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Abstract
Introduction of Time-of-Use (ToU) tariffs have the potential to
motivate consumers to flex their energy use and, by utilising their
flexibility, support the reduction in peak electricity demand. In return, lower peak demand could also reduce the system costs due to
the reduced need for peaking generation and network reinforcement.
By their nature, ToU tariffs would penalise consumers with high consumption during peak periods and who are not able to exercise flexibility. Therefore to ensure the affordability of energy bills it is important
to understand the relationship between the timing of activities in the
household and socio-demographic properties of the consumers.
This paper uses UK Time Use survey data to cluster households
by their energy-related activities during the peak electricity demand
periods, model the corresponding electricity demand and analyse the
impact of ToU tariffs across several socio-demographic parameters.
Results show that similar patterns of energy related activities exist for
the clusters with different socio-demographic parameters (e.g. family
structure or income). Findings also show that there is no single dominant socio-demographic parameter that defines the winners or losers
from the introduction of ToU tariff.
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Introduction

Time of Use (ToU) tariffs offer significant potential benefits to the system
by enabling responsive electricity demand and reducing peaks. For example,
they could reduce the need for new generation and network capacity. However, the impact of more cost-reflective pricing will vary between consumers.
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In particular, those who consume electricity at more expensive peak periods, and who are unable to change their consumption patterns, could end up
paying significantly more.
Understanding the distributional effects of ToU tariffs becomes vital to
ensuring affordability of energy bills, at the same time as making demand
more flexible. Whilst there is significant research on fuel poverty in relation
to aggregate level of consumption of electricity, little is known about the
effects of dynamic tariffs on different socio-demographic groups. Analysis on
the distributional effects of ToU pricing is very limited and some examples
are briefly reviewed here.
In a liberalised market one of the main remits of energy regulators is
to ensure that vulnerable consumers are not excessively disadvantaged by
changes in tariffs. In the UK, the energy regulator (Ofgem) commissioned
work to understand potential distributional impacts of ToU on different sociodemographic groups of consumers. Using half hourly electricity demand data
from the Energy Demand Research Project and the Low Carbon London trials, a study by Cambridge Economic Policy Associates (2017) calculated the
bills that result by households based on “behavioural” estimates in response
to the tariff they have selected. Findings show that there are households in all
groups that would be worse off under ToU tariffs to some modest degree. According to this study, on average all socio-demographic groups, except some
of the most affluent groups, would save on their annual bills. The limitations
of this study relate to the use of aggregate socio-economic segmentation,
which does not allow disaggregated analysis or clustering according to sets of
socio-demographic variables; the uptake of tariffs based on a review of survey
data rather than trials; and the use of behavioural responses from the Low
Carbon London trial which is not nationally representative.
The Centre for Sustainable Energy Centre for Sustainable Energy (2014)
carried out analysis of the distributional effects of ToU tariffs. This showed
that most consumers would see relatively small changes in bills, but some
could see increases in bills of up to 20%. However, this study did not consider the effects on different socio-demographic groups and did not consider
whether households indeed had flexibility in terms of how their schedules are
structured.
A review of U.S. trials Faruqui & Sergici (2013) find that low-income
groups are associated with lower peak reduction than other groups. A review of pilots by Stromback et al. (2011) found that age, income, education,
household size, load profile and environmental factors such as house type,
house size, house age etc. are rarely captured by studies. A review by Frontier Economics & Sustainability First (2012) found no studies specifically
collected information on vulnerable groups as defined by the Government’s
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Fuel Poverty Strategy (people with a long-term illness, families with children,
disabled people and the elderly). In terms of uptake of the tariffs, stated preference studies on ToU tariffs show that age, gender, housing tenure (social
renter, private renter, homeowner), employment status, education, income
and social grade do not reveal any significant variation across groups (Nicolson et al. (2017)). It can be concluded that evidence on the relationship
between socio-demographic variables and response to ToU tariff is not conclusive (Hledik et al. (2017)).
Based on this brief review the starting point of this paper is that the
timing of people’s activities plays a vital role in explaining the timing of residential electricity demand and the potential effects of ToU tariffs. The focus
not only on income and other socio-economic factors, but on time use, as the
timing of when electricity is used in the household is critical to understand
electricity demand Torriti (2017). This approach is in line with recent interdisciplinary studies which consist of employing time use data (i.e. tracking
residential users in and out of the household) and linking them to residential
electricity demand based on previous work by (Wood & Newborough (2003)
and Firth et al. (2008) who distinguished between deterministic and stochastic timing of appliance use. Time use data have been used before in energy
demand research in the UK (Richardson et al. (2008); Richardson et al.
(2010); Torriti et al. (2015)), France (Wilke et al. (2013)), Spain (LopezRodriguez et al. (2013)) and Sweden (Widen & Wackelgard (2010);Widen
et al. (2009)). The general approach of these studies tends to rely on either
time use diary data or stochastic models. Whilst time use data have proven
effective at re-generating electricity load profiles for domestic dwellings, they
have never been used to infer distributional impacts of dynamic tariffs. The
research work presented in the paper combines the activity-based stochastic
modelling of residential electricity demand and
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Methodology

