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Abstract

The human interaction with the building is a key cause of uncertainty when predicting energy consumption
of buildings. Building occupants affect building energy use directly”and indirectly by interacting with
building energy systems, for example, by adjusting thermostats, switching lights on/off, using electrical
devices and opening/closing windows. The occupants’ daily activity prefiles and occupancy patterns clearly
shape the timing and magnitude of energy demand in households. Medelling energy-related human activities
throughout the day, therefore, is a crucial task for prediction-of-energy use and, consequently, to reduce the
gap between real and predicted building energy use.

This study modelled data gathered in the diary-based Danish Time Use Survey (TUS) 2008/09 of 9,640
individuals from 4,679 households. Individuals’ dailysactivities were logged in 10-minute time increments
for 24 h, starting and ending at 04:00, during both*weekdays and weekends. The aims of this study were to
(i) profile energy-related daily activities of.occupants during different seasons and weekdays/weekends (ii)
investigate time-related characteristics of activities such as starting and ending times and durations, and (iii)
profile occupancy patterns for weekdays/weekends for different household types. The outcomes provide
valuable input for building energy simulation for bridging the gap between simulated and real energy
consumption in the Danish residential sector; typical occupancy profiles for different household types for
different days of the week areifreelyravailable online [1].

Key words: Occupant behavieur, occupancy, Time Use Survey, residential buildings

1. INTRODUCTION

In the European energy expenditure balance, the residential building sector is a major consumer of energy
and has therefore/become a focus for various types of energy consumption efforts [2]. Within the wider
building, energy research community and among energy-aware designers, dynamic Building Energy
Performance Simulations (BEPS) are increasingly used to gain a more precise understanding of the
underlying processes of energy flows and to optimize building energy use. BEPS have become indispensable
instruments to predict building energy use and are considered valuable design-support tools for energy
experts in the building sector. However, simulation results are prone to errors since many of the fundamental
phenomena are not sufficiently understood. A major challenge in simulation tool development and
application is how to deal with difficulties associated with a large variety of parameters and complexity of
factors such as non-linearity, discreteness, and uncertainty [3]. The stochastic nature of the human interaction
with the building is a key aspect of uncertainty for building design, energy diagnosis, performance
evaluation, and building energy simulation due to its significant impact on real energy use and indoor
environment in buildings. It has attracted research attention in the International Energy Agency (IEA EBC



Annex 66) [4]. In addition, extended literature reviews and state-of-the-art analyses highlight that the
accurate modelling of occupant behaviour is essential to bridging the gap between predicted and actual
energy performance of buildings [5-9] Many studies have documented the need for comprehensive and
validated stochastic models predicting residential occupancy and activities, as well as the variations between
individuals and households [10-12]. For example, Larsen et al. [11] carried out an in-depth analysis on how
occupants influence the energy consumption of Danish residential buildings and highlighted how the new
demand for sustainability will inevitably increase the influence of the occupants’ presence and interaction on
energy use. Therefore, detailed modelling of these processes is necessary to predict energy use, indoor
climate and in particular peak loads of heating, ventilation and air conditioning for system dimensioning.

In this context, occupants’ activities evidently shape the timing of building energy use throughout the day.
Diary-based surveys on how occupants spend their time during the day can help to shape occupancy profiles
and energy-related activities. National time use surveys (TUS) have been carried out at.nationallevel since
the early 1970s. The first TUS were conducted in developing countries in Europe.~They were designed to
understand and assess progress in lifestyles, focusing mainly on time spent for leiSure, transport, and work.
The first TUS in developing and transitional countries were conducted in the“late=1990s, with the main
objective being to measure the gender gap in paid and unpaid work. By 2015, nearly a hundred surveys for
65 countries were available for in-depth analyses [13,14].

