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Summary

The residential sector is responsible for over 55% of the natural gas consumption in the Netherlands. In the
climate accord of Paris, the Netherlands came to an agreement with the rest of the world leaders to limit
the overall temperature rise by reducing the consumption of and by switching away from carbon-based fuels.
The gas mining induced earthquakes in the northern part of the Netherlands increases the pressure on Dutch
society to reduce natural gas consumption. The residential sector can play a role in reducing the consump-
tion of natural gas in accordance with the Paris accord and to mitigate gas mining induced earthquakes. The
amount of natural gas consumed per household is dependent on the behavioural aspects of residents, which
are the biggest cause of uncertainty in estimating natural gas consumption. Current natural gas consumption
based calculations are based upon dwelling characteristics and are not adjusted to individual behavioural as-
pects. The inside temperature in a dwelling is seen as the primal indicator of residential heat consumption.
The behavioural aspects of residents in the form of thermostat interaction are analysed in this thesis. The
potential saving in the residential sector is addressed by including thermostat practices of residents in the
estimation of potential savings.
The goal of this thesis is to identify thermostat practice in dwellings by the use of disaggregated energy con-
sumption data and estimate the impact of adjusting individual thermostat practices on the natural gas con-
sumption in the residential sector. Disaggregated energy consumption data is seen as detailed individual
household consumption data. To reach the goal the following research question is answered:

What insights in thermostat practices that influence natural gas consumption of individual house-
holds can be identified by a combined analysis of electricity and thermostat use?

Practice theory is used to understand the underlying mechanisms at play in household interaction with their
thermostat. Disaggregated consumption data is used to gain insights in thermostat practices of individual
dwellings. The thermostat practices of households are used to group specific practices and indemnify poten-
tial savings in the residential sector.
The smart meter/ thermostat Toon is used to gather individual thermostat interactions and gas and electricity
consumption data. Grouping of individual households with the use of clustering on the basis of thermostat
settings is used to determine similar thermostat practices. Households with similar thermostat practices are
grouped together, with the use of unsupervised classification in the form of hierarchal clustering. Similar
thermostat practices groups are used to shape potential thermostat adjustments and assess the impact of
these adjustments.
Thermostat practices of households are evaluated with the use of occupancy detection to identify potentials
savings. A connection between thermostat practices and household occupancy is made with the use of elec-
tricity consumption data. Individual electricity consumption data of households is used to determine the
occupancy in a dwelling, by detecting moments of relative high consumption. Residential occupancy is de-
tected with model ensemble of a Hidden Markov Model and a Rolling Mean Model to determine an overall
occupancy schedule. The combined analysis of occupancy and thermostat practices is used to determine
potential savings and determine the extent of these savings.
The generated insight in saving possibilities by a combination of thermostat practices and residential occu-
pancy is used to develop and estimate the impact of 4 different thermostat practice adjustments. The esti-
mations are based upon 3 different calculation methods: relative shift, heat demand and temperature and
gas regression model, to gain a comprehensive understanding of the impact of each of the saving options.
The potential savings are expressed in condition based lowering of the thermostat settings inside individ-
ual dwellings. The relative shift method calculates the potential saving by relating gas consumption to the
difference between in and outside temperature. Heat demand calculations are based upon the number of
non-active heating hours for each of the saving options. In the regression method, a linear regression model
for every individual household is build, to estimate the gas consumption on the basis of the difference be-
tween the in and outside temperature.
More than half of the households in the sample group heats their home during daytime while the occupancy
of these dwellings is detected at around 50%. The other half of the population has a clear heating pattern of
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morning and evening heating. For each of the detected thermostat practices, adjusting thermostat settings
result in a potential gas saving. There is a factor 2.5 difference in potential saving between the different ther-
mostat practices. Residents are able to save from 2% to 5% depending on their thermostat practice, resulting
in an overall average saving of 34 euro per year. The largest saving potential of lowering the thermostat to 15
degrees overnight. Thermostat practices of households have a bigger impact on the gas consumption than
currently used household characteristics. Natural gas consumption of households with similar thermostat
practices have shown disparate consumption due to dwelling specific characteristics. Household specifics as
thermostat practices and thermal inertia have shown to impact natural gas consumption. The detected ther-
mal inertia of dwellings with the use of disaggregated consumption data is not in line with estimated values
based upon physical characteristics of dwellings. The potential savings based upon physical characteristics of
dwellings over estimates the potential saving in the residential sector. The impact of thermostat practices and
thermal inertia of dwellings determined with the use of disaggregated consumption data is substantial. Cur-
rent energy consumption studies and energy labelling are based upon physical characteristics of dwellings.
The mismatch between estimated energy consumption and measured consumption indicates that estimat-
ing residential gas consumption for individual households on the basis household characteristics alone is
redundant. By including actual residential consumption data in energy labelling and shifting policy towards
adapting household behaviour future policy measures can be improved.
The overall potential savings in the residential sector by adjusting thermostat settings are relatively small
but can help to reach the climate goals. The results are based upon occupancy detection in a dwelling by
analysing dis-aggregated consumption data. By improving the occupancy detection, the confidence in the
results and number of included households can be improved. Expanding the size and representativeness
of the sample group improves the applicability and confidence in the results. The personal preferences of
residents in both the adoption adjustments and the actual impact on their thermal comfort is unknown. Fu-
ture research is needed in order to close the gap between actual savings and potential savings by thermostat
adjustments and to determine the impact on thermal comfort.
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Thesis Definition

In this chapter, the broader context of the research conducted in this thesis is discussed by introducing the
topic and explaining the research approach. The relevant aspects of natural gas consumption and space heat-
ing in the residential sector are discussed in section 1.1. Followed up by the identifying current knowledge
gaps in the assessment of heat consumption in the residential sector in section 1.1. In section 1.2 the central
problem following from the knowledge gap is discussed. Followed up by the research objective and research
questions. This chapter is ended with a description of the research approach used in section 1.2.3.

1.1. Introduction
The world is currently going through an energy transition to limit the worldwide temperature rise. World
leaders came to an agreement in Paris to limit the overall temperature rise to 2 degrees above pre-industrial
levels [73], by reducing the overall energy consumption and by finding renewable alternatives for the current
carbon-based sources. The refusal of the largest carbon polluter in history, the USA [23], to comply with the
Paris agreement increases the overall pressure on the remaining countries to reach their combined goal [34].
The residential sector plays a large role in the overall energy consumption and is responsible for 30% of the
overall energy consumption [60]. Unlike the industrial sector the demand for energy in the residential sector
is increasing [63]. In the European Union, space heating plays the biggest role in residential energy con-
sumption and is responsible for 57% of the overall energy use [36]. In the Netherlands, natural gas is the
predominant source of energy, it accounts for over 55% of overall residential energy consumption [16]. Nat-
ural gas is used in various ways within households, from generating hot water and cooking to space heating
[7]. In line with the Paris agreement, reducing the overall consumption of natural gas is one of ways to reduce
the carbon footprint of the residential sector.
The Dutch government is currently under social and political pressure to reduce the consumption of natu-
ral gas even further, due to gas mining induced earthquakes. The extraction of natural gas causes continues
earthquakes in the province Groningen, the biggest earthquake measured in past five years was last January
[54]. This earthquake has reignited the call to reduce the amount of natural gas mined from the Slochteren
natural gas field. Gas field Slochteren is the main natural gas deposit of the Netherlands. The extracted nat-
ural gas is used domestically and for the export to neighbouring countries. At this moment 7 million Dutch
households are dependent on the low caloric natural gas out of the Slochteren natural gas deposit, with an
annual consumption of 9 billion cubic meters [38]. Switching to other natural gas sources at this moment
is not an option due to loss of income and lack of natural gas mixing facilities that are needed to make the
natural gas suitable for Dutch households. Adapting other natural gas sources to current standard in the
Netherlands by mixing natural gas will lead to higher natural gas prices and investment in mixing facilities.
Investing in a carbon-based energy source and an increased natural gas price does not make it the preferable
option [66]. Long term bilateral contract with neighbouring countries make it impossible to reduce the ex-
port on the short therm. Instead reducing gas consumption in the residential sector, is a feasible option to
reach the climate goals and mitigate gas mining induced earthquakes.
The amount of natural gas consumed varies between individual households’ due to multiple underlying fac-
tors. These factors can roughly be divided into two groups: building characteristics and household charac-
teristics. Household characteristics consist of an interaction between indoor climate practices of residents
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2 1. Thesis Definition

and household composition. In this thesis, the choice has been made to group these aspects due to the
inherent relationship between these factors. Indoor climate practices describe the behaviour of residents
and composition accounts for the factors that can be used to describe individual households. The practices
of residents that influence the amount of natural gas used in a dwelling relate to heating, ventilation and
air-condition (HVAC) behaviour [52]. This behaviour is shaped by individual preferences and perception of
thermal comfort [15] and can be seen as the main source of uncertainty in predicting energy consumption
[71]. Household composition relates to the age, marital status, working conditions and number of residents.
For example, families with children tend to use more natural gas per households than singles or couples but
consume less natural gas per capita [7].
Building characteristics account for the physical aspects of a dwellings like the type of heating system or size
of a dwelling and play a large role in the overall natural gas consumption [70]. Other physical characteristics
that play a role in the overall energy consumption are: the age, type of dwelling next to the building materials
used [21, 59]. Overall around 40% of the variation in natural gas consumption in Dutch dwellings can be ex-
plained by dwelling characteristics [28].
The amount of natural gas consumed in dwellings is strongly related to the heating practices of residents
which in turn are influenced by the building and heating characteristics [32]. In order to be able to reduce the
overall natural gas consumption in the residential sector, the impact of these factors need to be known. The
differences in underlying practices need to be determined in order to make any meaningful claim about the
natural gas saving potential in the residential sector.
There are many smart metering devices that measure energy consumption with a range of capabilities on
the market. These smart metering devices are able to display and program energy use of a dwellings and are
becoming more popular and common [8]. Next to the range in devices there is a diversity in definition and
capabilities of a smart meter [14]. In this thesis, a smart metering device is seen as a device that can read
or measure and display electricity and natural gas use and is able to be used as a thermostat and can inter-
act with other devices. Smarts meters can be used to provide dwellings with insights and advice about their
energy practices [42]. With the possibility to influence energy practices in order to reduce residents’ overall
footprint [33].
There is an overall demand to reduce the amount of natural gas consumed in the Netherlands, to abate the
impact of climate change and to subside the natural gas extraction induced earthquakes. The residential
sector plays a large role in the overall natural gas consumption and there is a potential to reduce this con-
sumption by adjusting individual space heating practices. But there is ambiguity around the potential and
approach due to the uncertainty of embedded factors that influence natural gas consumption.

Knowledge gap
As stated in the previous sections there are multiple underlying factors that influence the natural gas con-
sumption of individual dwellings. Currently scholars have been able to link different underlying factors to
the amount of natural gas consumed in dwellings [46, 70]. These findings have been based upon yearly or
monthly energy use and through the use of questionnaires. The current gas consumption models are based
upon household and dwelling characteristics [39]. The development and emergence of smart metering de-
vices make it possible to analyse detailed residential consumption data. Detailed energy consumption data
can be used to assess the underlying factors that influence natural gas consumption of individual dwellings
in more detail. There is a gap in the knowledge on how to use the detailed residential consumption data, in
the assessment of individual space heating on a large scale. Disaggregated energy consumption data is seen
as detailed high frequency individual household consumption data. There are two parts to the knowledge
gap surrounding disaggregated energy consumption data in the assessment of residential gas consumption.
Firstly, in what way household behavioural aspects can be determined with the use of disaggregated con-
sumption data. Secondly, the potential heat saving in the residential sector based upon individual household
energy assessment.

1.2. Problem demarcation
In this section, the central problem of this research is discussed in combination with the research objective.
The conducted research is discussed by presenting the research objective and describing the central research
questions. Followed up by an explaining of the research approach used to answer the main question and the
sub-questions.
Following from section 1.1 there is drive to reduce the natural gas consumption in the Netherlands due to the
climate accord and the mining induced earth quakes. The residential sector is a large consumer of natural gas
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and there are possibilities to reduce the consumption natural gas within this sector. Due to the differences
in heating practices of similar household, there currently is no one size fits all approach to reduce natural
gas consumption. Even households with similar dwelling and household characteristics have shown to have
different heating practices [24]. Individual heating practices shape the overall consumption of natural gas of
individual dwellings. The central issue revolves around how to detect heating practices and determine the
influence on the overall natural gas saving potential. There are four parts to this central issue, listed below:

1. The approach to determine thermostat practices with the use of disaggregated residential consumption
data

2. The impact of individual thermostat practices on residential heat consumption

3. The extent of interaction of residents with their programmable smart thermostat

4. The potential saving of adjusting individual household’s thermostat practices and how to accomplish
this

The overall effect of individual thermostat practices on residential heat consumption is uncertain. Therefore,
there is problem in the estimation of heat consumption in the residential sector. Whereby the estimation of
potential savings and impact of policy changes is embedded in behavioural uncertainty [53]. The embedded
uncertainty reduces the possibility to make any meaningful assessment of the potential heat saving in resi-
dential sector.
In current research, natural gas consuming behaviour is analysed at the hand of interviews and question-
naires [60]. Whereby the scope of the research is limited due to the time intensive manner of research.
Through the use of smart meter data, a sizable part of the population can be investigated. Smart meters
accommodate the availability of detailed consumption data of a large part of the population. How and to
what extent this disaggregated consumption data can be used in the assessment of behavioural aspects is
unknown.
The majority of the households do not interact with their smart thermostat, 57% of the people do not interact
with their thermostat at all [29]. Therefore, the thermostat settings remain on default and are not fitted to the
thermal needs of the residents. To what extent default thermostat settings are in line with the thermal needs
of residents is unknown.
Current energy assessment studies make use of characteristics, whereby households are described by a set
of characteristics instead of individual thermostat use. The use of disaggregated energy consumption data
enables the possibility to assess actual energy consumption data and adjust potential savings accordingly on
large scale. The potential saving of adjusting savings to individual household consumption and how to es-
tablish these savings is unknown. There still is a gap between the identification of savings and progression
of potential savings. The identified potential savings need to be carried out by and in accordance with the
residents.

