
as part of the energy demand of the hot meal itself.

Distinctions between activities can therefore be drawn more
clearly after the introduction of marginal demands. This approach
allows to disaggregate activities that coincide in time. Marginal ac-
tivity demand provides a more specific contribution of an activity
to electricity demand.

Hot meals stand out even more clearly as one of the dominant
activities to explain high electricity demand, with marginal de-
mand contributions of over 230 Watt during that hour. Cold meals
could be identified as one of the lowest energy demanding activi-
ties with a marginal demand of -250 Watt.

One of the most commonly reported activities, Hot drink, is it-
self an energy demanding activity. However, this analysis suggests
that at times when it is reported net demand is in fact reduced. In
some cases the Hot drink displaces other, more energy intensive ac-
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tivities. Further analysis and studies with deliberate interventions
may be able to establish the underlying dynamics and causal ef-
fects more clearly.

The concept of marginal activity demands may enable the de-
velopment of new approaches to reduce or shift demand. The re-
lationships between electricity use and activities, but also between
activities themselves, raises many questions for which a larger data
sample would be required. We further encourage to follow some to
these relationship up with qualitative research methods to comple-
ment this quantitative approach taken here.
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Fig. 6. Number of coinciding activities within + 30 minutes. Total number reported in brackets.
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