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Abstract

The continued penetration of renewable energy sources in electricity generation and the de-carbonization of the domestic space
heating and hot water sectors is increasing the importance of demand side management (DSM). The development of end-use energy
consumption models that can be easily integrated with electricity dispatch models is crucial for the assessment of the integration of
supply and demand. The energy consumption of the domestic building stock is highly correlated with occupant behaviour, however
the inclusion of occupant behaviour in energy models is challenging due to its highly variable nature. Nevertheless, in order to
obtain reliable models of domestic energy consumption at high time resolution, the analysis of occupant behaviour patterns is
fundamental. This paper aims to develop a new methodology to generate realistic occupancy patterns that can be representative of
large numbers of households. This method is based on the clustering of household occupancy profiles using the UK 2000 Time
Use Survey data as a case study. The occupancy profiles that result from this method can be used as input to residential building
energy end-use models, thereby giving improved overall model performance.
c© 2016 The Authors. Published by Elsevier Ltd.
Peer-review under responsibility of KES International.
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1. Introduction

Due to the increasing penetration of renewable energy sources in electricity generation portfolios and the de-
carbonization of the domestic space heating and domestic hot water sectors, demand side management (DSM) is
assuming a fundamental role in the development of new energy policies. The assessment of the integration between
demand and supply of electric energy is fundamental and it can be achieved by integrating unit commitment and
dispatch models with large scale simulation models of the building energy sector [1]. The simulation of building
energy demand at large scale is challenging and it is approached in different ways by different researchers [2]. In
general, two main methodologies can be identified: top-down and bottom-up. The top-down approach is based on
the analysis of the whole residential sector energy consumption, and it does not distinguish individual end-users. In
contrast, the bottom-up approach is based on knowledge of the energy consumption of each single building. For
this reason, it is useful when the aim of the simulation model at large scale is the assessment of the contribution
of each building towards the aggregate energy consumption of the domestic stock. If the model must be used for
the assessment of DSM, it is important to monitor customer engagement at an individual level, especially when the
electricity demand is modified. In this case, the choice of the bottom-up approach is essential.

The bottom-up approach can be sub-divided into a statistical approach and an engineering approach [2]. A key
feature of engineering approaches is that they do not need any historical data, so they are preferred to the statistical



approach in case of a lack of past information of building energy consumption. The engineering approaches include:
distributions, archetypes and samples [2] techniques. Between these three techniques, the methodology that appears
to assure a high degree of accuracy with lower computational effort is the archetype technique. It is based on the
classification of buildings in groups with similar characteristics called archetypes, and on the simulation of these
buildings instead of the overall buildings belonging to the building stock. Each archetype is defined by specific
features into four main areas: form, envelope, system and operation [3] . The total energy end-use demand can be
scaled up by multiplying the results of each archetype by the number of houses represented by each archetype.

In the case of residential buildings, it seems that while a considerable number of researchers have focused on
the division of the building stock according to form, envelope and system characteristics of the building [4–8], just
a few have focused on the relevance of occupancy patterns, which can define the archetype in the operation area.
Richardson et al. [9] proposed a method based on the use of Monte Carlo simulations to produce random occupancy
patterns based on the behaviour of large and heterogeneous populations. The profiles that can be obtained from this
methodology are the results of combined occupancy profiles, and they cannot be used to characterise an archetype.
Yao and Steemers [10] argued that the main characteristics influencing residential building energy consumption are
the number of occupants and the length of the periods in which the houses are occupied. In their research, five fixed
common occupancy profiles for UK households were proposed, based on authors experience. These profiles were
used to characterise the archetypes in the operational area. This approach has a lower computational cost because it
eliminates the necessity to implement a Monte Carlo simulation for each household, but it introduces errors due to the
arbitrary choice of the occupancy scenario, which are not based on quantitative data.