1.2.1. Research objective
There are a couple of hurdles to overcome in order to adjust heating practices to individual households. First
of all, the actual heating practices of residents need to be known and understood. The actual heating practices
of individual dwellings need to be examined in order to produce a picture that is representative of residential
heating practices. By analysing actual heating practices of households with the use of disaggregated energy
consumption data, the potential of heating practice adjustments for individual dwellings can be assessed.
The use of actual disaggregated data enables the possibility to produce a detailed picture of the potential
savings for individual dwellings. The individualistic approach enables the possibility to adjust energy inter-
ventions to individual needs of households. Individual thermostat adjustments can in turn be used to reduce
the overall natural gas consumption of the residential sector. The goal of this research is to firstly identify to
what extent thermostat practices of individual households can be detected, with the use of individual dis-
aggregated consumption data. Secondly, to assess the impact of adjusting thermostat practices on overall
natural gas consumption. The goal of this thesis can be reach by answering the research questions in section
1.2.2.

1.2.2. Research question
Thermostat practices of individual users impact the gas consumption in the residential sector. Following from
the problem demarcation in section 1.2 several problems in the assessment of thermostat practices need to
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be addressed. The main research question is presented in combination with the sub-questions below.

What insights in thermostat practices that influence natural gas consumption of indi-
vidual households can be identified by a combined analysis of electricity and thermostat
use?

1. What is practice theory and how can it be used to understand heating practices of Dutch households
with the use of disaggregated consumption data?

2. To what extent can clustering be used in the identification of specific thermostat practice of Dutch
households?

3. To what extent can disaggregated electricity consumption data be used to evaluate thermostat practices
through occupancy detection?

4. What is the potential impact of adjusting thermostat practices of individual households on residential
natural gas consumption?

1.2.3. Method description
In this section, the research approach is discussed by giving an overview of the steps taken to answer the re-
search question. Figure 1.1 gives an overview of the structure of the thesis, by displaying the dependencies of
the different chapter outcomes and the answering of sub-research questions.
A literature study is used to gain insight in practice and feedback theory concerning residential energy con-

sumption. The literature study is used to provide a theoretical basis for the conducted research and gain the
state of the art knowledge. Feedback literature study is used in the discussion of the potential heat saving in
the residential sector, to provide insights in the gap between identified potential savings and accomplishing
these savings. Practice theory is used to understand behavioural aspects of residents concerting thermo-
stat interactions, to determining thermostat practices with the use of disaggregated consumption data. The
knowledge gained by reviewing practice theory is used to develop an approach to identify thermostat prac-
tices with the use of disaggregated consumption data. The approach to identify thermostat practices is in turn
used in the thermostat clustering analysis. Thermostat practices of residents are the main driver of thermal
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consumption in the residential sector. But thermostat practice in the sense of thermostat interaction might
not be adapted to individual needs due to the lack of interaction. Thermostat interactions are therefore taken
into account in combination with occupancy detection.
Disaggregated energy consumption data is used in thermostat clustering to assess the potential of thermostat
practice identification. Individual thermostat settings are grouped into profiles and are analysed on the basis
of energy consumption and household characteristics. The clustering of thermostat practices is subsequently
used to determine the saving potential in the residential sector.
To determine the difference between thermostat practices and actual thermal need of residents, disaggre-
gated electricity data is used for occupancy detection. Individual household electricity consumption data is
used to determine the occupancy of residents in a dwelling, whether residents are at home or not. Occupancy
detection is used to determine the potential mismatch between thermostat settings and at home presence.
The detected residential activity is further used in the saving assessment to adapt thermostat adjustments to
individual households.
In the saving assessment, the potential heat saving in the residential sector is analysed by thermostat clus-
tering and presence detection. Whereby potential saving areas are identified and assessed by calculating the
impact of thermostat adjustments.
In the discussion, the conducted research is analysed by discussing the limitations of the research and plac-
ing the research in context. Furthermore, the research questions are answered and the representability of the
identified thermostat practices and saving results is discussed. Feedback theory is used in the discussion to
review feasibility of accomplishing the identified residential heat saving.
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Theoretical background

The biggest cause of uncertainty in the prediction of natural gas consumption in the residential sector is
household behaviour Yan et al. [71]. Residential HVAC behavioural actions are the outcome of a complex
interplay of multiple underlying factors. To describe the interplay of these underlying HVAC behavioural fac-
tors, the current literature concerning practice theory is discussed in section 2.1. Followed up by a literature
overview of changing residential energy consumption by feedback mechanisms in section 2.2. In section 2.3
the utilization of practice theory within this thesis is discussed. This chapter is ended by answering the first
sub-research question in section 2.4.

2.1. Practice theory
In this section, the emergence of Practice theory is firstly described followed up with the evolution of practice
theory concerning energy consumption. This section is ended by the discussion of practice theory with the
focus on heating behaviour developed by Gram-Hanssen.

2.1.1. Practice theory emergence
Practice theory describes the workings of how social beings interact with the world in the sense of what mech-
anisms are at play in changing and interacting with the world. The background of practice theory lies within
social theory. Practice theory developed out of philosophical critic by Schatzki on existing social theory by
Giddens and Bourdieu [22]. Schatzki developed practice theory to convey his view on the way the social world
works, not to create a framework to studying energy consumption. Schatzki described actions of social being
as the reaction of what makes sense to them to do. The formulation of practice theory by Schatzki was im-
proved by Reckwitz and further developed by Schatzki himself.
Practice theory developed by Schatzki forms the basis of current energy consumption studies, by identifying
main elements in practice theory. General practice theory laid the basis for multiple adaptions of practice
theory within different fields, form socio-economic to consumer consumption. Warde was one of the first
to relate practice theory to an overall practice based consumption theory. Warde uses practice theory in
order to provide new insight into consumption in the form of: how to analyse and structure consumption
[69]. Gram-Hanssen combined the different elements that make up a practice described by Schatzki, Warde,
Shoeve-Pantzar and Reckwitz into 4 elements that hold practices together [24]. The focus of practice theory
developed by Gram-Hanssen is on energy consumption. Based upon the overall practice theory on how the
social world works developed by Schatzki. Gram-Hanssen adapted practice theory in order to make practice
theory more operational and to understand households’ energy consumption, next to developing a way to
empirically study consumption by adapting the current practice theories.
Every of the before mentioned adaptions of practice theory identify key elements that together shape a prac-
tice. The different authors adapt key elements with similar classifications into one or more new elements.
Gram-Hanssen adapted these key elements into a practice theory focused on energy consumption.

7
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2.1.2. Energy consumption based practice theory
There are multiple adaptions of practice theory that have been developed form the original practice theory by
Schatzki. The focus in this thesis lies on heat consumption in the residential sector. Therefore, the adaption
of practice theory that focuses on energy consumption by Gram-Hanssen is discussed in more detail in this
section. To discuss practice theory with the focus on energy consumption a definition of a practice is needed,
in the words of Gram-Hanssen [26]:

"A practice is a collection of sayings and doings performed by individuals but formed and sus-
tained by collectively shared elements."

The primary difference of practice theory with both economic and psychosocial theories of reasoned action is
the extent of individual rational within the theory [25]. In practice theory, a practice is seen as a collective that
is susceptible to personal differences shaped by attitude and rational knowledge. Instead of actions driven
by individual motivation and shaped by individual intention based upon a set of personal believes. Gram-
Hanssen identified 4 key elements that form the basis of the collective shared elements that shape a practice.
The shared elements that hold a practice together consist of the following 4 elements:

1. Know-how and embodied habits, the way a person has taken in things that they have learned and has
been socially conditioned and unconsciously continues to do so

2. Institutionalized knowledge and explicit rules, the knowledge a person has about something governed
by formal and informal institutions in the sense of rules structuring behaviour.

3. Engagement, the driver behind what a person wants or means to do and is able to reflect upon. Being
able to consciously adapt routines.

4. Technologies, shape and guide the direction of a practice. Technology can make a practice more appar-
ent but never determines the action.

The 4 listed elements that are most relevant for the study of energy consumption interact with a practice in
multiple ways. First of all, each of the depicted elements can influence multiple practices due to shared ele-
ments. Different practices can share on or more elements that hold a practice together. For example, energy
saving engagement could on the one hand influence standby practice while on the same time influence heat-
ing practice [26].
Vice versa a practice itself can shape one or more of the shared elements defined by Gram-Hanssen as well.
Whereby a change in one practice can influence another practice. One practice can influence another prac-
tice through the induced change in one of the shared elements between the practices. For example, a change
in indoor climate practice might influence the heating know-how of a person. Which in turn could lead to a
person advocating at work to change their overall energy consumption.
Reducing heat demand in the residential sector enable the possibility to reach climate goals and mitigate gas
minding induced earthquakes. In the assessment of residential heat consumption, indoor climate practice is
seen as the biggest source of uncertainty in predicting the gas consumption. How the elements that govern
practices influence indoor climate practice is illustrated in figure 2.1.

Each of the elements shown in figure 2.1 that govern indoor climate practice are described in more detail
by an example. In the case of heating know-how, someone might heat their home constantly during the day
even when they are not at home. The practice of heating a dwelling the entire day might purely be shaped
by fact that a person has always done so. Independently of the knowledge a person has about the implica-
tions of their actions. On the other hand, someone who has knowledge about the inefficiency of heating a
dwelling constantly during the day, might adjust their practice according to their heating system knowledge.
Their practice might entail the turning down of the thermostat when no one is actually at home. Concerning
heating technology, the possibility to automatically program a thermostat generates the possibility to auto-
matically turn down the thermostat when it is likely that residents are not at home. Whereby technology is
able to change the possibility of interaction with a practice but in turn does not shape the practice itself. The
last element revolves around the motivation behind a certain indoor climate practice. Someone might have
the knowledge and ability to lower the thermostat at night but is not willing to do so. Because they might
prefer a warm sleeping room or are not engaged in saving energy.
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Figure 2.1: Practice theory: elements and example of indoor climate practice [26]

2.2. Feedback devices and energy consumption
There is a gap between the identification of residential heat saving opportunities and actual saving. A tran-
sition from identified savings to actual saving has to be made. As discussed in the previous section there are
multiple factors involved in the indoor climate practice and in turn adapting this practice. In line with the
development of smart metering devices the possibility to provide residents with insights about their energy
consumption has grown. Providing energy related feedback to individual residents is seen as way to make
this transition [67]. Disaggregated consumption data gathered with a smart metering devices is used to de-
termine residential heating practices and saving potential. Therefore, the focus of feedback theory within this
chapter is on the use of in home feedback devices. In section 2.2.1 the notion of in home feedback devices
is discussed followed up by a general framework concerting the interaction of feedback devices and heating
behaviour. This section is ended with an overview of the overall discussion of the applicability of feedback
devices.

2.2.1. Feedback devices and framework
In this section, the impact of feedback devices on energy consumption is discussed. Due to the development
and emergence of smart meters it is now possible to monitor real-time energy consumption and provide res-
idents with real time feedback about their energy consumption. Providing residents with information about
their energy consumption is an effective tool to promote efficient behaviour [10]. One of the ways to pro-
vide residents with feedback about their energy consumption is though In-Home Displays (IHDs). There
are a range of possibilities to provide feedback to households through IHDs. From only providing insight in
current energy use to tailored energy advice that may be embedded in financial Incentives. There are more
factors at play in providing feedback to consumer than the IHDs and the feedback itself. These factors relate
to the interaction between a person and the feedback device itself.

General feedback framework
The construct of providing feedback to residents to change their indoor climate practice has been moulded
into a framework by Jensen et al. [37]. In this section, the framework by Jenssen is discussed in line with the
overlap with practice theory by Gram-Hanssen. The framework by Jensen shows the relationship between
feedback devices and heating practice while leaving room for specific individual cases.
The framework developed by Jenssen shown in figure 2.2 describes the interaction of feedback devices and

heating behaviour. By identifying the human and technology interaction that is involved in feedback devices
and indoor climate practices. The framework makes a clear distinction between the technical feedback loop
and human behaviour involved in residential heating. The framework shows how a feedback device interacts
between the feedback performance and heating behaviour. Both the interactions of a person with the heating
system with and without a feedback device are described by the framework. The framework indicates how a
feedback device can influence heating behaviour of residents, by persuasion and situated awareness. Persua-
sion revolves around convincing resident to adapt their indoor climate practice. Persuasion can take all sorts
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Figure 2.2: Operation of feedback changing heating habit [37]

of shapes and forms from financial incentives to providing energy related information. Situated awareness
provides residents with some sort additional information by making them aware of their actions, by providing
direct feedback of the implication of their actions. The framework can be used to understand the impact of a
feedback device on heating practice while maintaining the human behavioural structure.
Practice theory developed by Gram-Hanssen focusses on the elements that hold a practice together. The
framework provided by Jensen shows the role of a feedback device in the change of heating behaviour. Prac-
tice theory by Gram-Hanssen and the feedback framework developed by Jenssen share overlapping elements.
The way the feedback device interacts with the heating behaviour of occupants, namely by: persuasion and
situated awareness. Persuasion focusses actively on the residents’ energy saving engagement by providing
information on energy use or by financial or competitive incentives. Situated awareness tries to change the
behaviour of the resident unconscious and thereby focusses on the heating know-how. Secondly, there is an
overlap in the role of technology in both theories/frameworks. Technology is a way to shape the indoor cli-
mate practice but does not determine the action.