Although TUS data have been used predominantly for answering researeh-questions related to social aspects,
work, and economics, they are becoming an essential data source for energy-related occupant behaviour
modelling as well (Table 1). As Schipper et al. [15] first stated, to. gain a deeper understanding about the
impact of different lifestyles on energy use it is necessary to.understand interdependencies between time use
and energy consumption. Wilke [16,17], for instance, developed stochastic models based on the French TUS
to predict time-dependent residential occupancy and activities, relating the use of electrical appliances to the
activities performed. Yu et al. [18] used data collected in a household TUS in Beijing to develop a household
time-use and energy-consumption model, which_incorperates multiple behavioural interactions. Torriti [19]
used the British TUS to assess how dependent energy-related social practices in the household are in relation
to the time of the day. They analysed.-the, 2005 UK TUS and made use of statistically derived time
dependence metrics for six social practices, including preparing food, washing, cleaning, washing clothes,
watching TV and computer usages Other studies modelled TUS data to explore the temporal change in
laundry practices and related implications on the flexibility of energy demand [20] or to generate myriad
schedule data of each inhabitant’sibehaviour at a fine time resolution for time-series cooling load calculation
[21,22].

Indeed, next to the exploration of TUS data for establishing a link between occupants’ activities and energy
consumption, time usedata have been used most frequently in the development of high resolution occupancy
profiles for different countries. Richardson et al. [23] presented a thorough and detailed method for
generating realistic occupancy data for UK households, based upon surveyed time-use data describing what
people do and when. The approach presented generates statistical occupancy time-series data with a ten-
minute_resolution” and takes account of differences between weekdays and weekends. The model also
indicates thesnumber of occupants that were active within a house at a given time. Aerts et al. [24] developed
a methodology for modelling domestic occupancy patterns based on the Belgian TUS (2005). Buttita et al.
[25] used the UK 2000 TUS for demonstrating a methodology that permits to generate occupancy patterns
that can be representative for different archetype building models.

Some of the existing studies show that TUS data represents a significant resource by validating their TUS-
based approaches against field measurements. Widén et al. [26], for instance, modelled time-use data for
constructing load profiles for household electricity and domestic hot water based on Swedish TUS data.
They also provided validation against detailed, end-use specific electricity measurements in a small sample
of households and revealed that the model for household electricity reproduces hourly load patterns with
preservation of important qualitative features. Fischer et al. [27] modelled electric load profiles with high



time resolution based on the German TUS and validated their model against field data from 430 households;
the results showed an accuracy of 91%.

The range of above-mentioned studies clearly shows how TUS data can be used to model and analyse
occupant behaviour in the field of building energy use. In countries with growing electricity generation from
renewable energy sources, gaining better knowledge of occupants’ time use in households and related energy
use at a national scale becomes a crucial task in order to respond to challenges related to demand-response
modelling. However, in the Danish building energy research community, TUS data have not been analysed
from the perspective of energy usage. Its potential usability for modelling energy- and behavioural-related
processes in this context needs still to be thoroughly explored. Furthermore, to the best knowledge of the
authors, there are no existing studies present tailored approaches for modelling building occuparnts’ presence
in Danish households.

In light of the foregoing discussion, the aim of this paper was to investigate time use in the Danish
population and to understand if the Danish TUS data are applicable for further~research. on modelling
behavioural patterns in households. In particular, we introduced and analysed the“latest diary-based Danish
TUS in order to (i) shape energy-related daily activity profiles of occupants during-different seasons and
weekdays/weekends, (ii) investigate time-related factors of activities such as starting, ending times and
durations, and (iii) profile occupancy patterns for weekdays/weekends and different household types. These
occupancy profiles for different household and day types are freely available online for implementation in
BEPS in the academic and industrial sector.

Table 1: Studies that employed TUS data in occupant behaviour-related building energy analysis.