The aim of the methodology presented in this paper is the development of characteristic occupancy profiles that
can be applied to characterise archetypes considering the operational area. The profiles are obtained using a new ap-
proach based on a statistical clustering technique, which groups together the households with similar daily occupancy
profiles. Once the characteristic occupancy profiles are identified, they can be coupled with the archetypes identified
considering just the form, envelop and system characteristics, to create a complete archetype, with specific physical
and also operational characteristics, as described in [3].
In this paper, the methodology, which is presented in Section 3, is applied on the data available from the UK 2000
Time Use Survey, which is described in the Section 2. The occupancy profiles that are obtained by applying the
methodology to the UK building stock are shown in the Section 4.

2. Time-Use Survey data

The UK 2000 Time Use Survey [11] (UK TUS 2000), is a national survey which was conducted in UK in 2000,
to record the everyday routine of 11700 UK citizens belonging to 6500 households. One household is defined as a
person or group of people who have specified the accommodation as their only or main residence and either share
at least one meal a day or share the living accommodation. The survey respondents occupied private houses which
were evenly spread into the 5 regions of Great Britain: South East (excluding London) and South West; London;
North West, North East and York/Humberside; Wales and Scotland; Northern Ireland. The respondents were asked to
complete a household questionnaire, an individual questionnaire and two diaries, respectively one for a weekday and
one other during the weekend, where the activities conducted were recorded every ten minutes.
The household questionnaire allows the determination of the number of members of each household, which defines
the household size, and the type of accommodation in which they live. From these data it is possible to understand the
breakdown of different size households by type of accommodation, which can be associated to a defined archetype.
Figure 1 shows the percentage of the different accommodation types, identifies in the UK TUS 2000, occupied by
households with different number of members. This figure, for example, shows that the percentage of accommodation
occupied by one occupant is more than 60% (62.6%) for the flat/apartment, but it does not exceed 35% for the other
accommodation types. Otherwise, the percentage of accommodations occupied by 4 people is very low when the flats
are considered (3%), but it increases gradually from the terrace house (13.3%) to the detached house (18.2%).

The following methodology is based on the data contained in the diaries, where the daily activities of all the
occupants aged above 8 are registered during a whole day. In particular, each respondent was asked to complete two
diaries, one during a weekday and another during a weekend. The data were collected in the period between June
2000 and September 2001; in particular, all the members of the same household described the activities conducted on



Fig. 1. Distribution of different size households in each accommodation type

the same day, and for each month a representative number of households was considered in each region. Each day was
divided into 144 ten-minute time slots starting at 4:00 am. In each time slot the occupants indicated their primary and
secondary activities, the location of the activity and whom the respondent was with. In this way, a complete database
of the activities [12] from 4:00 am until 3:50 am the next day was created.

Unfortunately, in many cases not all the occupants of the same household completed the diary. For this reason, the
data of some households were discarded, and just the data from 4588 households were used for weekdays and 4595
for weekends.

3. Methodology

The electric energy consumption of residential buildings is strongly influenced by the amount of time that the
occupants spend at home [10], and by their state (awake or asleep) during this time. This is due to the fact that only
when the occupants are home is it necessary to assure their thermal comfort in the house. Moreover, most of the
electric appliances are used only when the occupants are awake. For this reason, it is important to identify three
possible states of the occupants: home and awake, home and asleep, and away [13]. Other researchers [14], suggested
that building electric energy consumption increases with the age of people, the number of occupants and their socio-
economic and cultural state. In order to analyse how the interactions between occupants of the same household affects
energy consumption, the household diaries of the UK TUS 2000 were classified according to the number of occupants.
For the same reason, the state of each user must be correlated with the state of the users which belong to the same
household. The combination of the state of each occupant of the same household determines the household state. The
daily sequence of the household states defines the daily occupancy profile of the household. As a common behaviour,
the occupancy profiles during the weekdays differ from the occupancy profiles during the weekend. For this reason,
the household diaries were grouped also according to the day type.

After the grouping of the household diaries, the classification of the households can be performed by clustering the
household occupancy profiles of each group according to their state, using the data available from a TUS (Time of
Use Survey).

The overall methodology adopted can be divided in three steps: classification of the survey, clustering and deter-
mination of the number of clusters. The aim of the first step is to select a code for the identification of the state of
each household for each time step, in order to create the objects about which the clustering can be performed. Then
the k-modes clustering method is applied to cluster together all the households with similar states during the day.
At the end the results are evaluated using the root-mean-squared standard deviation (RMSSTD) and R-squared (RS)
coefficients. An overview of the methodology is given in Figure 2.