2.2.2. Feedback and contradictory results
Providing feedback to residents to ensure more efficient energy use is reviewed in this section, by debating
the impact of feedback devices on energy consumption. Through the discussion of differences in study out-
comes in providing feedback to residents and discussing disagreements between scholars. Contradictions in
feedback results are discussed to gain a deeper understanding of the complex intertwined factor involved in
providing feedback to residents.
There is no consensus between scholars about the effectiveness of feedback devices and energy consumption
reduction. There are the studies that have shown a positive effect of feedback devices and reducing energy
consumption [1, 18, 58]. But on the other hand, scholars have found several implications that need to be in-
clude when looking to feedback devices to reduce energy consumption. The findings of 3 different authors on
the effectiveness or elements that can ensure feedback effectiveness are discussed. Firstly, Fischer [19] indi-
cated that the successfulness of the feedback is dependent on the frequency, feedback provision manner and
understandability of the provided feedback. Secondly, Šćepanović et al. [57] argue for the role of context in the
effectiveness of energy consumption reduction through feedback devices and identifies specific approaches
for distinct cases. And thirdly, Buchanan et al. [9] expresses the importance of residential engagement, in
order for feedback devices to work and warns for the potential for unintended consequences. Unintended
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rebound effects have been detected in the use of feedback through IHDs. The saving in energy consumption
might be re-invested in other appliances and in turn reduce the overall effect of behaviour changing feedback
[9].
There is general agreement between scholars that providing residents with feedback about their energy con-
sumption could result in a reduced energy consumption. But a successful implementation of providing feed-
back to residents is dependent on multiple intertwined factors. Residential energy feedback implementation
is therefore not as straightforward as providing information to residents about their energy consumption.
The framework by Jensen is used to understand the role of feedback devices within the heating behaviour
of residents, by the identification of the 2 ways that a feedback device can influence heating behaviour. The
disagreement of scholars about the effectiveness of providing feedback to residents in energy saving is used
in the discussion of potential savings. The gained insight in the debate surrounding feedback mechanisms
can help to close the gap between potential and actual saving.

2.3. Application of practice theory
In this section, the application practice theory by Gram-Hanssen focused on energy consumption within this
thesis is discussed. The behavioural differences of people play an important role in the dissimilarities in resi-
dential heat consumption of comparable households. Completely similar dwellings have shown dissimilarity
in residential heat consumption of a factor 3 difference [27], due to the difference in behavioural aspects of
residents.
Thermostat interactions are one of the residential behavioural aspects that influence the heat consumption
of a dwelling. Residents interact with the thermostat to achieve thermal comfort:

"the condition of mind which expresses satisfaction with the thermal environment."[4]

Thermal comfort is perceived differently between individuals and is furthermore dependent on airflow, cloth-
ing and activities performed in the last hour [48]. The impact of household behaviour on heat consumption
has to be taken into account in the assessment of potential savings, because of the large differences between
energy consumption of similar households and induced uncertainty in predicting residential heat consump-
tion.
Practice theory by Gram-Hanssen on the assessment of energy consumption in the residential sector has
been tested by the use of extensive interviews and questionnaires [25]. The time-consuming manner of in
the field research is needed to deceiver the key factors that underlie practices. Due to the time-consuming
nature of this kind of research, the applicable scale is limited. To get a further understanding of indoor cli-
mate practices on a wider a scale a different research method is needed.
To increase the size of the reachable sample group, energy consumption data of the smart meter/ thermostat
Toon is used to identify indoor climate practices. To analyse the 4 elements that shape indoor climate prac-
tices extensive field research is needed. Therefore, the focus in this thesis lays at the measurable part of the
indoor climate practice, the practice itself.
Many studies agree that the indoor temperature can be seen as a good indicator of the impact of residential
behaviour on heat consumption [32]. The programmed thermostat settings in a smart thermostat control
the inside temperature in a dwelling directly. The indoor temperature settings in the smart meter/ thermo-
stat Toon are used to determine the effect of residential behaviour in indoor climate practices. Indoor climate
practices relate to more aspect than thermostat settings alone, for example ventilating. Indoor temperature
is a good indicator of the impact of residential behaviour and the indoor temperature is directly controlled
by Toon. Therefore, the focus of this research is on the thermostat practices of residents within the context of
climate practice.
Thermostat practices of residents are assessed through the detected thermostat settings of individual users,
to firstly assess to what extent smart meter/thermostat data can be used in the determination of individual
thermostat practices. Secondly to determine the impact of residential thermostat practice on the saving po-
tential in the residential sector. And lastly to determine if thermostat practice with the use of detailed energy
consumption data can be used to explain the gap between prediction of residential energy consumption and
actual energy consumption.

2.4. Conclusion: sub-research question 1
The first sub-research question of this thesis relates to practice theory on heating practices and use of disag-
gregated consumption data. In the following way:
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What is practice theory and how can it be used to understand heating practices
of Dutch households with the use of disaggregated consumption data

Practice theory describes the interaction of people with the world in a way that make sense to them to do.
Practice theory has been developed over the years with multiple applications in different fields. Gram-Hansen
adopted practice theory to energy consumption by describing the 4 factors that govern energy consumption
practices. Indoor heating practices are governed by: heating know-how, heating system knowledge, heat-
ing technology and energy saving engagement. The governing elements shape a practice and can in turn be
shaped by a practice. The 4 key factors are used to understand a resulting interaction of person with world in
the sense of a practice. The governing elements have been analysed for multiple consumption studies by the
use of interviews with residents by Gram-Hanssen. The use of disaggregated consumption data imposes an
alternative way to assess the indoor climate practice.
The use of disaggregated consumption data in the assessment of indoor practice shift the focus form the
4 key factors to the resulting action. Since the resulting thermostat practice can be detected in the disag-
gregated consumption data. Detailed energy consumption data can be used to analyse the indoor climate
practice aspect of thermostat interaction, to determine similar patterns in thermostat settings and resulting
energy consumption. Whereby households can be classified on the basis of their thermostat practice instead
of household/ dwelling characteristics, to gain insights in distinctive heat consuming patterns of different
thermostat practices.
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The thermostat practices of in this chapter are assessed with the use of thermostat settings of individual
households. The thermostat settings are used to determine if thermostat settings of individual dwellings
can be grouped together to find similar thermostat practices. A form of automated classification is used to
group similar thermostat practices. By grouping thermostat settings, commonalities of household interac-
tion with their thermostat can be explored. The thermostat settings or individual household that make use of
the smart thermostat Toon are used to analyse thermostat practices. Grouping household thermal behaviour
on the basis of thermostat settings enables the incorporation of household behaviour in energy assessments.
Household groups with similar thermostat practices can be used to identify inefficient practices and adapt
possible energy interventions accordingly. To group the individual thermostat settings, households with sim-
ilar thermostat settings are grouped by the use of clustering. Clustering is the unsupervised classification of
patterns in data or features into different groups [35]. By the use of various clustering algorithms similari-
ties in different object can be grouped together. Clustering is used in a wide arrange of different scientific
fields from pattern recognition to artificial intelligence. Overall clustering is used to group sets of data that
are unlabelled and is seen one of the most useful techniques for discovering patterns in underlying data [30].
Combining clustering with the use of a smart thermostat makes it possible to assess thermal household be-
haviour in a non-intrusive manner. Behaviour aspects can be assessed by remotely determining behavioural
aspect in contrast to the commonly used questionnaires.
This chapter begins with a description of the data used in the clustering analysis. In section 3.2 the clustering
process is discussed by describing in detail the use and selection of the clustering method. Followed up by
presenting the clustering results in section 3.3 and clustering validation in section 3.4. This chapter is ended
with the answering of the second sub-research question in section 3.5.

3.1. Clustering data
This section begins with describing the data used for the clustering analysis, by clarifying the data treatment,
data source and collection time span. Followed up by comparing the sample data to the general population
in section 3.1.1. This section is ended with a preliminary insight in the data used in the clustering analysis in
section 3.1.2.
In order to determine thermostat practice of individual dwelling the thermostat stetting of these dwellings
need to be gathered. The thermostat settings of individual users are collected through the use of the smart
thermostat Toon developed by Quby. This smart thermostat/meter is able on the one hand control the tem-
perature in a dwelling and on the other hand measure gas and electric consumption by interacting with var-
ious types of meters. The thermostat settings in Toon consists of two elements: thermostat schedule and
manual adjustments. The scheduled settings form the basis of the thermostat settings which can manually
be adjusted by the residents. The thermostat settings in Toon, a combination of the programmed and manu-
ally adjusted thermostat program, are used in the clustering analysis.
There is a trade-off between the level of detail of the thermostat settings and the computer power needed to
analyse these settings. For the clustering analysis, the hourly thermostat settings are gathered by averaging
the thermostat settings for every hour. To ensure the functionality of the clustering analysis and because one
hour intervals are the default thermostat program interval frequency. Taking the mean thermostat setting for

13



14 3. Clustering

every hour limits the loss of information within the time interval.
The thermostat settings are collected for a 3-month period in the winter of 2016-2017 for 1319 households.
In order to assess the thermostat practices in households there must to be a thermal need. Therefore, the 3
coldest months are chosen of the 2016-2017: December, January and February [41]. The households are se-
lected on their willingness to share their data. Within the entire Toon user population there is a select group
of people who have agreed to share their data for research purposes. This group is used in the analysis of
thermostat settings.
As described in section 2.1 the information about household heating practices through the measurement of
thermostat settings is limited. The individual alterations cannot be explained by measuring the thermostat
settings alone. Therefore, the focus of this thesis is on the overall thermostat settings. Meaning that the 3
month individual households’ thermostat settings are combined to produce an overall thermostat settings
picture. Similar weekdays are combined to determine the overall thermostat settings within the 3-month
measuring period. The overall thermostat settings are used to assess the impact of commonly used thermo-
stat practice on the gas consumption in dwellings.
Within the 3-month period only the weekdays are taken into account, the weekends are left out of the scope,
due to the different habits of resident during the week and in the weekend. The Dutch statistic agency
has shown that residents have different sleeping habits and participate in different outdoor activities dur-
ing weekends at inconsistent moments [13]. In addition, the data showed that dwellings heat their homes
differently during the week compared to weekends. The weekends are separated to mitigate the cluttering
of the clusters by irregular weekend habits. Because residential habits in weekends are irregular and incon-
sistent an overall weekend thermostat practice is not representative. Therefore, weekends are left out of the
scope in the determination of thermostat practices of residents.
To account for the residents that have distinct habits for separate weekdays, for example part-time workers,
the weekdays are separated. This means that for every user the thermostat settings for similar weekdays are
taken into account independently in the clustering. To determine the overall thermostat settings of residents
the hourly median temperature settings is taken of similar weekdays, for each of the 1319 households. Mean-
ing that one data case consists of 24 thermostat set points for a single household on a specific weekday. The
median hourly data set points for all the 1319 households for every weekday are combined into one data set.
To discuss the thermostat settings of an individual household for similar weekdays the following terminology
is henceforth used: user weekday.
Households may set their thermostat differently on the same hour for similar weekdays. To ensure that the
clustering analysis explores the overall thermostat practices the standard derivation of thermostat settings
has been taken into account. For user weekdays, the standard derivation is calculated for similar hours by the
use of equation 3.1 for every user.

sx =

sPn
i=1(Xi °X )2

n °1
(3.1)

With sx as the standard derivation, Xi as the thermostat set point for similar hours on similar weekdays, X as
the mean of Xi and n as the number of days in the 3-month period of a distinct weekday. To illustrate, for a
single user all the thermostat set points of a Monday at 8 o’clock are used to calculate the standard derivation
in thermostat settings. The average is taken of the hourly standard derivation per user weekday. When the av-
erage standard derivation is above 2 degrees the data case is excluded from the clustering analysis. Meaning
that for a single user that particular weekday, for example all Mondays, are not used in the clustering analysis.
In other words, when the average difference between the mean hourly thermostat set point and the hourly
set points for separate days is above 2 degrees. The thermostat settings of that particular weekday for a single
user are not taken into account in the clustering analysis.
In table 3.1 the number of households that have thermostat settings within the standard derivation of 2 de-
grees are shown. Next to the percentage of users that do not have a similar thermostat program for a partic-
ular weekday. To give an overall description of the hourly thermostat settings within the data, the standard
derivation and variance are shown for each weekday. Table 3.1 shows that on Friday the largest number of
households are excluded from analysis due to differences in thermostat settings on Fridays, followed up by
Mondays. Both the standard derivation and variance remain similar between weekdays after the household
exclusion on the basis of exceeding standard derivation.
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Table 3.1: Weekday overview of thermostat settings in sample group

Number of Households
Excluded number of
Households

Standard derivation Variance

Monday 1231 6.67% 7.83 2.8
Thueseday 1257 4.70% 8.03 2.84
Wednesday 1250 4.23% 7.94 2.82
Thursday 1247 4.45% 7.96 2.82
Friday 1216 7.81% 7.77 2.78

3.1.1. Data population comparison
To give an indication to what extent the sample group is representative of the general household population,
the sample group is compared with data from the Dutch statistics bureau (CBS) shown in table 3.2, 3.3, 3.4
and 3.5. The tables compare the household size, build period, dwelling type and dwelling age. The tables
show that the data population is not representative for the Dutch population. Some groups are clearly under
or overrepresented in the data set. The number of one person households are strongly under-represented in
the sample group while the 4 person households are over-represented. There are three build periods within
the study that show a mismatch around 10 percentage point with the Dutch population shown in table 3.3.
The semi-detached and detached dwellings are under-represented in the clustering data while the terraced
dwellings are over-represented, shown in figure 3.4. The dwelling sizes are more closely matched indicated
in figure 3.5.