Authors/year TUS Respondents Time resolution Modelling Purpose
UK TUS, 2000, “The

Richardson et al. [23] United Kingdom 2000 - 10 minutes Occupancy
Time Use Survey”

Wilke [16][17] French TUS 1998/1909  ~>:441 individuals, 10 minutes Occupancy, activities,

7,949 households

electricity demand

Beijing TUS, China,

10 residential districts,

Weekdays, weekends, 6

Household time-use and

Yuetal. [18] 2010 614 households, 1,314 clustered activities (out  energy-consumption
households members* of 12) model

10 minutes, only Time dependency of

Torriti [19] UK TUS 2005 3,554 individuals ' energy-related social

weekdays

practices

Tanimoto et al. [21]
Tanimoto et al. [28]

NationalSurvey:on
Living Time Schedule,
NHK (Nippon Hoso
Kyokai),Laboratory,
2000 +*“Survey on
Time Use and Leisure
Activities” (Statistics
Bureau of the Ministry
of Internal Affairs and
Communication)

Weekdays, Saturday,
Sunday, 15 minutes

Generation of
inhabitants’ behaviour
schedules for cooling
load calculation

Widén et al. [26]
Widén et al. [29]

Swedish TUS, 1996 -
TU-SCB-1996 data set

426 persons in 103
detached houses and 64
apartments

1 weekday and 1
weekend day, 1-5
minutes

Generation of load
profiles for household
electricity and domestic
hot water

Development of a three-
state non-homogeneous
Markov chain and
bottom-up approach for
modelling domestic
lighting demand

Aerts et al. [24]

Belgian TUS and
Household Budget

6,400 respondents,
3,455 households

1 weekday, 1 weekend
day, 7 typical

Occupancy




Survey (HBS), 2005

occupancy patterns, 10
minutes

Lauretis et al. [30]

French TUS 2009/2010
and French household
expenditure survey

27,903 time diaries

10 minutes

Disparities in activity
patterns and related
energy consumptions
and expenditures

Jalas and Juntunen
[31]

Finnish TUS 1987/88,
1999/2000, 2009/2010,
Finnish household
expenditure surveys
from 1990, 1998, 2006

Mixed

10 minutes during day,
20 minutes during
night, 14 clustered
activity categories (out
of 26)

Energy and carbon
intensity of household
activities

Ca. 13,000 individual

No fixed time step, 403

High'spatial resolution

Chiou et al. [32] American TUS 2006 L activity codes,
diaries model of energy use
weekday, weekend
L 10 minutes, two Madelling electric load
Fischer et al. [27] German TUS 2002 14,000 individuals, weekdays and one profilés with high time
5,200 households -
weekend-day resolution
Clustering of household
Buttita et al. [25] UK TUS, 2000 11,700 individuals, 10 minutesy weekday, occupancy profiles for

6,500 households

weekend day

archetype building
models

Anderson [20]

UK TUS 1985 and
2005

4,854 individuals
(2005)*

15‘minutes (1985), each
day of.a selected week,
10 minutes (2005, 1

diary day)

Analysis of laundry
activities and related
energy demand

*datasets refer to subsamples of the TUS used in the studies

2. DATA AND METHODOLOGY

2.1 The Danish Time Use Survey (TUS)

211

Framework

The occupant behaviour and activity  profiling presented in this study was based on the Danish TUS

2008/20009.

In particular, it relied on_responses from 9,640 individuals from 4,679 households drawn

randomly from a part of the Danish population aged 18-74 years [33]. The Danish TUS included three tools
for data collection from the population: a questionnaire, a diary and an expenditure booklet (Figure 1).
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Figure 1. The Danish TUS framework. h represents the household, i the individuals/household members, j
the diary day — weekday or weekend day — and m the method used — telephone or web.

As explained by Bonke [33], the questionnaire consisted of 50 questions soliciting general information on
the respondents such as family background, incomes, and labour market connection. Furthermore,
respondents were asked to complete two forms for daily time use — one for a specific weekday and one for a
specific weekend day. All respondents in the 18-74 age group and, if applicable, their spouse or cohabiting
partner and/or children aged 12-17, were asked to complete these time use forms. The main respondent of the
family completed surveys for children under 12.