The methodology for this paper was structured as follows:
1. Process activity data to determine number of energy related activities per household and extract socio-demographic information for each
household.
2. Cluster households based on the shape of the energy-related activities
profile during peak-time.
3. Identify dominant socio-demographic parameter for each cluster.
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4. Populate stochastic electricity demand model with parameters for each
socio-demographic group and each cluster
5. For each cluster evaluate the difference in costs between flat and ToU
tariffs to identify winners and losers from ToU.

2.1

Time Use dataset

The primary source of activity data and social-demographic information for
the activtiy analysis was the UK Time Use Survey (UKTUS) carried out in
2014 and 2015 Gershuny & Sullivan (2017). Several researchers and research
projects have chosen the UKTUS dataset as it provides a diverse sample
size of circa 16000 diaries across the UK. The survey consisted of two parts:
household survey and activity dairy. Household survey provided rich sociodemographic information about the residents of the households, including
the relation between the residents, family structure, household income, age
of the residents, occupations, and employment status amongst others. The
aim of the diaries was to capture what activities were carried out by the
residents over the age of 8 years in the chosen households. Four levels of activities (primary, secondary, tertiary and quaternary) and the respondents’
location were recorded at 10-minute interval over two days, a weekday and
a weekend. In total there are over 270 individual activity codes that the
respondents could choose from to describe their activity. To reduce the computational requirements and to focus on electricity consumption associated
with activities, the activity codes were grouped by similarity (e.g. “watching
sports on TV” or “watching films on DVD” grouped as “Watching TV”) and
whether activity is likely to be directly linked with electricity consumption.
For each household, all energy related activities for each respondent to the
activity diary were added together to get a profile containing the number of
energy related activities in the household. For the clustering purposes the
energy related profile for each household profile was normalised to per person
in the household to focus the clustering on the shape of the profile.
The social-demographic information for each household was gathered
form the individual survey and household survey. Combining two data sets
gave a wider selection of the socio-demographic parameter for each household, contains the following information:
• Number of children in the household (variable DM016 from UKTUS
household survey).
• Overall household income (variable Income from UKTUS household
survey).
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• Property type (variable Accom from UKTUS household survey).
• Employment status of the residents of 16 years old and above: selfemployed, employed, retired or unemployed (variable WorkSta from
UKTUS individual survey).
• Number of residents in the full-time education (value 7 from variable
WorkSta from UKTUS individual survey).
• Household type (variable dhhtype from UKTUS individual survey): single person, married or cohabiting couple with children (under 16), married or cohabiting couple without children, single parent with children
(under 16), single parent without children, married or cohabiting couples in complex households, single parents in complex households and
other households (e.g. unrelated or siblings).
• Number of rooms in the household (variable NumRooms from UKTUS
household survey)
• Age of the residents (variable DVAge from UKTUS individual survey).