Table 3.2: Representativity check: Household size compari-
son

Household size CBS Clustering Data
1 Person 37.41% 9.40%
2 Persons 32.89% 37.15%
3 Persons 11.93% 17.44%
4 Persoons 12.58% 27.14%
5 or more persons 4.64% 8.87%

Table 3.3: Representativity check: Build period comparison

Build period CBS Clustering Data
Until 1946 16.32% 11.14%
1946-1964 27.62% 11.37%
1965-1974 14.59% 14.78%
1975-1987 12.84% 26.23%
1988-1999 16.01% 17.13%
2000-2009 8.41% 18.56%
2010-now 4.22% 0.76%

Table 3.4: Representativity check: Dwelling type

Dwelling type CBS Clustering data
Apartment 15% 12%
Terraced 42% 66%
Semi-detached 21% 14%
Detached 23% 7%

Table 3.5: Representativity check: Dwelling size

Dwelling size [m2] CBS Clustering data
100-150 68% 75%
150-250 27% 21%
250-500 5% 4%

3.1.2. Preliminarily insights in thermostat data
In this section, an indication of the impact of individual behaviour in residential heat consumption is given,
in combination with the discussing similarities in thermostat use of individual dwellings. The data is gath-
ered by the smart thermostat Toon for both the heat consumption and thermostat use.
Figure 3.1 is used to give an indication about the uncertainty in energy consumption predications due to
individual behaviour. The number of residents is one of the characteristics used to predict residential heat
consumption. In figure 3.1, the thermostat settings of one person households and larger households are
shown. The thermostat settings consist of a combination of programmed and manual adjusted settings. The
one person and larger households are spitted to portray the biggest difference in household size, the larger
households have similar thermostat settings. Figure 3.1 shows the box-plot of the thermostat temperature
settings of individual households. The box itself entails the interquartile range accounting for 50% of the
thermostat set points, between the first and third quartile. The stripe within the box shows the median ther-
mostat set point for that hour of the corresponding household size. The two stripes of the top and bottom line
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show the 95% range of the thermostat set points, with the dots extending these lines account for the outliers.
Household size is one of the characteristics that influences heating practices and in turn gas consumption [7].
First of all, figure 3.1 indicates that there is a large overlap between the different household sizes. Overall the
different household sizes show a distinguishable heating setting pattern. Household size is one of the indi-
cators used to predict residential heat consumption. Whereby the prediction of heat demand on the basis of
more indictors will improve the estimation. Figure 3.1 does indicate that estimations based upon household
size will result in sizable uncertainty, due to the large overlap in thermostat settings for different household
size groups. There especially is an overlap in thermostat settings for the larger households’ sizes.
Both groups show similar thermostat settings around sleeping hours but differ during the day and evenings.
The spread in thermostat settings of one person household during the day, is one the one hand caused by
households who heat their home during the day and on the other hand household who do not. The overlap
in thermostat settings of one person households and larger households in combination with the differences
in thermostat settings of one person households, indicates the need for a different separating method to clas-
sify individual households.
Figure 3.2 gives an overview of the moments at which households turn their thermostat up a down, with the y-
axis showing the percentage of daily thermostat changes at that hour. As in figure 3.1 the thermostats settings
consist of both programed and manual changes. More than 90% of the households change their temperatures
daily, whereby the figure describes thermostat changes for a sizable part of the population. Figure 3.2 shows
clear similar thermostat changes with figure 3.1. In the sense of the moment when residents change their
thermostat and the difference in the average thermostat settings. Figure 3.2 illustrates that the majority of the
households turn their thermostat on and off in the morning. Although not every household turns the ther-
mostat down again. Around 50% of the daily thermostat changes are caused by turning down the thermostat
in the evening, in a time span of a few hours.

Figure 3.1: Overall thermostat settings for different household sizes Figure 3.2: Thermostat changes during the day

3.2. Clustering: Method and selection
The clustering method to group similar thermostat practices is described in detail in this section. By firstly
discussing the different types of clustering and the substantiated clustering type choice. In section 3.2.2 dif-
ferent clustering similarity measures are discussed followed up by the selected similarity measure in section
3.2.3. This section is ended with evaluating the different clustering methods and stopping condition in sec-
tion 3.2.4.

3.2.1. Clustering types
There are multiple clustering applications and different methods to separate diverse types of data into groups.
The main clustering types are discussed to select the best fitting clustering type to grouping thermostats
settings of individual dwellings. The main clustering types can be divided into 4 groups: Partitional clustering,
Hierarchical clustering, Density-based clustering and Grid based clustering [35]. A description of the different
clustering types is listed below.

• Partitional clustering, the separation into an integer number of disjoint clusters that optimises a certain
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criterion function.

• Hierarchical clustering, separates clusters into smaller ones (top-down) or combines smaller clusters
into larger clusters (bottom up).

• Density-based clustering, grouping of neighbouring data sets based upon density conditions.

• Grid based clustering, spatial data mining by quantising space into a finite number of cells to perform
operations on.

In this research, the choice has been made to use hierarchical clustering, why this clustering type is chosen
for the clustering of thermostat practices follows. The clustering is used to find similar thermostat practices,
to what extent there are similar thermostat practices between individual households is unknown. Due to the
explorative nature of the use of the clustering analysis, a clustering technique that is based upon an ex ante
information about clustering groups is not the ideal candidate. Therefore, the choice for partitional cluster-
ing which uses an optimised criterion function has not been made.
Heating practices of households may differ at certain moments of the day but have overlapping character-
istic on other moments as shown in section 3.1.2. For example, residents with similar overnight thermostat
settings may change the thermostat differently during the day. The distinction between similar and dissimi-
lar thermostat settings is harder to make with density based clustering analysis. Therefore, the clustering by
density based clustering has been excluded.
Grid based clustering techniques are able to distinguish between arbitrary shapes in the data set and can deal
with noise in data [30]. As described in the section 3.1 the noise in the clustering data is limited due to the
data processing technique. The hourly thermostat settings of similar weekdays are averaged and household
weekdays with a standard derivation above 2 degrees are excluded. The need for shape recognition is lim-
ited due to finite shape possibilities in hourly thermostat settings and aim to find overall similar thermostat
settings. Grid based clustering is not best fitting candidate due to the limited amount of noise and need for
shape separation in the clustering of thermostat practices.
By the use of symmetric similarity measures the hierarchal clustering determines which separate cases to
cluster together [61]. The symmetric similarity measure can be seen as a calculation method to determine
the distance between two individual cases. In hieratical clustering, every case is seen as a separate cluster in
the start of the clustering. The two clusters that have the largest symmetric similarity are clustered together,
this process is repeated until a stopping condition is met. Out of the 4 clustering types hierarchical clustering
is most suitable to find similar thermostat practices of individual dwellings. Hierarchical clustering is most
suitable because the aim of the method is combine data cases that have similar thermostat settings together
into groups. The other clustering techniques have capabilities that are not in line with the aim of finding
similar thermostat settings. The different similarity measures and the stopping condition are discussed in
the following section.

3.2.2. Clustering similarity measures
There are multiple ways to find similarities between data cases and calculate the distances between the dif-
ferent clusters. The similarity measure determines which clusters are grouped together into larger clusters.
There are multiple methods to determine the distance between individual clusters, the 7 agglomerative clus-
tering schemes provided by Aerts et al. [2] are discussed below. For all the different agglomerative clustering
schemes the Euclidean distance metric is used to determine distance metrics shown in formula 3.2.2. Mean-
ing that the distance between clusters is determined by the use of the Euclidian distance metric. For example,
the distance metric between cluster q and p is calculated by combining the distance in thermostat set points
of every hour h in the 24-hour user weekday settings.

d(p, q) =

vuut
24X

h=1
(qh °ph)2 (3.2)

• Single, also known as the Nearest Point Algorithm calculates the minimum distance between all points
between different clusters.

• Complete, also known as the Farthest Point Algorithm calculates the maximum distance between all
points between different clusters.
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• Average, takes all the points of the clusters into account and calculates the average distance between
these points. Also known as the UPGMA (Unweighed Pair Group Method with Arithmetic Mean)

• Weighted, also known as the WPGMA (Weighed Pair Group Method with Arithmetic Mean) which makes
use of a differential weight to the initial clustering when calculating the distance metric.

• Centroid, calculates the distance between the centroid of clusters and recalculates the centroid for ev-
ery formed cluster. Also known as the UPGMC (Unweighed Pair Group Method with Centroid)

• Median, like the centroid method but takes the median distance between centroids. Also known as the
WPGMC (Weighted Pair Group Method with Clustering Averaging)

• Ward, clusters groups with minimization of variance between similarities of every point in different
clusters.

The different clustering methods have been compared to each other to select the clustering method that
generates the best results. The methods are compared to determine the method that is most powerful in
identifying and separating different thermostat practices. The 7 previously discussed methods have been
compared by looking at the output for different clusters sizes for every method. The similarity measure is
calculated differently in all the different clustering methods. As discussed in section 3.2.2 the hierarchical
clustering methods combines clusters until a stopping condition is met. A stopping condition on the basis of
a similar ex ante distance threshold cannot be used to compare similarity measures due to the differences in
distance calculation. Therefore, the number of clusters has been used as a stopping condition for comparing
the similarity measures.
For every clustering method the cluster sizes 5, 10 and 15 where selected as a stopping condition, the results
are shown in table 3.6. The aim of the clustering is to find similar thermostat settings therefore the clusters
that represent a significant part of the population are used. The clusters that contain at least 5% of the user
population are called the significant clusters, the number of significant clusters for each of the similarity
measures are shown in Table 3.6. For example, the similarity measure average with the stopping condition of
5 clusters has only one significant cluster. Meaning that 1 cluster contains almost the entire population and
that the other 4 clusters each contain less than 5% of the population. To find similar thermostat practices
the clustering that is able to find similar patterns that represent a large part of the population is preferable.
Table 3.6 is used to determine the power of the methods to separate the different thermostat practice into
common habit groups.

Table 3.6: Clustering separation power for different stopping
conditions

Cluster method

Cluster size 5 10 15
Significant

clusters
Single 1 1 1
Complete 4 4 6
Average 1 1 1
Weighted 2 2 2
Centroid 1 2 2
Median 1 1 1
Ward 5 6 8

Table 3.7: Weighted standard derivation of hourly thermostat
settings

Clustering method
Cluster size Complete Ward
5 1.684 1.578
10 1.615 1.478
15 1.562 1.431

3.2.3. Clustering similarity measure selection
The chosen similarity measure used in the hierarchical clustering of thermostat settings is discussed in this
section. The 2 most promising candidates are firstly discussed followed up by the choice between these two
similarity measures. Table 3.6 show that there are 2 similarity measures that are able to separate thermostat
settings in more than 2 similar thermostat practices that contain a significant part of the population. The
complete and Ward similarity measure distinguish more than 2 significant clusters for each of the cluster size
stopping conditions.
The best candidate is determined by a combination of separating power, visual conformation and a weighted
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standard derivation. Table 3.6 indicates that the Ward method generates the most significant clusters under
similar stopping conditions. Table 3.6 shows that increasing the number of clusters from 5 to 10 does not gen-
erate an additional significant cluster in the Complete method. Indicating that the additional formed clusters
do not represent a sizable part of the population. In appendix B for each of the clusters sizes the clustering
results of the Complete and Ward method are shown. The figures graphically display the hourly thermostat
settings of user weekdays in a box-plot.
There are 2 insights that the clustering with Complete and Ward similarity method provide, for different clus-
ter sizes. First of all, there are visual similarities between the cluster generated in the Complete and the Ward
similarity method shown in appendix B. The second insight is the overlap in thermostat practices within the
larger cluster sizes for each of the methods. When comparing cluster size 15 for both similarity methods
shown in appendix B.4 and appendix B.7. Clusters 2,3 and 4,5 generated by the Complete method shown
in appendix B.4 show visual resemblance. For the Ward method shown in appendix B.7 clusters 1,2 and 6,7
resemble one another. Visually comparing the clusters formed in the Complete and Ward similarity method
reveals the power of the similarity method to distinguish thermostat practices. The additional significant
clusters in Ward method illustrates a distinct thermostat practice. For example, when comparing cluster size
5 of the Complete similarity method in appendix B.1, with the Ward similarity method in appendix B.5. The
Ward similarity method is able to distinguish an additional significant cluster that illustrates a distinct ther-
mostat practice of relative high thermostat settings.
Table 3.7 shows the weighted standard derivation of hourly thermostat settings within the different formed
clusters. For each of the significant clusters the hourly standard derivation is calculated for the user week-
days. The mean of the standard derivation weighted by the size of the cluster is shown in table 3.7. Table 3.7
indicates that for each of the cluster sizes the standard derivation within the clusters is smaller for the Ward
similarity method. The weighted standard derivation of the hourly thermostat settings indicates the similar-
ity in thermostat settings of user weekdays within the clusters.
The Ward similarity method is used in this research in the clustering of thermostat practices of individual
users. Because the Ward method is most powerful in separating thermostat practices of individual house-
holds, shown in table 3.6. Secondly, the additional clusters that are formed in the Ward method consist of
different thermostat practices shown in appendix B. At last the Ward similarity method has a lower standard
derivation within the formed clusters compared to the Complete method.