A pre-coding system for different types of activities was provided in the diary for enabling thesespondents to
easily compile the TUS and to facilitate data analysis. The day was divided into 10-minute.intervals, 144 in
total. The time spent on a given activity in the course of a day therefore becomes the sum of’10-minute
increments, where these activities occur. This was intended to ensure more consistent processing of the
responses. Interviews were conducted at regular intervals over twelve months, covering the period of March
2008 to March 2009. A detailed description of the survey can be found in [34] and‘Bonke and Fallesen [35]
where detailed response rates (48% for the diary) and other information are specified,

2.1.2 Representativeness of the Danish TUS

The authors provide a more detailed description of the main characteristics of the respondents in order to
establish if the background information on respondents of the.Danish TUS was comparable to national
statistics. This pre-analysis was hence aimed at excluding significant sampling errors of the TUS sample
with respect to the entire Danish population. In detail, the hackground information of the respondents
collected in the questionnaire (Danish TUS 2008/09) was compared to the same type of statistical data
available for research at the national level [36] in 2008 (DK-2008) and 2015 (DK-2015). These two years
were chosen for the comparison in order to provide a‘reference during the year in which the survey was
compiled (2008) and to investigate whether the trend significantly changed in recent times (2015). In
general, the age distribution of the respondents and the Danish population had a similar trend with a slight
overrepresentation of 41-60 years old respondents (Figure 2a). Both amongst the respondents and in the
Danish population, one- and two-.memberihouseholds were the most frequent, while a smaller fraction lived
in households of three to six people (Figure 2b). There was a balanced gender ratio of 51% male to 49%
female among the respondents.

The trend in the surveyed yearly household net income (DKK) was slightly smoother than the trend of DK-
2008, which clearly peaked atjincomes lower than 200.000 DKK (Figure 2c). Nevertheless, the trends were
comparable and the Danish,/ TUS can be considered representative for the Danish population. In general, the
highest percentage of the respondents were employees (27%) and students (16%). Both retired survey
respondents/and skilled workers represented 10% of the total respondents; all the other categories
represented'a lower percentage of the total sample size. More information on work statuses of the survey
respondents_can be found in [37].
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2.2 Profiling energy-related activities (i)

The Danish TUS framework pre-coded and included over 35 primary activities, which were selected by the
respondents for describing in 10-minute intervals how they spent their day. In this study, the activities in the
original survey framework were consolidated into a set of 10 energy- and occupancy-related activity clusters
valuable for occupant behaviour analysis in the residential sector. The new set of 10 clustered activities is
shown in Table 2 [37]. Since the focus of the study was to model occupant behaviour in dwellings, activities
taking place outside the domestic environment were all placed in category: no. 9 “not at home”. Moreover,
the definition of a category “not at home” allowed for development of detailed occupancy profiles (see
section 2.4). Based on this updated set of activities, the first step of analysis consisted of shaping daily
activity profiles of the building occupants throughout the day.

Table 2. Activity clustering

No. New clusters Activities included in the Danish TUS-2008/09

1 Sleeping Sleeping

2 Toilette Toilette

3 Eating Eating

4 Cooking/Washing dishes Cooking/Washing dishes

5 Cleaning/Washing clothes Cleaning/Washing clothes

6 Practical Work Other work, do-it-yourself work, garden work

7 Family care/Free time Child care, reading:with children, family care, reading, hobby, social
gathering, phone conversations

8 Relaxing/TV/IT TV/radio/music, IT, relaxing

9 Not at home Work, lunchbreak, transportation as part of work, transport to and
from.work education, education, transport to and from education,
shopping, errands, visiting public offices, pick up/bring children,
association activities, voluntary work and similar, exercise/sport,
entertainment/culture, restaurant/cafée

10  Others Others

2.3 Investigation,onitime:-related factors (ii)

2.3.1 Distribution\of activity durations

This analysis, was/aimed at understanding typical durations of the identified activities throughout the day.
The Kaplan-Meier estimate, which is a non-parametric method for describing the fraction of activities
persisting” for a certain amount of time [38]. The Kaplan-Meier estimate [39] involves computing
probabilities of occurrence of event after a certain amount of time. To create a survival curve that yielded the
time durations of the activities, we calculated the survival probability for each activity according to Equation
1