Fig. 2. Methodology

3.1. Classification of Time Use Survey - UK data

From the UK TUS 2000 the state of the occupants (home and awake, home and asleep and away) are available in
each ten-minute time slot. The household state is given by the combination of the states of all the occupants of the
same households. Consequentially, the number of states which can be assumed by the households is a function of the
number of occupants. This can be calculated from Equation (1) [15], where r is the number of occupants and n is
equal to the number of states which can be related to a single occupant, and it is equal to three.

nhouseholdstates =

(
n + r − 1

r

)
=

(n + r − 1)!
r!(n − 1)!

(1)

The number of states are 3, 6, 10, 15 for households with 1, 2, 3 and 4 occupants, respectively. Each household state
is associated with an identifier. The sequence of the household state identifiers during one day defines a string which
represents the daily occupancy profile of the household. In the case in which there are two occupants the identifiers
associated with each state are reported in Table 1. Considering the daily household profiles of all the households with
two occupants, it is possible to obtain the spectrum of the household occupancy profiles during one day, which is
shown in Figure 3(a). The x-axis indicates the households, while the y-axis corresponds to the time of the day, which
is based from 4:00 am to 4:00 am of the successive day. Each colour of the image identifies the household state in each
ten-minute time slot. From the spectrum it is possible to observe that in the majority of the households the occupants
are away from around 9:00 am to around 5:00 pm and this trend is confirmed by the mode of all the occupants with
two occupants during the weekdays (Figure( 3(b)).

Table 1. Identifiers used to categorise the state of the household in each time slot (Two occupants)

State of the household (Two occupants) Identifier

Two occupants sleeping 2Sl
One occupant sleeping/One occupant home 1Sl,1Ho
One occupant sleeping/One occupant away 1Sl, 1Aw
Two occupants home 2Ho
One occupant away/One occupant home 1Aw, 1Ho
Two occupants away 2Aw

3.2. k-modes clustering

The aim of clustering is to discover groups of households with similar characteristics, i.e., households with similar
occupancy profiles. There are several clustering approaches proposed in the literature [16]. The most appropriate



Fig. 3. (a) Spectrum of the occupancy profiles for the households with two occupants (weekdays); (b) Mode of the profile

method to use depends on the type of input data and objective of the analysis. In this paper, the inputs are the strings
of all the households containing the identifiers of the household-state during one day. The string inputs are categorical
variables rather than numerical. The number of algorithms that can be applied to these kind of variables is limited
to two: the k-mode algorithm, which belongs to the partitional clustering category, and the ROCK algorithm, which
belongs to the hierarchical clustering category [17]. The aim of the clustering in this work is to obtain a representative
occupancy profile for each cluster, this means that the partitional method is the most appropriate and for this reason,
the k-mode algorithm is used [18]. The aim of the algorithm is to find a set of modes {Q1,Q2,. . . Qk} that can minimise
the function (2).

E =

k∑
l=1

n∑
i=1

yi,ld(Xi,Ql) (2)

where k is the number of clusters, n is the number of categorical objects in the data set X, Xi ∈X,Ql is the mode
of the cluster l, and yi,l is an element of the partition matrix, which is a binary variable equal to one when the object
Xi is allocated in the cluster Cl. The expression d(Xi,Ql) is the distance measure, which can be defined as the total
mismatches between the mode of the cluster and the objects of the cluster [18].

The clustering is implemented using the statistical analysis package R [19], in particular the R function kmodes
[20], which belongs to the package klaR, which performs k-modes clustering on categorical data. The algorithm of
the function is initialised selecting k initial modes, one for each cluster. Then, each object is allocated to the cluster
with the most similar mode, according to the value of the distance d. After each allocation the mode of the cluster is
updated to minimise the distance between the categorical objects inside the cluster and the mode of the cluster.