Ward method explanation

To provide insight in how the Ward clustering method works the formula used to calculate the similarity
between clusters is discussed with an example. The Ward similarity method combines cluster on the basis of
the least variance between the clusters. In the clustering of thermostat practices the variance between each
of the 24-hour thermostat settings of individual users/ clusters is calculated. The Ward distance calculation
method is shown in equation 3.3. Equation 3.3 shows the distance calculation of two clusters one that consist
of user weekdays p and q and the other out of user weekday k.

d(p [q,k) =
r

P24
h=1(

np,h+nk,h
np,h+nq,h+nk,h

)(ph °kh)2 +P24
h=1(

nq,h+nk,h
np,h+nq,h+nk,h

)(qh °kh)2 °P24
h=1(

nk,h
np,h+nq,h+nk,h

)(ph °qh)2

(3.3)
d(p [q,k) is the Ward similarity measure distance between one cluster consisting of user weekdays p and q
and a cluster consisting of user weekday k. p, q,k consist of the overall 24 hourly thermostat setting for a par-
ticular user weekday. n accounts for the number of user weekday thermostat settings in the relative cluster at
time h.
To give an example of how the clustering methods works 2 clusters are considered that both consist of 2 ther-
mostat set points, one cluster consisting of user weekday p and q and a cluster consisting of user weekday
k. The example uses 2 thermostat set points instead of 24 to simplify the example. Cluster p [ q : p[18,20],
q [19,20] and k [17,16]. The distance between these clusters is calculated the following way: d(p [ q,k) =

1+1
1+1+1 § (18°17)2 + 2

3 § (20°16)2 + 2
3 § (19°17)2 + 2

3 § (20°16)2 ° 1
3 § (18°19)2 ° 1

3 § (20°20)2

d(p [q,k) = 4.93
The example indicates how the variance in hourly thermostat setting is taken into account in the Ward sim-
ilarity measure. The difference in hourly thermostat settings between each of the user weekday within a
cluster is compared with a candidate cluster.
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3.2.4. Stopping condition for cluster formation
The extent of combining individual users with similar thermostat practices into clusters is determined by the
stopping condition. In this section, the stopping condition for the formation of clusters is discussed, by ex-
plaining the selected stopping condition and the resulting clusters. As discussed in section 3.2.3, the Ward
method clusters on the basis of least variance between clusters. The variance between hourly thermostat
settings of individual users is unknown, due to the exploratory nature of the clustering. Possible typical ther-
mostat practices are determined with the use of thermostat settings of individual dwellings. Therefore, there
is no prior knowledge about the distance metric calculated by the Ward method. Because there is no prior
knowledge of distance metrics between different thermostat practices, the number of cluster is chosen as the
stopping condition. The other reason for selecting the clusters size as a stopping condition, is the direct link
that can be created between the number of observed thermostat practices and number of clusters.
The number of clusters is determined by a combination of the Elbow method, number of significant clusters

Table 3.8: Stopping condition: cluster size Ward method

Cluster size
4 6 10 14

Number of significant clusters 4 6 6 7
Excluded users [%] 0 0% 11% 22%
Overlaping thermostat practices 0 0 1 2

and visual conformation. The Elbow method developed by Thorndike [62] is used to determine the cluster
sizes where the change in the distance between the formed clusters is the biggest, in this case the change in
variance. Figure 3.3 shows the Ward distance between the last formed clusters in the blue line and the change
in slope in the green line. Because the Ward method combines clusters with the least variance, the variance
of the last formed clusters can be seen as the largest distance between in the overall clustering. The change in
slope has peaks at cluster sizes 4, 6, 10, 14. Indicating that at these cluster sizes an additional cluster, results
in the biggest reduction in variance within the last formed clusters. In order to group households with similar
thermostat practices the variance within a cluster should be minimized. While keeping in mind that individ-
uals are inherently different and in that sense their thermostat practices as well. Therefore, there is a there is
a trade-off between the variance within the clusters and the ability to detect typical thermostat practices. To
determine the cluster size while keeping this trade-off in mind, cluster sizes 4,6,10,14 are compared to each
other shown in table 3.8.

Table 3.8 gives an overview of the number of significant clusters, excluded users and similar practices for
the different cluster sizes. In line with section 3.2.2 the power of the clustering to group users into significant
clusters is used. Significant cluster are the clusters that represent a significant size of the population. The
exclusion of clusters that do not represent a significant part of the population, at least 5%, results in the ex-
clusion of users shown in row excluded users. In appendix C the detected thermostat practice for each of the
cluster sizes is shown. Visual conformation is used in the detection of typical thermostat practices, expressed
in the number of similar practise in table 3.8. For example, when looking at cluster size 10 in appendix C.3
clusters 4-5 visually show similar thermostat practices. In the sense of similar thermostat settings and ther-
mostat adjustments during the night and day, with minor differences in thermostat set point temperature
and the moment when the thermostat is turned on and off. The aim of the clustering is to discover similar
thermostat practices, whereby the overlapping practices should be minimized.
Cluster sizes 10 and 14 are excluded due to the high loss of users through insignificant clusters and overlap-
ping thermostat practices between the clusters. For both the cluster sizes 4 and 6 no users are excluded and
there are no overlapping thermostat practices. Clusters size 6 has been chosen as the final cluster size due
increase of number of significant clusters that portray different practices compared to cluster size 4.
To visualize and provide an overview of the performed hierarchical clustering a denrogram is used. Figure 3.4
provides a schematic overview of the distances at which the different clusters are merged. The horizontal
lines indicate at what distance the clusters are merged and each vertical line represent a cluster at that dis-
tance. The different colours show the clusters that are grouped for cluster size 6. The y-axis shows the Ward
distance of the last formed cluster. By going up and down in the denrogram the merging and splitting of clus-
ters is graphically shown. Figure 3.4 indicates that cluster 6-3 and 4-5 are clustered together for cluster size 4.
At Ward distance 300 these clusters have the highest variance and are therefore split, whereby the cluster size
increases from 4 to 6. Clusters with the least distance between them are clustered together. The other insight
the denrogram provides is why the number of significant clusters drops when the cluster size is increased.
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Figure 3.3: Cluster size determination: Elbow method

Increasing the number of clusters results in an increase in the number of clusters that represent less than 5%
of the population.

3.3. Clustering results

The cluster outcomes are presented and discussed in this section, by discussing visual representation of the
clusters. Followed up by a description of the users that are represented in these clusters. In this section, the
6 clusters that represent a thermostat practice are discussed. A visual representation of the different clusters
is given by a box-plot of the hourly thermostat settings of all the user weekdays. As discussed in section 3.1
every user is represented by the daily hourly thermostat settings for each of the weekdays from Monday until
Friday. Meaning that the each of the figures shows the box plot of independent daily thermostat settings for
each user weekday.

3.3.1. Cluster illustration

In this section, the clustering outcomes are shown graphically in figure 3.6 and discussed by a short descrip-
tion. The user weekdays are grouped in to 6 clusters: Day lowering, Morning-evening program, Adaptable
program, Day heating, Gradient day heating and Continues heating in figure 3.6. The figure displays the box
plots of hourly the user weekday thermostat settings and the mean thermostat setting for each of the clusters.
The box-plot shows the midspread of the 50% of the weekday user thermostat settings within the box, and the
95% spread of the thermostat settings within the lines. The outliers are shown as dots in the graph for every
hour.
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Figure 3.4: Hierarchical cluster formation: denrogram

Figure 3.5: Thermostat settings of individual user weekdays

Table 3.9: Spread of users between clusters overview

Percentage of users
in cluster [%]

Day lowering 11
Morning-evening program 18
Adaptable program 19
Day heating 21
Gradient day heating 18
Continues heating 12

In order to explain the boxplot figures used to describe the different clusters an overview of the individual
thermostat settings in given. Figure 3.5 displays all the individual thermostat settings of every user weekday
included in the cluster. Figure 3.5 shows the user weekday thermostat settings for the cluster: Day heating.
Because the distribution of the thermostat settings is lost in plotting every individual thermostat setting the
boxplots are used to describe the different clusters. In the following paragraphs the independent clusters are
discussed by giving a short description and discussing the important aspects of each cluster.

Day lowering
Figure 3.6a gives an overview of the thermostat settings within the Day lowering cluster, accounting for 10%
of the population. The spread of thermostat settings within this cluster is large compared to the other clus-
ters. While 75% of the user weekdays set their thermostat below 15 degrees during the night and day. The
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(a) Day lowering (b) Morning-evening program

(c) Adaptable program (d) Day heating

(e) Gradient day heating (f) Continues heating

Figure 3.6: Clustering overview – cluster size 6

peak in thermostat settings in the morning indicates that some of the users within this cluster increase their
thermostat in the morning while the majority of the users keep it below 15 degrees. The spread indicates that
this cluster represents on the one had users that keep their thermostat constantly low and on the other hand
users that relatively have lower thermostat settings, compared to the other clusters.

Morning-evening program
The Morning-evening thermostat program shown in figure 3.6b illustrates the user weekdays with increased
thermostat settings during the morning and evening. With the majority of user weekday thermostat settings
below 17 degrees during the night and day. The thermostat settings correspond with a working schedule
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with increased activity in the morning around 7 and in the evening starting from 5 o’clock. The spread in
thermostat settings during the increasing and declining slope indicate a mixture of thermostat settings. The
result of increasing and decreasing the thermostat settings hour apart, as shown in figure 3.5. The individual
user weekday thermostat in figure 3.5 shows an increase in thermostat settings from 6 o’clock for some users
while other users increase the thermostat in the successive hours.

Adaptable program
The spread in thermostat settings of user weekdays with an Adaptable program is limited shown in figure 3.6c.
The user weekdays with an Adaptable program overall show a different thermostat setting between night
and day. Compared to the Morning-evening program the difference between the overnight and day settings
is limited. Indicating that the thermostat is turned on for 75% of the user weekdays the entire day, with a
minimum of 17 degrees. The Slight adaptable heating shows a small thermostat peak in the morning, in line
with the Day lowering and Morning-evening program.

Day Heating
Figure 3.6d show the overall thermostat settings of the Day heating program. As the name suggest the user
weekdays within this cluster heat their homes during the day. During the night the thermostat is lowered
on average around 16 degrees and turned on starting from 5 o’clock. As shown in figure 3.5 not every user
weekday thermostat setting is turned down to 16 degrees at night. But for 75% of the user weekdays the
settings are below 17 degrees during the night. The thermostat settings during the day are around 20 degrees
with a small slope from 9 o’clock until 5’oclok. This slope can be explained by comparing figure 3.6d to
figure 3.5, some of the users turn their thermostat on later during the day.

Gradient day heating
Gradient day heating shown in figure 3.6e shows overlapping thermostat settings with the Day heating with 2
differences: slope during the day and overnight settings. At 7 o’clock the Gradient day heating shows a spread
in thermostat settings accounting for 50% of the population from 15 to 20 degrees. This spread decreases
during the day, indicating that the Gradient day heating represent a more diverse before afternoon thermo-
stat program than the Day heating. The second difference is the overnight thermostat settings, more than
75% of the population has an overnight thermostat setting below 15 degrees. For 50% of the population the
thermostat settings are at 15 degrees which corresponds to the default Toon overnight thermostat settings.

Continues heating
The thermostat weekdays of a turned-on thermostat setting for the entire day are shown in figure 3.6f. 75%
of the population within the Continues heating clusters has set their thermostat above 18 degrees for the
entire day, with an even higher set point during the day around 20 degrees. The spread of thermostat settings
indicates that some of the user weekday lower their thermostat overnight but an even larger part has turn-on
their thermostat even above the 20 degrees.

Overall overlapping findings
In this section, some of the insights that are present in most of the clusters are discussed. The spread in
thermostat settings during the morning around 7 and at bedtime is larger compared to different hours. This
can be explained by the hourly difference in when people get up and go to sleep. Figure 3.5 clearly shows
the differences in first moment people turn down their thermostat around 10 and 11 o’clock in the evening.
Figure 3.5 show similar downwards slopes in the evening in successive hours.
There is a clear overlap in moments when residents turn their thermostat up and down shown in figure 3.2
and thermostat changes shown in 3.6. The thermostat practice of adjusting the thermostat settings in the
morning and in the evening, is present in all the clusters. The moments when residents’ adjuster their ther-
mostat is similar while the thermostat settings itself is clearly different shown in figure 3.6. The spread within
the clusters indicate that the overall thermostat practice within a cluster is similar with slightly different ther-
mostat settings.
The Morning-evening program and Adaptable program at first sight display similar looking practices, the dif-
ference is the thermostat set point temperature. The temperature set point of the Morning-evening program
during the day and night is relatively lower compared to the Adaptable program.
In 3 of the 6 clusters consist of dwellings that are heated during the day, consisting of Day heating, Gradient
day heating and Continues heating. Table 3.9 shows that these clusters account for the majority of the popu-
lation, 51%. Indicating that there is a potential for reducing gas consumption in individual dwellings. Overall
clear distinct thermostat practices are detected with the use of hierarchical clustering with similar aspects.
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3.3.2. Cluster result exploration
In this section, the clustering of thermostat settings of individual households into 6 different thermostat prac-
tices is further analysed. Practices are analysed by looking into 3 different aspects: gas consumption per
cluster, household size per cluster and movement of users between clusters.

Daily gas consumption per cluster

Figure 3.7: Overview of average daily gas consumption per cluster

In figure 3.7 the average daily gas consumption of individual households is plotted in a boxplot for every
cluster. The box-plot shows the midspread of the 50% of the average daily gas consumption within the box,
and the 95% spread of daily gas consumption within the lines. The average gas consumption is calculated by
taking the mean of the daily gas consumption for every household for the same 3-month winter period used
in the clustering analysis. All of the clusters display an overlap in average daily gas consumption of individual
users. As discussed in chapter 1 there are multiple underlying factors that influence the gas consumption
of dwellings that can be divided into building characteristics and household characteristics. The thermostat
settings are an element of the HVAC behaviour, namely the heating. Because there are more elements at play
than the thermostat settings in the gas consumption of individual dwellings an overlap in gas consumption
is expected.
The referencing index letter used in table 3.11 and corresponding thermostat cluster is shown in table 3.10.
Figure 3.7 show a clear difference in average daily gas consumption in the clusters in which residents lower
their thermostat during the day clusters [A,B,C] and the clusters who do not [D,E,F]. There still is a difference
in the midspread and median gas consumption of the cluster who heat their homes the entire day, but minor.
The difference in heating patterns and gas consumption indicates that there is an overall gas saving potential
for lowering the thermostat during the day. To give an indication of the spread of average gas consumption
for different clusters a one–sided ANOVA is used, shown in table 3.11. Table 3.11 clearly shows that there is a
significant variance between the average daily gas consumption of all the different clusters. The variance in
gas consumption between the clusters who do not heat their home during the day, clusters [a,b,c], is lower
than the all the clusters but still significant. This is not the case for the clusters [d,e,f], the variance in average
daily gas consumption is low and not significant. Indicating that the influence of other gas influencing fac-
tors, like dwelling characteristics becomes more predominant when a dwelling is heated for the larger part of
the day.
The declining effect of thermostat practices on the daily gas consumption of dissimilar dwellings is expected.
When a dwelling is heated for a majority of the day the impact of thermostat practices is mitigated and
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dwelling specific characteristics become dominant. The difference in daily gas consumption for different
heating practices generate insight the possible saving extent for separate thermostat practices.