() = 1_[ (1 - %) L



where S(t;) is the probability of survival at time t;, d; is the number of ceased activities at time t; and n; the
number of continued (surviving) activities at time t;,

2.3.2 Transition states

A further analysis outlined the starting and ending times of the activities during weekdays and weekends. For
this, transition states (activity started, activity ended) were defined for eight activities and then accumulated
on an hourly basis. Table 3 shows an example of transition states for activity 3. In this case, a survey
respondent performed activity 3 for half an hour; the starting and the ending time of this activity were
described by the transition states “activity started” and “activity ended”, respectively. Activity 9 (“not at
home”) was analysed separately in section 2.5 regarding the definition of occupancy profiles and activity 10
(“others”) was not considered relevant for the analysis.

Table 3. Transitions states of activity 3

Time Activity state (survey Transition state “activity Transition state “activity
response) started” ended”
00:00 0 0 0
00:10 3 1 0
00:20 3 0 0
00:30 3 0 0
00:40 0 0 1
00:50 0 0 0

2.4 QOccupancy patterns (iii)

The definition of representative oceupancy:profiles for the Danish residential sector during weekdays and
weekends was addressed by apalysis of’'the clustered activity 9 (“not at home™). Activity 9 provided
information on when occupantsiwere ‘absent from home, while all the other activities took place in the
domestic environment. A-/departure” event occurred when activity 9 was started and a returning event
occurred when activity 9-ended. In detail, activity 9 included activities performed outside the house.

The probability of leaving home (LH) and returning home (RH) in the next hour at a given time of day n was
calculated according to Equations 2 and 3, respectively:

Number of departure events at time stepn
P(LH)(n) = 2
( )( ) Number of respondents at home at time step n—1 ( )
Number of returning events at time stepn
P(RH)(n) = 3
( )( ) Number of respondents away from home at time step n—1 ( )
3. RESULTS

3.1 Shaping daily activity profiles (i)



Figure 3 shows the percentage of respondents carrying out each of the ten identified activities throughout the
day. Sleeping was clearly the dominant late evening — early morning activity with 90% of the survey
respondents being asleep between 00:40 and 06:00. There were two evident peaks in “eating”, corresponding
to lunchtime (ca.12:30) and, dinnertime (ca. 18:30). Two other large portions of the graph represent the
activities “Not at home” (Activity 9) and “Relaxing/TV/IT” (Activity 8). The largest percentage of survey
respondents were out of home around 11:20 and returned during the afternoon hours. A large percentage of
respondents were at home during the whole or a large extent of the day. This might be due to the fact that
Figure 3 was based on the same number of weekdays and weekend days during which respondents tended to
stay home longer (see Figure 4). The full percentage of total respondents at each time step corresponds to
9,518-9,521 respondents for weekdays and from 9,607 to 9,640 respondents for weekends. As regards the
activity related to relaxing and the use of TV and IT devices, a peak can be observed betweeny19:00 (after
dinnertime) and 23:00. In particular, the identified patterns related to (a) cooking/washing dishes, (b)
occupancy (at home/not at home) and (c) use of TV and IT devices provided valuable energy-related
information with respect to occupant behaviour and its impact on building energy, use.

It is important to highlight that Figure 3 combined all of the collected survey responses«in one graph, without
distinguishing activities with respect to different seasons of the year or different days of the week. Figure 4
compared the daily activity profiles during different seasons and on weekdays (WD) and weekends (WE).
No noticeable differences were found respectively between the spring/autumn and the summer/winter period.
As a consequence, Figure 4 only shows outcomes related to summer (Juney-July and August) and wintertime
(November, December and January).