2.2

Clustering

Normalised weekday energy-related activities for each household are clustered
using k-mediod method - a variation of the k-means clustering algorithm
with the centroid of each cluster is selected from the existing data, instead
of the mean. Clustering is performed by measuring the similarity between
the half-hourly averages of energy related activities per household during the
peak-demand period (from 16:00 to 20:00 on weekdays). Similarity between
the energy related activities is measured using the Euclidean distance and
clusters are formed based the sum of differences between each profile and the
mediod profile.
The number of clusters was chosen to be 20 to maintain sufficient cluster
population sizes and to facilitate group diversity of energy-related activities
at peak time.

2.3

Probabilistic demand model

Demand profiles for each cluster were synthesised using stochastic highresolution household demand model developed by McKenna & Thomson
(2016). The model makes use of four-state occupancy probability and activity probabilities to generate thermo-electrical demand for a dwelling based
on the given number of residents and dwelling properties.
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Activity diaries from individual responders belonging to each household in
clusters were analysed to generate the four-state occupancy transition probability matrix for each household size. The occupancy transition probability
matrix indicates the how many residents are active and whether they are
present at the property at each 10 minute period during the day.
Activities from the diaries were mapped to the six activities supported
by the demand model: Watching TV, personal care, house cleaning, cooking,
ironing and laundry. Similarly to the occupancy probability, diaries for each
respondent belonging to the households in each cluster were used to calculate
the probabilities of activities across the day and varying occupancy levels.
Both occupancy and activity probabilities were generated for weekdays and
weekend days using the corresponding diaries.
The demand model for each cluster was configured to generate demand
for 150 dwellings. Dwelling information for the model was specified to ensure
that the number of residents and the property type were representative of
the households in each cluster. Each model was then run to generate 150
demand profiles for a weekday and a weekend over three seasons: summer
(June, July and August), winter (December, January and February) and
interseason (March, April, September and October).

2.4

Tariffs

To assess the impact of ToU tariff on each cluster of households two tariffs
were chosen: standard flat tariff and price varying static tariffs. The tariff
schedule and ratio of price levels for the tariffs were based on two studies by
Centre for Sustainable Energy (2014) and by Hledik et al. (2017). Figure 1
depicts the timings and the price levels of the tariffs.
Three static ToU were analysed in Centre for Sustainable Energy (2014)
(CSE) :
• ToU-1 is a two level tariff with peak time pricing applied daily (both
weekday and weekend) between 4PM and 8PM.
• ToU-2 is a three level tariff. Peak time pricing is applied daily (both
weekday and weekend) between 4PM and 8PM, mid-level pricing is
applied 7AM to 4PM and 8PM to 11PM and the remainder of the time
is for low price.
• ToU-3 is also a three level tariff, however, the peak-time pricing and
mid-level pricing is only applied to weekdays. The ratios of the price
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Figure 1: Flat and static ToU tariffs applied to evaluate the impact on bill
costs for clusters of households.
levels is adjusted accordingly to ensure revenue neutrality 1 .
Similarly to CSE ToU-2, static ToU used in Hledik et al. (2017) (hereafter
refered to as Brattle-sToU) is a two level tariff with the peak time pricing
applied between 4PM and 8PM daily, including weekend.
Previous works in the literature have studied the impact on ToU on the
consumer behaviour and the shift in electricity demand. In this paper, it is
assumed that there is no change in behaviour and in demand as result of ToU
tariff. This is equivalent to assuming that there is no significant difference
across socio-demographic groups in terms of response to changes in tariffs.
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Results and discussion

3.1

Clustering

Statistical information for the profiles of energy related activities for each
cluster are shown in figure 2.
Mean energy related activity profile per cluster generally follows the shape
of residential demand profile: some activity around mid-night, very little
activity at night and morning peak around 7-8 AM. During the day the
1