Household sizes and clusters

Figure 3.8: Distribution of household sizes per cluster

Different household compositions cause disparate household thermal needs. To give an indication of
the composition of household size and thermostat program clustering, figure 3.8 is used. Figure 3.8 gives an
overview of the configuration of household size for every cluster and the overall average in the dotted line. In
line with the representability of the sample group discussed in section 3.1.1, the household sizes within the
data group are not evenly spread.
Figure 3.8 shows that the variance between clusters is largest for the 1 and 2 person households while smallest
for the 4 and 5 or more person households. The 1 person households are clearly underrepresented in every
clusters except the morning-evening program and day lowering cluster. While the 2 person households are
overrepresented in the day heating clusters and underrepresented in the Adaptable program and constant
heating cluster. The 3 person households seem to be mixed between the clusters. The largest divergence for
the 3 person households is shown in the morning-evening program and day lowering. Although the spread
of 5 or more person households between the clusters in minimal, they are underrepresented in the clusters
that lower the temperature during the day. The difference of household sizes between the different formed
clusters indicate that the thermostat settings in dwellings is influenced by household size.

Movement users between clusters
In this section, the movement of users between different clusters for separate weekdays is discussed. In the
clustering analysis, every weekday is evaluated individually to account for the difference between weekdays,
discussed in section 3.1. This means that users can move form cluster to cluster on separate weekdays. The
movement of the users is shown in figure 3.9. In figure 3.9 the different clusters are on the y-axis and the

Table 3.10: Thermostat practice clusters

Index Thermostat practice
A Day lowering
B Morning evening program
C Adaptable program
D Day heating
E Gradient day heating
F Continues heating

Table 3.11: Variance of daily gas consumption between clus-
ter (ANOVA)

Clusters F value p value
All 50.9 1.1§10°51

A,B,C 33.6 4.1§10°15

D,E,F 2.4 0.088
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Figure 3.9: Cluster: Cluster movement: Sankey chart

weekdays are shown on the x-axis, the thickness of the line indicates the number of households.
The majority of the users stay within their cluster between different weekdays meaning that the thermostats
setting is relatively similar during weekdays. Which either means that households habits and in turn their
thermostat practices do not largely change between weekdays or that the same thermostat setting is kept
between weekdays independent of habit. The largest movement between clusters can be found between the
Morning-evening program and gradient day heating clusters. Indicating that households tend to change their
thermostat settings on Tuesdays and Thursday to a program with lowered temperatures during the day. While
on Wednesdays and Friday the thermostat settings are changed to Gradient day heating and Day heating, a
program with increased temperatures during the day. The movement of users between clusters on Tuesday
and Thursday accounts for 5% of the population while on Wednesday and Friday around 6%. The habit of
people being at home at Wednesdays and Fridays are in line with expectations of daddy days and an early
weekend [68].
55 % of the working population in the Netherlands has the freedom to adapt their working time schedule [13],
this effect in not seen in figure 3.9. Minor irregular adjustments to an individual’s working schedule are lost
in the use of overall thermostat settings. But the freedom to adjust working time schedules and the tendency
to work less of from home on Wednesdays and Fridays would suggest a larger movement between clusters.
Indicating that the lack of moment of users between weekdays is probably caused by a regular non-adapted
thermostat practices.

3.4. Clustering validation
In this section, the validation of the clustering method performed in this thesis is discussed. The clustering
method is validated in 2 ways: visual validation and user weekday robustness. The visual validation evaluates
the clustering method by comparing the clustering output of spitted data set. The robustness of the clustering
is determined by reclassifying the user weekdays post clustering to determine the fitness of the user weekdays
within the cluster. The visual validation of the clustering is firstly discussed followed up by the use weekday
cluster fitting. This section is ended with discussing the overall validity of the clustering method used.

Visual validation
The visual validation is based upon dividing the original data set into 3 separate data sets for comparison.
The data is separated by month to evaluate the ability of the clustering technique to distinguish resembling
thermostat practices on the basis of a splitted data set. For each of the separate data sets the same clustering
method is used as in the original clustering as discussed in section 3.2. In appendix D the resulting cluster
outcomes for each of the separate months are displayed. The clusters are grouped by cluster resemblance
in line with the original clustering. Overall the majority of the monthly clustering resembles the original
clustering, the visual compatibility between resembling clusters is shown in appendix D.
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(a) Day lowering - original clustering (b) Day lowering - December clustering

(c) Day lowering - January clustering (d) Day lowering - February clustering

Figure 3.10: Visual validation of clustering based upon separated data sets

To give an example, the morning-evening program thermostat practice cluster and the resembling clusters
for each of the 3 months are shown in figure 3.10. Figure 3.10 displays the thermostat settings in the same
manner as in section 3.3. Figure 3.10 shows that the original clustering and resembling clusters are visually
compatible to each other. There are some differences, the midspread of the thermostat settings in December
figure 3.10b is lower compared to the other months and original clustering in figure 3.10a. Furthermore, user
weekdays with an increased thermostat setting in afternoon are more present in the January clustering in
figure 3.10c. Overall the cluster based upon the different months and original clustering show visual matching
similarities. The resembling clusters are similar in the moments when the thermostat is turned on and off
with a temperature difference of a couple of degrees.
The difference between the clustering outcomes for separated months can be explained by an interaction
between hierarchical clustering and alternated starting conditions. As explained in section 3.2.1 hierarchical
clustering treats every data case as an independent cluster and clusters user weekdays on the basis of least
distance. Therefore, a change in the starting condition, dividing the data set into separate months, changes
the formation of the first clusters. After the initial clustering, the hierarchical clustering continues combining
user weekday clusters with least distance between them. The change in original starting condition changes
the composition of the first formed clusters and in turn the entire clustering process.

User weekday cluster fitting

The robustness of user weekdays in the original clustering is assessed by analysing the difference between
user weekdays thermostat settings and the average cluster thermostat setting. The difference in user week-
day thermostat settings and the average thermostat settings of the formed clusters as discussed in section 3.3
is used to reclassify the user weekdays. The difference between user weekday thermostat settings and the av-
erage cluster thermostat settings is calculated with equation 3.4. For each of the user weekdays the difference
between each of the 6 average cluster settings is calculated with equation 3.4. The clusters are reclassified
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Figure 3.11: Movement of user weekdays after reclassification

into the cluster with the least difference between the average thermostat setting and user weekday settings.

D =
24X

h=1
(Tuser weekd ay,h °Tcluster,h) (3.4)

D as the difference between the user weekday thermostat settings and average cluster thermostat settings,
Tuser weekd ay,h the user weekday thermostat setting at hour h, Tcluster,h the average cluster thermostat setting
at hour h.
The average thermostat setting of each of the clusters is compared to the individual user weekdays. The user

weekdays are reclassified on the basis of least difference with the resulting thermostat practice clusters. Table
3.12 shows the percentage of user weekdays that stay within the same cluster after reclassification on the basis
of least difference. On average 77% of the users stay within the same cluster after reclassification. Thermostat
practice cluster Day heating and Gradient day heating indicate the biggest difference after cluster reclassifi-
cation. To determine the movement of user weekdays between original clustering and after reclassification
figure 3.11 is used. Figure 3.11 shows the movement between the different clusters after reclassification. In
line with table 3.12 the biggest movement after reclassification is in the Day heating and Gradient day heating
cluster. Figure 3.11 indicates that the movement of user weekdays of clusters Day heating and Gradient day
heating is mainly between each other. There is also movement between the other clusters but relatively low
compared to the Day heating and Gradient day heating movement.
The movement between the Day heating and Gradient day heating cluster after reclassification can be ex-
plained by looking into the clustering results in section 3.3. Figure 3.6d and figure 3.6e are the most similar
clusters in the overall clustering outcome shown in figure 3.6. Whereby a user weekday thermostat settings
with settings between the average Day heating and Gradient day heating cluster can be reclassified into the
other. The other aspect that explains the movement of user weekdays is the difference in distance calcula-
tion in the Ward method compared to the difference calculation used in reclassification. The Ward similarity

Table 3.12: Rigidity of user weekdays after reclassification

Cluster
Robustness
user weekdays
within cluster [%]

Day lowering 83%
Morning evening program 78%
Adaptable program 83%
Day heating 67%
Gradient day heating 73%
Continues heating 88%
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method takes more aspect into account than the difference calculation used in reclassification. In Ward hier-
archal clustering the entire user weekday thermostat settings within the cluster are taken into account instead
of the average hourly thermostat settings.

Overall validation discussion
The overall conclusion that can be drawn about the validity of the clustering form the discussed validation
techniques are discussed in this section. The visual validation of separating the clustering data set in to differ-
ent months indicated the dominance of certain thermostat practices. Similar looking thermostats practices
are detected for different months. Whereby a presence of distinct thermostat practices in the winter months
of Dutch households is substantiated.
The movement of users between separate days of the week shown in figure 3.9 showed to be relatively modest.
The modest movement indicates that households tend to remain in the same cluster for separate weekdays,
based upon individual data sets. Whereby can be determined that the clustering repeatedly clusters similar
thermostat settings of the equivalent household in the same cluster.
The reclassification of user weekdays on the basis of overall difference between user weekday and cluster
thermostat settings generates insights about the rigidity of the clustering method used. Overall 77 % of the
user weekdays remain in the same cluster after reclassification. The range in thermostat settings within the
clusters shown in figure 3.6 indicates the spread thermostat settings present in the cluster. The largest mo-
ment of user between clusters after reclassification is found in clusters that are most similar. Indicating that
there are user weekdays thermostat settings that have thermostat settings that can be penned to both clus-
ters.
The visual similarity between the resembling clusters and the original clustering indicate that the detected
thermostat practices are dominant within the entire population. The discrepancy in rigidity and similarity on
the other hand indicated that the clustering should be seen as classification and not a complete determina-
tion of an entire household thermostat practice. Whereby the thermostat practices of individual households
cannot completely be fitted within a box.

3.5. Conclusion: sub-research question 2
In this section, the second sub-research question is answered and stated below. The second sub-research
question relates to the grouping of thermostat practices and the insights that can be gained from grouping
thermostat settings with the use of clustering.

To what extent can clustering be used in the identification of specific thermostat
practice of Dutch households?

6 distinct thermostat practices are discovered by the clustering of thermostat settings of individual house-
holds for separate weekdays, with the use of hierarchical clustering based upon least variance similarity mea-
sure. Clustering is an approach to group similar thermostat practices of individual households. The resulting
clusters share similarities in the moments when the thermostat settings are changed. Despite the similarities
the thermostat practices in the clustering display clear difference in thermostat practice between clusters.
The grouping of thermostat settings can be used to gain preliminary insights in the natural gas consump-
tion of dwellings. There is an apprehend division in relative high and low natural gas consumption between
dwellings related to their thermostat practice. Most of the households do not adapt their specific thermostat
practices to separate weekdays. Similar household sizes share commonalities in their thermostat practices,
especially one-person household. One-person households are more likely to lower their thermostat during
the daytime.
Clustering of overall thermostat practices result in the detection of distinct thermostat practices. The specific
thermostat practices generate insight in possibility and potential to reduce energy consumption in the resi-
dential sector, in the form of potential inefficient thermostat practice of a sizeable part of the sample group.
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Individual household thermostat practices are an influential factor in the gas consumption of dwellings. With
the clustering of thermostat settings similarities in household thermostat practices can be detected. The ma-
jority of residents do not interact with their smart thermostat, 57% do not interact with their thermostat at
all [36]. The thermostat settings are not adapted to individual thermal needs and could mismatch individ-
ual thermal needs. To determine the fitness of thermostat practices with the thermal needs of resident an
additional measure is needed. Potential heat savings in the residential sector can consecutively be analysed
by assessing the fitness of the thermostat settings and thermal needs. The exact thermal needs of residents
differ from person to person. In order to assess individual thermal needs of residents an extensive study is
needed into individual perception of thermal comfort. One element can be detected without studying the
thermal needs of residents, whether residents are at home or not. When residents are not at home their ther-
mal needs are not met by the heating of a dwelling. Therefore, residential thermostat practices are assessed
in combination with the determination of at home occupancy.
In this chapter, the use of residential electricity consumption to determine at home occupancy is discussed,
by firstly discussing how electricity consumption is used to determine at home occupancy with the use of the
Habit engine. The Habit engine is a python script developed by Quby to provide insight in at home occu-
pancy. The effectiveness of the Habit engine is discussed by analysing the results of a pilot conducted with
the use of the Habit engine in section 4.2. In section 4.3 the use of the Habit engine within this thesis is dis-
cussed followed up by the detected at home occupancy results and critically reviewing the habit engine. This
chapter is ended with answering the third sub-question in section 4.4

4.1. Habit engine
To gain insight in the extent of overlap between thermostat practices and at home occupancy the Habit en-
gine is used. Residential at home occupancy can be detected by analysing household electricity consumption
remotely. Through the use of non-intrusive load monitoring (NILM) individual appliances can be detected
by looking into specific electricity consumption characteristics of appliances [5]. With the use of NILM, res-
idential occupancy or individual appliance can be detected in dwellings. The use of NILM ensures the de-
termination of at home occupancy without interfering in a dwelling, by looking at the residential electricity
consumption at a distance.
As discussed in chapter 1 the capabilities smart metering devices are evolving. Currently it is possible to
gather detailed residential energy consumption data remotely, for example with the use of Toon. The rela-
tionship between electricity and at home occupancy is quite straight forward. When people are at home they
make use of more appliance then when they are away, for example lightning and watching television [55].
Whereby residential electricity is dependent on the occupancy of a dwelling. By the use of smart electricity
meters, the occupancy of occupants in the sense of if someone is at home can be achieved to an accuracy
around 90% [40].