The key results of this analysis were:

e |onger sleeping times during weekends (8h39m — 9h1m) with respect to weekdays (8h-8h17m);

e longer sleeping times in winter than in summer,ontboth weekdays (8h17 and 8h, respectively) and
weekends (9h1m and 8nh39m, respectively);

e more time spent on practical and garden.work in'summer (43m-1h) than in winter (19-22m);

e more time spent out of home during weekdays (6h30m-6h41m) than on weekends (3h51m-4h9m);

e longer relaxing times on weekends (3h59m-4h14m) than on weekdays (3h6m-3h32m);

o small difference in time spent for toilette (ca.40m) and cooking/ washing (ca.40m) for different
seasons and/or day types;

e in broad-ranging activities, such”as “not at home”, “others” or “relaxing/free time”, the values of
standard deviation indicated high variability and spread of the data due to occupant diversity - while
more specific activities, such as sleeping, eating or toilette were characterised by a lower variability
among occupants;
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Figure 4. Daily time spent on the activities during summer and winter weekdays/weekends (+ 1 St.Dev.).

3.2. Time-related factors: Time durations and starting/ending times (ii)

3.2.1  Survival curves of activities’ daily time durations

Figure 5 shows the probability that an activity survives for longer than a given period t once it has started.
The longest time durations were linked to the sleeping activity. Around 90% of the respondents slept at least
six hours in a row and 10% slept longer than 10 hours in a row. The second longest daily time durations were
linked to activities away from home (“not at home), this survival curve was less steep than the,others, which
reflected the large variety in duration of this activity throughout the day. The second:longest activity
performed at home, after sleeping, was relaxing and TV/IT usage. The activities with shortest durations were
toilette, cooking/washing dishes, cleaning/washing clothes, and eating.
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Figure 5. Survival functions for daily occupants’ activities

3.2.2 "Starting/ending times of activities

The number of activities started throughout the day is shown on an hourly basis in Figures 6a and 6b for a
typical weekday and weekend day, respectively. Figure 7 depicts when the same activities ended on a typical
weekday (Figure 7a) and weekend day (Figure 7b). These graphs provided insights into the time dependency
of the activities and highlighted the following key aspects:

e generally, there were three peak times for initiation of activities: morning hours (07:00-09:00), the late
afternoon/early evening hours (18:00-20:00) and at bedtime (23:00);



Number of activities ended

most survey respondents started their sleeping activity between 22:00 and 00:00 and ceased the activity
between 06:00 and 10:00; moreover, both the onset and termination of sleeping activity was shifted later
during weekend days;

There were clear peak values for toilette use in the morning and evening hours in correspondence of the
starting and ending time of the sleeping activity;

as expected, the highest number of eating activities started and ended during breakfast (07:00-10:00),
lunch (12:00-14:00) and dinnertime (18:00-20:00); cooking and washing dishes were also linked to these
starting and ending times;

activities related to relaxing and TV/IT usage began during the afternoon hours and reached the highest
number of started activities in the evening hours (19:00-21:00); these activities mostly ended during the
late evening hours (21:00-01:00);

activities related to practical work and family care were not dependent on time of the day and

Number of activities started

starting/ending times were equally distributed throughout different hours of the day:
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Figure 7. Number of activities ended during (a) weekdays and (b) weekends.

3.3 Occupancy profiling (iii)

The aim of this section is to gain a deeper knowledge on occupancy patterns in Danish households and to
describe probabilities of occupancy related to state (probability of number of respondents at home) and
transitions (probability of leaving/returning home). This information can be further elaborated for developing
stochastic models aimed at capturing more accurately human presence in BEPS, and consequently;contribute
to reducing the gap between predicted and measured energy consumptions in the building sector. Figure 8
depicts the percentage of survey respondents at home throughout the day during weekends and weekdays.
The highest percentage of respondents not at home occurred in the late morning hours, a small portion
returned home at lunchtime, while most of the respondents came home during the late afternoon/evening
hours. During the weekend, a larger fraction of the survey respondents were home compared to weekdays.
Figure 9 shows occupancy profiles during weekdays and weekends( for_different sized households. The
percentage of survey respondents at home was referenced to the number of household members in each
category. For example, in a 2P household 100% meant that 2 persons were at home and in a 3P household
100% meant that 3 persons were at home.
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Figure 8. Occupancy patterns during weekdays and weekends
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Figure 9. Occupancy patterns for different household compositions (n*P=number of household members)
during (a) weekdays and (b) weekends.