Applying a ToU tariff to the Elexon standard demand profile class 1 must result in
the same annual cost as a standard tariff.
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number of activities per person vary between clusters, predominantly between
0.2 and 0.3, except for cluster 20.
Because the households were clustered on the shape of activity profiles
during the peak time, several distinctive groups of peak time activities are
visible. Most of the clusters have peak time high number of energy related
activity per person that start at the beginning of peak time or during and
slowly drop off around 10 PM.
For majority of the clusters the standard deviation (s.d.) remains similar
throughout the day, again, except for cluster 20. Over all the s.d. remains
high for most clusters, even in the peak period, indicating high diversity of
energy related activities within clusters. During the peak time, the s.d. is
expected to drop due to the clustering of the activities during peak time by
the similarity of their shape. The diversity within clusters can be explained
by the fact that the clustering is performed on half-hourly average of 10minute energy related activities, which allows for variation of energy-related
activities during the peak time at 10 minute resolution.

Figure 2: Mean and standard deviation of energy related activities at 10minute resolution per resident per household for each cluster. Red-area indicates the period of peak electricity demand.
Figure 3 depicts the number of households in each cluster. Cluster 1
contains 772 households (18% of the population) and is almost double the
8

size of any other cluster. The smallest two clusters 19 and 20 contain 65 and
61 households, respectively.

Figure 3: Number of households per cluster.

3.2

Sociodemographic distribution

Figure 4 demonstrates the proportion of types of families in each cluster.
Most of the clusters are have similar share of single person and married/
cohabiting parters without children as the entire population of households in
the survey. Exceptions are clusters 8, 12, 13, 14, 18 and 19, where proportion

Figure 4: Proportion of cluster consisting of family types: single, married/ cohabiting couple with children, married/cohabiting couple without
children, single parent with children, single parent without children, married/cohabiting couple in complex household and single parent in complex
household.
of married/cohabiting couples without children dominates the proportion of
single residents. Whereas, clusters 6, 9, 15, 16, 17 and 20 are predominantly
populated by residents who are single.
Employment proportions per cluster are shown in figure 5. Similarly to
the family structures, the proportion of employment statuses for a majority
of the clusters has similar breakdown as for the entire population used in
the study. At least 33% (cluster 18) are employed across all clusters , with
the highest employment (over 44%) is present in clusters 3,13,14,17 and 19.
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Retired proportions range between 15.15% and 27.32%. Clusters with lowest
retired proportions are 15 and 17, and highest retirement is clusters 8, 18
and 20.

Figure 5: Proportion of cluster by employment of residents in the cluster:
employed, self-employed, retired, studying and unemployed. (Statuses not
shown: on government training scheme, unpaid worker in family business
and doing something else.

Figure 6: Median monthly household income for the households in each
cluster.
The following plots show median household income per cluster (figure 6),
median number of residents per household in each cluster (figure 7), median
number of rooms per household in each cluster (figure 8) and median age of
the residents in each cluster (figure 9).

Figure 7: Median number of residents per household in each cluster.
Clusters 2, 4 and 5 show same values for median income, median number
of residents and median number of rooms in the household. However, the
shape of the mean energy related activities for these clusters during the
10

peak-time is dissimilar. This could suggest that these socio-demographic
parameters do not influence the timing of increase in energy related activities
during the peak-time period.

Figure 8: Median number of rooms per household in each cluster (values for
variable NumRooms in UKTUS household dataset).

Figure 9: Median age of the residents in each cluster.
On the other end of the spectrum, lowest median income and smallest
median number of rooms are present in clusters 19 and 20. Furthermore, the
median age for these clusters is above 48. Mean energy-related activities for
these clusters is also the two highest during the peak-time.

Figure 10: Energy related profiles and the sociodemographic information for
the households in cluster 2.
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Figures 10 to 13 show the socio-demographic breakdown of individual
clusters along with their energy-related profiles.
Taking a closer look at clusters 2 and 5 in figures 10 and 11 shows that
although the distribution of social-parameters is similar, the timing and the
intensity of rise in energy-related activities during peak-time is different. The
period of high density energy-related activities is wider and starts earlier in
cluster 5 compared to cluster 2.