4.1.1. Habit engine working
The habit engine is used to determine at home occupancy on the basis of individual residential energy con-
sumption data. In this section, the way the Habit engine determines at home occupancy on the basis of elec-
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tricity consumption data is discussed. The Habit engine generates an overall weekly occupancy overview.
Average electricity consumption data in 10-minute intervals is used to determine at home occupancy. The
Habit engine creates an average weekly occupancy overview on the basis of at least 8 weeks of data. The
weekly occupancy pattern generated by the habit engine distinguishes between moments when residents are
at home, asleep or away.
Residential at home occupancy is detected by the determination of periods of relative high electricity con-
sumption. The habit engine makes use of two methods to detect moments of relative high electricity con-
sumption. These 2 methods need to be able to filter standby energy consumption out of intermittent elec-
tricity consumption.
The working of the Habit engine is discussed by giving an overview of the steps taken by the model. Both
models determine at home occupancy by following the same steps, listed below.

• 10-minute interval consumption data is classified into active (1) and non-active (0) periods.

• 10-minute interval classification is aggregated for identical weekdays. The data is reclassified by taking
the mean occupancy of identical weekdays at 10-minute intervals.

• Periods of consecutive occupancy blocks are identified and grouped together into occupancy periods.
To filter out minor disturbance in occupancy and smooth the output.

• The at home classification is assigned to the consecutive occupancy blocks. An inactive period between
2:30 and 3:30 as asleep, an active period as being at home and the other inactive periods as being away.

Weekday
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r

Average weekday occupancy

(a) Average occupancy boolean program

Weekday

H
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r
Occupancy weekday programme
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Away

Asleep

(b) Resulting occupancy program

Figure 4.1: Habit engine program detection

Figure 4.1 shows the average detected weekday occupancy in figure 4.1a and the resulting occupancy pro-
gram in figure 4.1b. Every 10-minute electricity consumption is classified by the habit engine as active or
non-active. In figure 4.1a the occupancy Boolean is averaged out for equivalent 10 interval electricity con-
sumption at the same moment for separate weeks. The darker blue the 10-minute interval block is, the higher
the average occupancy for that occupancy block of identical weekdays is. A majority voting system is used
to classify the average 10-minute interval occupancy blocks into of active and inactive. When the majority of
the 10-minute interval blocks are active for identical weekdays that block is considered as being active. The
reclassified 10-minute interval blocks are grouped together into blocks on consecutive occupancy shown in
figure 4.1b. A consecutive occupancy block between 2:30 and 3:30 is reclassified as being asleep.
The Habit engine utilizes a Rolling Mean Model (RMM) combined with a Hidden Markov Model (HMM) to
detect household occupancy. A HMM can classify a predefined number of states through an assumed proba-
bility distribution of hidden states within the system. The model assemble determines the weekly occupancy
pattern on the basis of electricity consumption data. The models are used independently of each other, to
determine at home occupancy on the basis of the best fitting model for individual households. The selection
procedure between the RMM and the HMM is based upon a quality measure, discussed further on in section
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4.1.2.
The difference between the use of the RMM and the HMM in the habit engine is the initial classification of
the 10-minute interval consumption data. The RMM model takes the mean electricity consumption and de-
fines a period as active when it is above the lower 10% quantile plus the stand derivation of the 10% quantile.
The HMM is used to describe a probability distribution over a number of sequences [17]. For this model, the
HMM assumes that every 10-minute interval can be in one of 3 different states from a Gaussian Markov pro-
cess. The top 2 states are classified as active and the other as inactive. The HHM makes use of 3 states instead
of the two inactive/ active states to incorporate the ramp up and ramp down. The third state is needed in
order to classify the morning and evening as being active.

4.1.2. Quality measure
A quality measurement is used to determine the best fitting program schedule produced by each of the classi-
fication methods. The quality measure produces an indication of the overall quality of the generated schedule
as well. The quality measure is based upon 7 separate quality checks, to test the Habit engine output on a set
of assumptions. The quality measure is used to determine the resemblance of the generated at home occu-
pancy schedule with a general occupancy pattern. The different assumptions used in the quality check of
the Habit engine are listed below. The quality measurements are based upon the detection of an occupancy
schedule that is in line with a regular schedule. The set of assumptions has been developed in line with the
Habit engine creation.

1. The number of occupancy changes between (at home, away, asleep) per day, with a best fitting number
changes of 4.

2. The best fitting occupancy rate, which is assumed at 40%.

3. Whether occupants are active before 12 o’clock, is considered best fitting.

4. The number of unique habits per day, 3 is considered correct (sleep, away, at home).

5. The number of hours not at home per day, 8 is considered best fitting.

6. The similarity of habits between different weekdays.

7. The difference between the median occupancy, the higher the contrast the larger the support of the
found pattern

The independent quality assumptions are combined in the overall quality assessment. Each of the quality
measurements is normalized to an optimum of one and summed up. Therefore, the optimum quality mea-
suring is the sum of its parts equalling 7. In order to assure a minimum quality of the Habit engine output and
quality threshold is used. The minimum quality threshold has been detected by visual conformation in line
with the Habit engine development and is considered to be 5. To analyse the overall ability of the Habit engine
to produce an occupancy schedule that resembles actual residential occupancy a pilot has been conducted.
The minimum quality threshold of 5 has been used within the conducted pilot.

4.2. Habit engine pilot
The use of the Habit engine has been tested in a pilot by Eneco, executed by the behavioural research com-
pany Totta. In this section, the results of the pilot are discussed to give an indication of the validity of the
Habit engine and discuss known issues. The pilot provides insights in the thermostat practice of residents
and discusses relevant feedback on the Habit engine. In the beginning of this section the set-up of the pilot
and the relevant information provided to the respondents is discussed. The section is ended with discussing
the pilot results that are relevant in thermostat practice assessment.

4.2.1. Habit engine pilot overview
The goal of the Habit engine pilot is to assess the potential of giving household personal advice on their ther-
mostat use. With the use of detected at home occupancy and thermostat setting assessment. A group of 550
households where asked to join a pilot concerning giving personal advice on individual thermostat use. In
the end 164 of the 550 completed the entire Habit engine pilot.
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The advice given to individual households consist of two aspects. Firstly, giving general advice about ther-
mostat settings and suggesting an adopted thermostat program. The general thermostats advice was based
upon the temperature settings within Toon for the 4 modes. The 4 modes consist of the temperature settings
for being asleep, being at home, being away and comfort modus. The general advice compared these settings
to generally assumed optimal settings for these modes provided Milieu Centraal [47].
The second advice given to the respondents consist of a thermostat program based upon the detected oc-
cuapncy with the use of the Habit engine and the thermostat modes settings. The thermostat program ad-
vice consists the detected occupancy schedule and individual residential thermostat settings. The suggested
temperature settings in the program advice are based upon the current modes settings to adjust the advice to
individual thermal needs.

4.2.2. Relevant pilot results and representability
In this section, some of the relevant or remarkable outcomes of the pilot are discussed. First of all, the overlap
between the general population and the social-demographic factors of the pilot response group. There are
two factors known of the pilot group that can give an indication of the representability. The first representabil-
ity indicator is the gender of the respondents, of the households who responded 97% was male. The majority
of the respondents represent more than one person households, based upon general innovators population
group shown in table 3.2. Why the predominant gender of the response group is male in relation to interest
in in thermostat programs or inner family social construct is a question for a different research.
The other factor in determining the representability of the response group that could be assess is the geo-
graphic distribution. The geographical distribution of the respondents is ensured, 67% of the respondent live
in different city with an overlap in larger city like Amsterdam and Rotterdam. On the gender of the respon-
dents and the geographical distribution of the dwellings alone, the representability of the respondent group
cannot be assessed and is therefore unknown.
The reaction of the respondents to the pilot was overall positive. The respondents indicated that the pilot
made them think about their thermostat practice and provided insights in possible improvements. There is
an overall overlap between the detected thermostat practice and actual thermostat practice of the residents.
Only 24% of the respondent indicated that there was no overlap between their habits and the proposed sched-
ule. The main reason given by the respondents was an irregular living pattern. For example, respondents that
work in day and night shifts and respondents that are self-employed did not see overlap. The difference in
schedule form week to week and the inconsistency in work load of the self-employed causes mismatch be-
tween the overall detected and actual occupancy. Some of the respondents indicated that their program for
the weekend does not match due to irregular weekend activities. This feedback is in line with the choice made
in the clustering of overall thermostat settings to focus on the weekdays. In line with the findings by Guerreiro
et al. [29] respondents indicated that most of them do not interact with their thermostat regularly.

4.3. Habit engine use
In order to assess the potential heat saving in the residential sector the thermostat practices of individual
households are analysed. The Habit engine and thermostat settings are combined to determine the overlap
between thermostat settings and at home occupancy of residents. By combining thermostat practices with at
home occupancy the potential residential saving of thermostat adjustments in the residential sector can be
determined.
The Habit engine is used to determine at home occupancy of residents for the 3-month winter period in
line with the clustering analysis. The electricity consumption data of all the residents within the clustering
analyses is used to determine residential occupancy. The average electricity consumption collected by Toon
for 10-minue intervals is used, to determine residential occupancy within the 3 winter months.
Two parts of the Habit engine are used in the assessment of residual occupancy within this thesis. The quality
measure that calculates the overlap of the habit engine occupancy schedule with a presumed optimum is
used ensure the quality of the detected occupancy. The initial 10-minute interval electricity consumption
classification is used in the evaluation of at home occupancy of thermostat practices.
In the assessment of residential occupancy, the 10-minute intervals are combined into one hour intervals
in line with the thermostat settings, discussed in section 3.1. The hourly at home occupancy is based upon
a majority voting system of the average activity within that hour. When four or more of the six 10-minute
interval activity blocks are detected as at home the entire hour is classified as being at home.
The quality of the detected at home occupancy is assured by the use of the quality threshold. If the Habit
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engine is able to produce and overall thermostat program that scored above 5 on the quality measurement
the detected occupancy is taken into account. When the habit engine is able to generate an overall weekly
occupancy pattern on the basis of 3 months of data that meets the quality threshold. The method used to
classify at home occupancy on the basis of electricity consumption data is considered valid. Whereby the
10-minute interval classification for the separate days are used in the at home occupancy assessment.

4.3.1. At home occupancy results
In this section, the insights the habit engine provides in combination with the clustering of thermostat set-
tings is discussed. Followed up by critically reviewing the capabilities of the habit engine itself. The Habit
engine is used to provide additional insight in the thermostat practices of individual dwellings, through the
detection at home occupancy. Figure 4.2 gives an overview of the average occupancy over the day for each of
the thermostat practice clusters. The average occupancy within the cluster is composed of taking the mean
of the occupancy Boolean, (1) being active and (0) as being inactive for each user weekday within the cluster.
Therefore, the y-axis displays the percentage of user weekdays that are detected as being active at that time
within the relative cluster.

There are 2 main finding that can be distinguished from figure 4.2, a clear habitual pattern and difference
between the clusters. The clustering analysis distinguished a clear habitual pattern of an increased thermo-
stat setting in the morning and decreased setting at night. With an increased thermostat setting during the
evening hours. The average at home occupancy shown in figure 4.2 shows a similar pattern, for a substantial
part of the day. During the night, the occupancy is around 0 while in the evening the occupancy is around
1. Indicating that the thermostat is turned down when residents are inactive at night and turned on in the
evening when they are at home. The slope in the morning and evening is caused by the hourly difference
in when residents are active or inactive. Suggesting that the majority of the residents wake up around 7-8
o’clock, with the reverse of this pattern happening in the evening around 11.
The second main finding is the difference between the different clusters. For most of the evening and night
their detected occupancy is similar but not during the day. The working thermostat schedule of the day low-
ering and morning evening program is in line with the detected occupancy. The average occupancy of the

Figure 4.2: Overall Habit engine outcomes for different thermostat practices
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day lowering and morning evening clusters during the day is around 20%. Indicating that the majority of the
households within this cluster are not at home during the day. The clusters consisting of users who heat their
home during the day tend to be active for an extended hour in the morning. The contrast between the users
in the clusters who heat their home during the day and who do not is detected the daily occupancy. The av-
erage detected occupancy of the users within the heating clusters is around 50%. Indicating that these users
heat their home during the day but are not all actively at home.
The relative high inactiveness of the users within the cluster that do heat their homes the entire day indicates
a saving potential. When on average only half of the users who heat their home during the day are actu-
ally detected as being at home. While viewing these results the limitations of the Habit engine have to be
kept in mind. The detected occupancy is not absolute certain therefore these findings have to be seen as an
indication. However due to the large number of observations and user’s, overall conclusions can be drawn.

4.3.2. Habit engine capability
The potential short comings of the habit engine are discussed in this section. The conducted pilot of the habit
engine indicated that for a majority of the households the produced occupancy schedule is in line with their
occupancy habits. While for the households with an irregular occupancy schedule habit engine was not able
to detect a representative schedule. The conducted pilot provides insights in the overall detected occupancy
pattern and occupancy habits of households. The pilot does not provide insight in the correctness of the de-
tected at home activity in 10-minute intervals.
There are 2 mechanisms at play that influence the capability of the habit engine to detect at home activity
correctly. Firstly, the electricity consumption of households is not completely representative for their occu-
pancy habits. For example, when households turn on their dishwasher before they go to bed, their electricity
consumption is higher while being asleep. Henceforth relative high electricity consumption might be dis-
qualified as detected occupancy while being asleep. The second mechanism is the quality indicator, which
check the habit engine output to a presumed occupancy pattern. The presumed occupancy pattern is in line
with a working schedule. When a households’ occupancy habits are not in line with the presumed occupancy
pattern the habit engine generates a lower quality measure. The detected occupancy pattern might be qual-
ified as insufficient while the detected occupancy pattern is correct. The quality measure potentially effects
the at home occupancy for the different thermostat practices. Because the quality measure is based upon a
working schedule the occupancy rate of the heating clusters might be overestimated. Households that heat
their home during the day and are at home might be excluded due to an insufficient quality measure. Over-
all the habit engine is able to provide insight in the occupancy of households but the exact precision of the
detected occupancy is unknown.

4.4. Conclusion: sub-research question 3
The third sub-question relates the detection of at home occupancy with the use of residential electricity con-
sumption. To evaluate overlap between residential thermal needs and thermostat practices with the following
question:

To what extent can disaggregated electricity consumption data be used to eval-
uate thermostat practices through occupancy detection?