Figure 10 depicts the probability of leaving (Figure 10a) and returning to the home (Figure 10b) within the
next hour during weekdays and weekend days, respectively. The probability of leaving home was highest in
the morning (06:00-08:00) and early afternoon hours (12:00-13:00). The probability of returning home was
highest during lunchtime (11:00-13:00), dinnertime (16:00-18:00) and late evening (22:00-24:00). The
probabilities of departure and arrival were calculated as the fraction of the total number of arrival or
departure events at a time step and the number of respondents that were at home or away from-home in the
previous time step, respectively (Equation 2 and 3).

The probability of leaving home is characterised by less evident peak values during weekends than during
weekdays (Figure 10a), while there were less difference in the peaks for the returningshours.during weekdays
and weekends (Figure 10b). Aggregated hourly data was used for this analysis to-@verceme inconsistencies
in data trends at higher time resolutions (10-minute intervals) due to the tendency. of-survey respondents’ to
report the start or the end of activities at the full hour or half hour.

The levels of occupation were further analysed for different household types with different numbers of
household members (from single-person households to 4-person households), and different types of day. To
gain a better overview, a spectrum of occupancy profiles shows the“level.of occupation in 150 randomly-
chosen households for each household type during weekdays (Figure 11a) and weekends (Figure 11b). This
analysis clearly highlighted a higher occupant density and a more_irregular spectrum during weekends with
respect to weekdays. The tendency of respondents to leave heme earlier during weekdays than on weekends
is also clearly readable in the spectrums. A growing density.of occupancy can be observed with an increasing
number of household members. This analysis allowed for profiling individual occupancy patterns based on
household type and day type, which can be directlysimplemented in BEPS by interested researchers or
professionals. To facilitate the applicability of the"outcomes of this study in building energy simulation
programs, individual occupancy profiles, for different household compositions and types of day
(weekday/weekend) have been made freely available online:
(http://www.ib.byg.dtu.dk/english/Researchfresearch_groups/Human_Performance and_behaviour/Danish-
Residential-occupancy-profiles).
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Figure 11. Spectrum of 150 randomly-chosen individual occupancy profiles of different household typologies
(single=person households to 4-person households) during (a) weekdays and (b) weekends. The occupation
level is defined by number of occupants (occ.) at home.

4. DISCUSSION

The survey respondents and background information (with respect to, e.g., household composition, age
range, yearly net income) of those who completed the DTUS 2008/2009 can be considered representative of
the Danish population. To evaluate the applicability of TUS data for modelling occupant behaviour and
related energy consumptions, it was necessary to determine whether the created activity profiles can be
related to existing studies on electricity use trends in the residential sector. In line with this, the following



supplementary analysis compared Activity 4 “cooking/washing dishes” (Fig.12), to typical hourly mean
electric load profiles in Danish households during weekdays and weekends. The latter refers to the study of
Marszal-Pomianowska et al. [40] who developed a high-resolution model of household electricity use based
upon a combination of measured and statistical data. Their study shows that typically there are two peaks
during weekdays: a morning peak, which is caused by activities such as preparation of breakfast, morning
toilette e.g. hair drying, and an evening peak, which reflects dinner preparation/cooking and evening
entertainment, e.g. use of TV and/or PC. Furthermore, during weekends, the morning peak often moves to
later morning hours due to longer sleep, and it is more flat. As depicted in Figure 12, similar trends was
found from the analysis of the DTUS 2008/2009. These outcomes therefore confirmed that these activities
could be related directly to the electricity loads in the households with an evident peak during dinnertime.
For further comparisons, such as Activity 3 “eating” and profiles from literature the authors refer the reader
to [41].

As mentioned previously, the definition of accurate occupancy profiles and their implementation in BEPS is
crucial in order to predict building energy use more reliably. Developers of such-tools tend to provide fixed
predefined schedules that can be implemented when running simulations for_ otherecase studies. The U.S
Department of Energy (DOE), for instance, developed reference buildings with predefined schedules for the
EnergyPlus software [42], such as schedules for occupancy, lighting useyequipment use, ventilation rates or
heating and cooling set-points.