When all the objects are allocated to clusters, the distance of all the objects against the current mode is calculated,
and if an object is more similar to the mode of another cluster, it is reallocated and the mode of the clusters are
updated again. This procedure is repeated until all the objects are assigned to the correct cluster. At the end of the
implementation of the algorithm, the modes of each cluster and also the number of objects which belong to the same
cluster are available.

3.3. Evaluation of the clustering results

The evaluation of non-hierarchical clustering results is usually performed through the use of two coefficients: the
root-mean-squared standard deviation (RMSSTD) (3) and R-squared (4) (RS) [17]. The first index measures the non-
homogeneity of the clusters, if its value decreases the obtained clusters are more homogeneous. RS is considered as
the measure of the degree of difference between clusters. It is included in the range [0,1], and it is equal to zero when
there is no difference between the groups, while when it is closer to one it means that there is a significant difference



between the groups. Considering the partition C ={C1,. . . Cl,. . . Ck} of the initial data set X={X1,. . . Xi,. . . ,Xn}, with
Xi={x1,. . . x j,. . . xm}, where n are the elements of the initial data set and k is the number of cluster, and m the dimension
of the space, the RMSSTD and the RS indexes are defined as:

RMS S T D =

∑k
l=1

∑
X∈Ci

∑m
j=1 δ(xj − q j)2

d(n − nc)

1/2

(3)

RS =

∑
X∈X

∑m
j=1 δ(xj − yj)2 −

∑k
l=1

∑
X∈Ci

∑m
j=1 δ(xj − q j)2∑

X∈X
∑m

j=1 δ(xj − yj)2 (4)

where yj is the mode of all the initial categorical objects and δ(xj,q j)and δ(xj,yj) are the distance measures between
the objects of the cluster and the mode and the objects of the cluster and the mode of all the initial categorical objects.

Formulae (3) and (4) are an adapted version of the coefficients reported in [21], where all the objects are considered
to have the same dimension. In this case if the value of the mode is not equal to the value of the data the spread between
the two is assumed to be two to emphasise the difference between the data and the mode. This adaption was necessary
because in this case categorical variables are considered, and the arithmetical difference between the numbers which
identify the states in the mode and the data is meaningless. The most appropriate number of clusters corresponds to
the one which determines a significant step in the value of the index. This value is indicated as significant knee [17],
and it can be easily recognised plotting the validity indexes as a function of the number of the clusters.

4. Results and discussion

The aim of the paper is the generation of representative occupancy profiles that can be used to identify archetypes
considering the amount of time spent at home, sleeping or away by all the occupants of the same household. The
methodology presented above was applied to the data available in the UK TUS 2000. The number of clusters used for
all the different households was determined using the RMSSTD and RS coefficients shown in the Table 2.

Table 2. Number of clusters

Number of occupants Weekdays Weekend
Number of clusters RMSSTD RS Number of clusters RMSSTD RS

1 3 0.91 0.33 3 0.93 0.32
2 4 1.10 0.28 4 1.11 0.25
3 7 1.25 0.23 8 1.30 0.25
4 8 1.31 0.19 9 1.36 0.23

The variation of the RMSSTD index and the RS index as a function of the number of cluster, obtained by aggre-
gating the households containing two occupants during a weekday are reported in Figure 4. In this case, the knee is
observed at 4 clusters. The relative incremental improvement of the RS index is 10% when the number of clusters is
increased from 3 to 4, while the relative improvement is just 4% when the number of clusters increases from 4 to 5.
The RMSSTD index has the same behaviour. It means that in this case the consideration of more than 4 clusters is not
beneficial.

The proposed methodology leads to the creation of 46 different household occupancy profiles: 22 for the weekdays
and 24 for the weekend.

From Table 2 it is possible to observe the increase of the value of the RMSSTD index is combined with the decrease
of the value of the RS index, when the number of occupants increases. This means that because of the larger number
of states that can be associated with the household when the number of occupant increases, the clusters that are created
are less homogeneous, and moreover the difference between the clusters is smaller.