Figure 11: Energy related profiles and the sociodemographic information for
the households in cluster 5.

Figure 12: Energy related profiles and the sociodemographic information for
the households in cluster 11.
Cluster 11 (figure 12) has lower median income, median number of rooms
and number of residents than clusters 5 and 2. Age distribution in cluster 11
is similar to cluster 5, yet is cluster 11 the median number of children is zero
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compared to clusters 2 and 5. Against the distribution of socio-demographics,
the profile of energy related activities for cluster 11 has higher density during
the day and sharper increase during the peak time around 6PM.
Figure 13 shows the smallest cluster but with the highest median age.
Notably, the number of energy related activities throughout the day and the
evening for this cluster is significantly higher than any other cluster.

Figure 13: Energy related profiles and the sociodemographic information for
the households in cluster 20.

3.3

Electricity demand modelling

Figures 14 and 15 show the statistical overview of 150 demand synthetic
profiles.
Diversity of the demand profiles for the clusters demonstrates that the
grouping of the energy-related activities during the peak time leads to varying
timing and magnitude of peak time electricity demand. For example the
shape of the inter-quantile range corresponds to the timing of increase in
energy related activities. Clusters 2 and 5 spikes in the upper 75th quantile
correspond to the grouping of the energy related activities in figures 10 and
11.
In addition to particular patterns during peak-demand period, individual
clusters also demonstrate diversity in the shapes of the morning peaks.
Clusters 10, 12, 13, 15, 18, 19 and 20 have very distinctive sharp morning
peaks. Whereas, clusters 3, 4, 5, 7, 8, 16 and 17 have prolonged morning
demand period. Such link between morning and evening peaks perhaps could
be an indicator of how routines and sequences of activities contribute to the
shape of demand profiles.
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Figure 15 show similar picture for the weekend demand.
Another important point to note is the relationship between the mean,
median and the inter-quantile range. Overall the synthetic demand is skewed
towards the lower values throughout the day because the median is lower
than the mean. For the most of the clusters, there is greater variability in

Figure 14: Mean (solid thick line), median (coloured line) and inter-quantile
range of 25th and 75th quantiles (grey area) of synthetic demand profiles
generated by CREST model based on activity probabilities from diary population of each cluster. Time period: weekday during winter period.
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the morning and evening peaks as suggested by the distance between the
mean and the upper 75th quantile. This variability can be explained due
to the normalisation of energy-related activity profiles per resident at the
clustering stage. As the results, households with greater number of residents
and higher demand could be clustered with smaller households.

Figure 15: Mean (solid thick line), median (coloured line) and inter-quantile
range of 25th and 75th quantiles (grey area) of the synthetic demand profiles generated by CREST model based on activity probabilities from diary
population of each cluster. Time period: weekend during winter period.

15

3.4

Distributional ToU impact

The net impact on the bill of each 150 synthetic demand profiles in each cluster across all seasons and for each type of selected ToU profiles are presented
in figures 16 to 19.
Applying CSE-ToU-1 gives a spread of -5% to +5% around the median
for most of the clusters. Median and inter-quantile range of the impact on
the bill is predominantly below zero, indicating that most of the dwellings
in most of the clusters would benefit from the SCE-ToU-1 tariff. However,
clusters 4, 9 and 20 have median above the zero line. Most of the dwellings
in cluster 20 will be disadvantaged from switching to CSE-ToU-1 from the
CSE-flat tariff. On the other end, most of the cluster 11 would benefit for
the CSE-ToU-1.
In figure 17, unlike with CSE-ToU-1 tariff, most of the dwellings for
all clusters would benefit by switching to CSE-ToU-2 from CSE-flat tariff.
Similarly to CSE-ToU-1, clusters 9 and 20 are the least to save on the bill.
Quite a different picture is depicted in figures 18 and 19 where all dwellings
in all clusters will pay more as result of switching to ToU. Difference is ratios
between the price levels (and number of prices levels) between CSE-ToU-3
and Brattle-sToU have an impact on the magnitude of change on the bill.
With CSE-ToU-3 range of bill increase is between 3% and 20% , whereas for
Brattle-sToU the increase is significantly higher, 17% to 33%.
Despite the overall increase from CSE-ToU-3 and Brattle-sToU, there
are clusters which are affected less than others. To highlight the difference
between clusters and remove the impact of absolute price levels, figure 20