To the best knowledge of the authors, there are no existing studies presenting tailored approaches for
modelling the presence of building occupants in Danish households. Therefore, the DTUS-based occupancy
profile was compared with the occupancy profile provided by-DOE. Figure 13 depicts their proposed
occupancy profile for weekdays of a mid-rise apartment“house [43], which was compared with the
occupancy profile obtained from this study. This graph ‘indicates that there is a resemblance between the
DOE occupancy profile and the Danish TUS-based:occupancy profile. As a consequence, the DOE profile
could be implemented in energy simulation software, torestablish an approximation of average occupancy in
Danish households. In cases where closer representation is needed, the average occupancy profiles from
Figure 8 and 9 could be used. The occupaney. profiles are freely available online and can be used in cases
where average profiles are not adequatesand where it is important to represent the diversity in occupancy
profiles in Danish households [1].
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Figure 13. Comparison between the simplified DOE occupancy profile and the DTUS-based week day
occupancy profile.

However, it is necessary to acknowledge some limitations related to‘the application of the Danish TUS data
to occupant behaviour profiling and modelling. These limitationsare mainly attributable to the fact that most
TUS frameworks are not specifically designed for energy-related research purposes. The TUS classification
systems may not always reflect meaningful distinctions betweensspecific activities of interest for the desired
research task. To obtain a solid conceptual basis for the specific.analytic endeavour, it is necessary to extract,
transform and/or cluster useful information from the broad-ranging survey framework. The latter includes a
large number of activities and sometimes does not allow for an unambiguous interpretation when it comes to
the translation of general times use to specificuenergy-related activities. An important drawback of the
Danish TUS framework is that it was not designed, to capture simultaneous actions of the respondents (e.g.
cooking and watching TV) since they could only report one activity at the time. It is also important to keep in
mind that all the data collected in the diary.was self-reported: occupants may have underreported or forgot to
record some actions or they may have exaggerated the frequency of some of their actions. Respondents also
tended to report new activities at the full-or the half hour, which to some extent affected the reliability level
of resolution of the data analysis When it comes to reporting starting and ending times of the activities. The
Danish TUS data available:to the authors were analysable only in aggregate form. It was thus not possible to
explore other interesting predictors (e.g. job category, age) linked to individual diary entries.

5. CONCLUWSIONS

The analysisiprovided in this paper demonstrated that Danish TUS data provides valuable information for
developingrenhanced building simulation inputs for modelling occupant behaviour and its influence on
energy cansumption in the Danish residential sector. Daily profiles of ten energy- and occupancy-related
activities were different depending on the season day of the week (weekdays and weekends). Survival
curves of the daily time durations of the activities provided typical starting/ending times of each activity and
representative occupancy profiles for different household typologies during weekdays and weekends.
Furthermore, during weekdays occupants were most likely to leave their home at 08:00 or 13:00 and tended
to return at noon or in the late afternoon/early evening hours (18:00). To enhance building simulation inputs
for occupancy in the Danish residential sector, this paper provided online access to a spectrum of individual
occupancy profiles for different household typologies and different days of the week.

The outcomes were in line with typical trends of hourly electricity profiles in Danish households. Indeed,
similar peak values of hourly electric load profiles and some energy-related activities were observed during



the same hours of the day. In detail, these peaks referred to the early morning hours, lunch time and dinner
time, and could therefore be strictly correlated to cooking and eating activities. The Danish TUS data
provided occupancy patterns similar to an existing simplified occupancy profile developed by the U.S DOE.
The Danish TUS is an important source for developing more accurate energy-related occupant behaviour
profiles in Danish households. Future work will include further exploration of the TUS data and extracted
occupancy patterns to create stochastic models that can be implemented in dynamic energy simulation
programs towards bridging the gap between predicted and real energy consumptions. Work is also underway
for linking the energy-related activities to the respective electricity demands in order to define high
resolution demand profiles in Danish households.
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