For each cluster, the occupancy profiles are clearly visible by plotting the state of the households belonging to the
same cluster as a function of time. In Figure 5, the spectrum of the occupancy profiles that can be associated with
a household with two occupants during the weekdays is shown for each cluster. For all the clusters, it is possible to



Fig. 4. (a) RMSSTD value considering different number of clusters; (b) RS value considering different number of clusters

identify a common period during which all the occupants are sleeping from around 11:00 pm to around 7:00 am. Then,
during the day, the households belonging to different clusters are characterised by different occupancy behaviour. For
example, it is clearly visible that in the case of Cluster 1 (Figure 5(a)) both occupants are mostly home during the day,
while in Cluster 2 (figure 5(b)) just one of the occupants is mostly away during the day. In Clusters 3 (figure 5(c))
and 4 (figure 5(d)) there is also a different behaviour during the day, which changes at 6:00 pm for both. In Cluster 3
the occupants are mostly away before 6:00 pm but then they are home, while in Cluster 4 just one of the occupants is
away until 6:00 pm and then both are mostly home. Using the k-modes method, the modes that represent the clusters
are associated with each group of households (Figure 6).

They clearly define the general trend of the households which was observed from the figure 5. For example, while
from the spectrum of occupancy profiles of the cluster 3 (figure 5(c)) it is just possible to deduce that the 2 occupants
are mostly away from 8:00 am to 6:00 pm, from the mode of the cluster (figure 6(c)) it is possible to know that, as
average, the two occupants wake up at 7:20 am, and they stay home until 8:00 am during the morning, when one of
them leaves the house slightly before the other occupant who then leaves at 8:10 am. Both occupants return home at
6:00 pm, and remain awake until 10:00 pm.

From the k-mode clustering it is possible to determine also the percentage of households which belong to the same
cluster. This information is useful to assign the correct percentage of households with similar occupancy profiles for
each dwelling type characterised by specific characteristics. In this case, 39% of households with 2 occupants (759
households) belong to the cluster 3, which appears to be predominant also from the spectrum of the occupancy profiles
of all the households (Figure 2(a)) and the correspondent mode (Figure 2(b)). Then 27% of the households with 2
occupants (535 households) are associated to the cluster 1, 20% (417 households) to the cluster 4 and the remaining
14% (246 households) to cluster 2.

In the case of UK, the distribution of the households with different number of occupants is known for each accom-
modation type (Figure 2). For each group of households with a defined number of occupants and a specific day-type,
the percentage of households represented by a specific occupancy profile can be obtained from the methodology intro-
duced in this paper. Combining these data, it is possible to associate the correct amount of households with a specific
occupancy profile for each accommodation type. In this way it is possible to obtain complete archetypes considering
their form and also their operational features.

5. Conclusion

In this paper a new methodology for the identification of representative daily residential occupancy profiles for
households with different numbers of occupants is developed.

The methodology is applied to UK households using data available from the UK TUS 2000 and it identifies repre-
sentative occupancy pattern for the households, correlating the occupancy behaviour of each occupant. It was found



Fig. 5. Spectrum of occupancy profiles for the households with two occupants (weekdays). (a) cluster 1: 2 occupants mostly home; (b) cluster 2: 1
occupant mostly home/1occupant mostly away; (c) cluster 3: 2 occupants mostly home; (d) cluster 4: 1 occupant mostly home/1occupant mostly
away during the morning and 2 occupants mostly home during the afternoon.

that 22 different household occupancy profiles can be attributed to UK households during the weekdays, and 24 during
the weekend. This new methodology can be applied also to other countries where TUS data is available. For other
applications the criteria used to cluster the households occupancy profiles can be changed according to the different
goals of the clustering.

In future work, the presented methodology can be used to obtain realistic occupancy profiles which can be attributed
to the archetypes for modelling building energy consumption. Then the results of the simulations of each archetype
could be scaled and used to model the energy end-use demand at neighbourhood, city or national level.

The occupancy profiles generated by this model can contribute to planning and designing of energy production and
energy dispatch systems for residential buildings, developing building retrofit packages or population-scale HVAC
strategies, and other applications which require electric energy demand of large residential building stocks.
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Fig. 6. (a) mode of cluster 1; (b) mode of cluster 2; (c) mode of cluster 3; (d) mode of cluster 4.
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