Figure 16: Distribution of net impact on the bill for demand profiles in each
cluster with CSE-ToU-1 tariff compared to standard tariff .
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Figure 17: Distribution of net impact on the bill for demand profiles in each
cluster with CSE-ToU-2 tariff compared to standard tariff .
shows the residual mean of net bill impact for each ToU for each cluster.
Residual mean was calculated by subtracting the mean bill impact from the
net bill impact in all clusters for the corresponding ToU tariff.
Relative difference between the clusters shows that residents from clusters
3 and 11 are average winners from ToU in comparison to other clusters,
particularly from ToU with the same price levels for weekday and weekends
(CSE-ToU-1, CSE-ToU-2 and Brattle-SToU). Clusters 9 and 20 are, on the
contrary, losers such ToU tariffs. CSE-ToU-3 appears to reduce the difference
between the clusters due to the the continuous low-price period during the

Figure 18: Distribution of net impact on the bill for demand profiles in each
cluster with CSE-ToU-3 tariff compared to standard tariff .
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Figure 19: Distribution of net impact on the bill for demand profiles in each
cluster with Brattle-sToU tariff compared to standard tariff .
weekend.

Figure 20: Residual mean of impact on the bills per cluster for the chosen
ToU tariffs.
Comparison of socio-demographic parameters does not reveal a dominant parameters responsible for the impact on the bill. Clusters 2 and 5
have similar socio-demographic distribution, yet cluster 2 tend to be worse
off on average compared to cluster 5 for all ToU tariffs. Cluster 20 continuously demonstrated negative impact on the bill and have a distinctive
socio-demographic parameters (highest median age and lowest median income). However, the cluster size is relatively small which undermines the
significance.
18

4

Conclusions

Time of use tariffs are designed to encourage consumers to exercise their flexibility and shift their consumption away from times when the demand on the
network is high (so called peak periods). From an economic perspective the
effectiveness of the ToU tariffs is in price of electricity that is constrained by
energy users ability and motivation to change consumption based on price
signals. Social science researchers would argue that the engagement of consumers with dynamic tariffs depends on the way to which everyday life and
household rhythms can be aligned with the new tariffs.
The objective of this paper was to understand the distributional impact
of ToU tariffs through analysis of household activities and the modelling of
electricity demand. Clustering of energy-related activities in households have
demonstrated distinctive patters in the evening peak periods. However, sociodemographic distribution for each cluster did not demonstrate a significant
dominant parameter (e.g. work status, income, family structure) being linked
to the shape or intensity of the energy-related activities during the peak-time.
In addition to identifying clusters with similar evening energy-related
activities, the resultant clusters of households also demonstrated distinctive
patters in density and timing of energy-related activities in the morning. The
link between variation in morning and evening patterns of energy-related
activities suggests that energy consumption activities are not evenly spread
in everyday life and they are influenced by institutional rhythms.
Occupancy and activity probabilities for each household in each cluster
were used to generate synthetic electricity demand profiles for each cluster.
Across the clusters, synthetic demand profiles demonstrated variability in
electricity demand aligned with the changes in energy-related activities during the peak time. Despite the variability within the inter-quantile range,
the overall median and mean electricity profiles for all clusters are similar.
This finding could be a sign of synchronisation across the society: people do
similar things at peak time regardless of their socio-demographic status.
Comparison of several ToU tariffs also did not demonstrate a significantly dominant single socio-demographic parameter defining the impact of
the ToU. Results confirmed that the ratio between high and low price levels
strongly influences the overall impact of ToU across all clusters. In line with
previous studies of smart meter data and ToU tariffs, Comparison of residual
mean impact (or relative difference between clusters) showed that ToU where
weekends have low price level reduce the difference in impact of ToU between
clusters.
The next step in the analysis of distributional impact of ToU tariffs is to
restructure socio-demographic information in to combinations of values and
19

parameters (e.g. single parent in full-time employment with two children
living in a flat within Greater London).

References
Cambridge Economic Policy Associates (2017), Distributional impact of time
of use tariffs, Technical Report 416.
Centre for Sustainable Energy (2014), Investigating the potential impacts
of Time of Use (ToU) tariffs on domestic electricity customers: Smarter
Markets Programme, Technical Report April.
Faruqui, A. & Sergici, S. (2013), ‘Arcturus: International Evidence on Dynamic Pricing’, Electricity Journal 26(7), 55–65.
URL: http://dx.doi.org/10.1016/j.tej.2013.07.007
Firth, S., Lomas, K., Wright, A. & Wall, R. (2008), ‘Identifying trends in the
use of domestic appliances from household electricity consumption measurements’, Energy and Buildings 40(5), 926–936.
Frontier Economics & Sustainability First (2012), Domestic and SME tariff
development for the Customer - Led Network Revolution, Technical Report
June.
Gershuny, J. & Sullivan, O. (2017), ‘United Kingdom Time Use Survey, 20142015. [data collection]. SN: 8128’.
Hledik, R., Gorman, W., Irwin, N., Fell, M., Nicolson, M. & Huebner, G.
(2017), The Value of TOU Tariffs in Great Britain : Insights for Decisionmakers, Technical Report July.
Lopez-Rodriguez, M. A., Santiago, I., Trillo-Montero, D., Torriti, J. &
Moreno-Munoz, A. (2013), ‘Analysis and modeling of active occupancy
of the residential sector in Spain: An indicator of residential electricity
consumption’, Energy Policy 62, 742–751.
URL: http://dx.doi.org/10.1016/j.enpol.2013.07.095
McKenna, E. & Thomson, M. (2016), ‘High-resolution stochastic integrated
thermal-electrical domestic demand model’, Applied Energy 165, 445–461.
URL: http://dx.doi.org/10.1016/j.apenergy.2015.12.089
Nicolson, M., Huebner, G. & Shipworth, D. (2017), ‘Are consumers willing to switch to smart time of use electricity tariffs? The importance of
20

loss-aversion and electric vehicle ownership’, Energy Research and Social
Science 23, 82–96.
URL: http://dx.doi.org/10.1016/j.erss.2016.12.001
Richardson, I., Thomson, M. & Infield, D. (2008), ‘A high-resolution domestic building occupancy model for energy demand simulations’, Energy and
Buildings 40(8), 1560–1566.
Richardson, I., Thomson, M., Infield, D. & Clifford, C. (2010), ‘Domestic electricity use: A high-resolution energy demand model’, Energy and
Buildings 42(10), 1878–1887.
URL: http://dx.doi.org/10.1016/j.enbuild.2010.05.023
Stromback, J., Dromacque, C. & Yassin, M. (2011), The potential of smart
meter enabled programs to increase energy and systems efficiency: a
mass pilot comparisonShort name: Empower Demand, Technical report,
VaasaETT Global Energy Think Tank.
URL:
papers2://publication/uuid/45A4910F-C10F-4873-B2662311EF22FD5E
Torriti, J. (2017), ‘Understanding the timing of energy demand through time
use data: Time of the day dependence of social practices’, Energy Research
and Social Science 25, 37–47.
URL: http://dx.doi.org/10.1016/j.erss.2016.12.004
Torriti, J., Hanna, R., Anderson, B., Yeboah, G. & Druckman, A. (2015),
‘Peak residential electricity demand and social practices: Deriving flexibility and greenhouse gas intensities from time use and locational data’,
Indoor and Built Environment 24(7), 891–912.
URL: http://journals.sagepub.com/doi/10.1177/1420326X15600776
Widen, J., Lundh, M., Vassileva, I., Dahlquist, E., Ellegard, K. &
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