Disaggregated electricity consumption data can be used to determine whether residents are at home or not,
by detecting periods of relative high electricity consumption out of average 10-minute interval electricity
consumption data. The pilot has shown that for 76% of the households the Habit engine is able to generate
a weekly occupancy program that is in line with their occupancy habits. The successfulness of an overall de-
tected at home occupancy is dependent on the regularity of residential agendas.
Residential thermostat programs of households are in line with at home occupancy during the night and
evenings. Where by the thermostat is lowered when residents are away. During the day, the thermostat pro-
grams are not in line with the at home occupancy of residents. The majority of the households who do not
heat their home during daytime tend away. This is not the case for households who heat their dwelling at
daytime. Around 50% of the residents are actually detected as being at home of the household who heat their
home during daytime.
The mismatch between thermostat practises and at home occupancy of residents indicate potential gas sav-
ing in the residential sector. Disaggregated electricity consumption data can be used to determine the oc-
cupancy in dwellings. The fitness of thermostat practices and thermal need can be analysed, to identify
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potential savings and assess the extent of possible thermostat practice adjustments in the residential sector.
The precision of the habit engine is currently unknown and can be assess by evaluating the use of the habit
engine in line with at home monitoring sensor. Physical movement sensors, sound and geo-fencing could be
used to determine the precision of the habit engine.
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Thermostat practice adjustments

The residential sector is responsible for over 55% of the natural gas consumption in the Netherlands with the
primary use of space heating. The heating consumption in the residential sector can be reduced by adjusting
thermostat settings of individual households. In order to assess the potential impact of individual thermostat
adjustments on residential gas consumption, potential savings firstly have to be identified. Followed up by
estimating the impact of adapted residential thermostat settings on the potential savings. The savings results
can in turn used to compare residential energy saving on the basis of disaggregated consumption data to
aggregated data. Disaggregated and aggregated saving studies can be compared to provide insight in the
added value of using disaggregated consumption data in residential energy saving assessment. This chapter
begins with describing the data used, potential saving options and calculation methods. Followed up with a
discussion of potential saving results and disaggregated/ aggregated study comparison. This chapter is ended
with the answering of the fourth sub-research question in section 5.4.

5.1. Potential thermostat adjustments
In the beginning of this section the used data is discussed followed up by the identification of potential saving
areas and calculation methods. In order to reduce gas consumption of individual dwellings potential savings
need to be identified in line with the thermal comfort of residents, as discussed in section 2.3. To change
residential thermostat practices, heating adjustments that safeguard thermal comfort of residents need to be
identified. Thermal comfort need to be safeguarded in order for residents to accept the adjustments and to
ensure engagement with the suggested thermostat adjustments. Therefore, possible thermostat savings need
to be identified that do not impact the thermal comfort of residents or do so in a limited way.
The data used to determine potential saving areas and used in the additional analysis is firstly discussed
in section 5.1.1. Potential savings that are in line with thermal comfort requirement are discussed in sec-
tion 5.1.2. Followed up by section 5.2 with a description of the saving calculation methods.

5.1.1. Data structure for adjustment calculations
Multiple data sources are needed to assess the impact of adjusting thermostat settings of individual dwellings.
The different data sources can be divided into 3 parts: temperatures, gas and electricity consumption. In line
with the clustering analysis, the 3 coldest winter months of 2016-2017 are used in the adjustment calcula-
tions, to assess the impact of adjusted thermostat settings when residential thermal consumption is at its
peak. The same households used for the clustering analysis are used to determine potential savings.
The temperatures account for the thermostat settings, inside temperature and outside temperature. For the
thermostat settings and inside temperature the entire 3-month hourly weekday settings/temperatures data
set is used. Unlike the clustering analysis in which the overall thermostat weekday settings are used. The
inside temperature is measured by the smart thermostat Toon, for the same time span and frequency as the
thermostat settings. The outside temperature is based upon measurements by Dutch weather institute KNMI
[41]. The average outside temperature in line with the calculation methods, measured by KNMI in de Bilt is
used. De Bilt is chosen as the outside reference point because the location of the individual dwellings is un-
known and de Bilt is roughly located in the centre of the Netherlands.
The gas consumption used for heating a dwelling is determined by gas flow metering and boiler communi-
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cation. With the use of the open-therm protocol and smart meter /thermostat Toon, gas consumption for
heating water can be determined. Consecutively the moments when the boiler is used to heat water for non-
heating purposes can be filtered out. The moments when the boiler is operational but not instructed by Toon
to heat water for thermal control are filtered out. The possible overlap in gas consumption for space heating
and other hot water activities, like showering at the same moment are not taken into account. Subsequently
the gas consumption for heating a dwelling per day is used to determine the impact of individual thermostat
adjustments.
As discussed in chapter 4, households’ electricity consumption can be used to determine at home occupancy.
The detection of at home occupancy of residents is used to fit thermostat adjustments to the thermal needs
of residents. In the sense that heating a dwelling when its residents are not active or not at home their ther-
mal needs are different. To determine the residential occupancy, the average electricity use of a 10-minute
interval is used in combination with the Habit engine. To ensure the quality of the detected at home occu-
pancy of the habit engine, only the households that exceed the quality threshold described in chpater 5.2 are
used. Of the 1319 households used in the clustering, 936 meet the quality threshold and are henceforth used
in heating adjustment estimation. In line with the thermostat data the hourly median occupancy Boolean is
used in determination of at home occupancy. In the sense of, if residents are active or not inside the dwelling
in one hour intervals.

5.1.2. Potential saving options
In this section, several adaptions to thermostat setting that limit the overall impact of thermal comfort of
residents are discussed. Adapting thermostat practice to individual thermal needs of residents generates the
possibility to save energy, by heating a dwelling more efficiently [3]. Through thermostat use there are two
ways to lower residential heating consumption, by lowering the temperature or decrease the heating time
span. The clustering of thermostat settings and detection of at home occupancy, indicated two areas of po-
tential saving. Firstly, the clustering of residential thermostat settings discussed in section 3.3 indicates that
the majority of the residents heat their home during the day and that there is a potential to save energy by
lowering the temperature during the night. Secondly the combination of thermostat settings with at home
occupancy through analysing electricity consumption, showed that thermostat programs are not all adapted
to at home occupancy. Households who heat their home during the day are not detected as being at home, on
average around 50% are present. Consequently, there is an opportunity to reduce residential heat consump-
tion by adapting the thermostat settings to at home occupancy. The saving areas have been separated in the
following 4 saving options: Active, Absent, Before sleep and Overnight. The 4 saving options are discussed in
detail in the following subsection.
The saving options are in line with suggested saving options by van den Ham and van der Vliet [65]. Whereby
it is possible to compare residential saving estimations on the basis of disaggregated data to aggregated data
use. To ensure the possibility to assess the overall saving potential, the different saving options do not over-
lap.
In the following sub-sections the 4 different saving options are discussed, by describing what the options en-
tail and what method is used to calculate the potential savings. As described in the previous section there
are two ways to reduce residential heating consumption, by lowering the temperature settings and decreas-
ing number of heating hours. The saving options are presented by discussing these to parameters for every
option. The minimum thermostat set point of 15 degrees is used as a base line temperature. Lowering the
temperature below 12 - 15 degrees could lead to humidity problems within the dwelling [65]. The tempera-
ture of 15 degrees is chosen to limit the overall impact on thermal comfort and mitigate possible humidity
problems.

Active lowering
The kind and type of activity in which a person is engaged determines the thermal need of a person, for ex-
ample when people are active their thermal need is lower [50]. Therefore, the temperature in a dwelling could
be lowered when residents are more active. Residents tend to be more active during the day than evening,
therefore the temperature can be reduced during the day while maintaining thermal comfort. Hanmer et al.
[31] indicated that several residents already lower their temperature during the day while being at home. The
level of thermal comfort at a certain temperature is strongly dependent on the individual, and differs from
person to person [49]. Therefore, the suggested temperature by Milieu Centraal [47] of 19 degrees is used
during the day to ensure thermal comfort.
In this saving option, the thermostat is lowered to 19 degrees when residents are at home detected with the
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habit engine. When residents are active between 7 o’clock in the morning and 6 in the evening residents the
temperature is lowered. The temperature is lowered for every hour residents are at home in this time span to
19 degrees.

Absent lowering
As stated in section 1.2 the majority of the people do not interact with their thermostat at all. In combination
with the mismatch between detected at home occupancy and thermostat settings, indicate that dwellings are
heated when residents are not at home. The detected occupancy trough the habit engine is used to deter-
mine residential occupancy. Where by the thermostat settings are lowered when residents are not detected
as being at home.
For every hour that the habit engine does not detect occupancy while residents are not asleep the thermo-
stat is lowered to the baseline temperature of 15 degrees. Absent lowering assesses the impact of lowering
thermostat for when people are not at home.

Before sleep lowering
The level of insulation of a dwelling relates to the build period of that dwelling, with developing level of in-
sulation year by year [64]. The decreased heat radiation of dwellings though insulation makes it possible to
maintain a certain temperature while not actively heating a dwelling [72]. The insulation of a dwelling enables
the possibility to lower the thermostat before people go to sleep, because the temperature decreases gradu-
ally in an insulated dwelling. Therefore, it is possible that residents remain thermally comfortably while a
dwelling is not actively heated. The drop in temperature of a dwelling is dependent on both the thermal mass
and insulation of the dwelling.
In the before sleep lowering saving option the thermostat is lowered one hour before residents go to bed to
15 degrees. Resulting in the turn down of the thermostat one hour before residents go to sleep. The sleeping
moment of residents is detected with the use of the habit engine. The hour before the sleep block discussed
in the next subsection is used as the before sleep lowering moment.

Overnight lowering
The clustering indicated that 3 of the 6 clusters have a thermostat setting above the baseline temperature of
15 degrees during the night. Residents are able to maintain thermal comfortable with blankets while they
are asleep. In addition, the living room of residents does not need to be heated when people are asleep in a
different room. Therefore, the thermostat can be lowered when residents are asleep at night.
The occupancy detected by the habit engine is used to determine if residents are asleep or not. The time span
between 10 in the evening and 4 o’clock at night is considered as period that residents could be asleep. If resi-
dents went to bed in between this time span, the consecutive inactivity period during the night is considered
as being asleep. If the consecutive inactivity period extends 3 hours and is less than 12 hours residents are
considered asleep. When the consecutive inactivity period is longer than 12 hours the residents are consid-
ered as not being at home. The timespan between 10 and 4 is used to detect a sleeping time block. Therefore,
inactivity outside this time span is considered as a sleeping time block when the consecutive inactive period
overlaps with the sleeping time span. The overnight lowering option adjusts the thermostat to 15 degrees
during the detected sleeping time block.

5.2. Saving calculation methods
In this section, the methods used to calculate potential savings by adjusting the thermostat settings are dis-
cussed. The saving options are defined as an adjustment to the actually used thermostat settings. Because
the impact of the adjusted thermostat settings on residential gas consumption is not measured an estimation
has to be made. Multiple methods for estimating the gas reduction are used, to compare methods and mit-
igate potential over or underestimations by different estimation methods. The following 3 methods will be
used to determine the saving potential of thermostat adjustments: relative shift, heat demand reduction and
temperature and gas regression.
All of the saving calculation methods translate changes in thermostat settings into potential gas saving. By
firstly calculating the effect of changed thermostat settings on the inside temperature of a dwelling, followed
up by one of the 3 saving calculation methods. The manner in which thermostat changes effect the indoor
temperature is firstly discussed. Followed up by discussing the 3 different saving calculation methods.
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5.2.1. Thermal inertia
Building characteristics are one of the underlying factors that influence the gas consumption of individual
dwellings discussed in chapter 1. One of the building characteristics that influences the gas consumption is
thermal inertia. To account for the difference in heat loss of individual dwellings the specific heat loss is taken
into account. The specific heat loss of dwellings is expressed by the time constant, shown in equation 5.2 is
used. Equation 5.1 and 5.2 are used to determine the specific heat loss of a dwelling and the change in inside
temperature by not actively heating a dwelling [65]. The overall change in inside temperature by adjusting
the thermostat settings is used to determine the potential saving of the different options.

Ttv = Te + (T0–Te )e°
tv
ø (5.1)

ø= °tv

ln(1° T0°Ttv
T0°Te

)
(5.2)

With Ttv as the inside temperature after tv number of hours, Te as average outside temperature, T0 inside
temperature before the heating interruption and ø as the time constant.
For each of the individual dwellings ø is calculated for each night in which the thermostat has been turned
off for more than 4 hours. To calculate the time constant ø the data described in 5.1.1 is used. The outside
temperature is based upon KNMI measurements and for the thermostat settings and inside temperature the
smart thermostat Toon is used. For every dwelling ø is determined for a 20-day period within the 3-month
wither period. The average ø is calculated for each dwelling and based upon the number moments the ther-
mostat has been turned off for more than 4 hours within 20-day period.
The calculated ø can in turn be used to calculate the inside temperature for every hour within the dwelling of
adjusted thermostat settings. Equation 5.1 describes the heat loss of an individual dwellings after a number of
hours. In the following saving options, the inside temperature based upon the time constant and thermostat
adjustments are used. The adjusted inside temperature is calculated by translating the change in thermostat
setting into change of inside temperature by the use of equation 5.1.

5.2.2. Relative shift method
The relative shift method is based upon the gas needed to heat a dwelling compared to the outside temper-
ature. Dwellings lose heat through two ways: by conduction through walls, floors, ceilings and windows and
through the moving air in and out of the building [12]. When the inside temperature is higher than the outside
temperature a dwelling loses heat through airflow and conduction. Dwellings can gain heat by the heating
system, internal gains and solar gains. The difference between the in and outside temperature can be used to
make an estimation of the gas consumption of a dwelling [56], by estimating the gas consumption per degree
difference between the in and outside temperature. This method is a rough estimation because the solar and
internal gains are not taken into account in this estimation.
The relative shift method uses the daily gas consumption per degree difference between the in and outside
temperature during the entire day, shown in equation 5.3. The relative shift method calculates the saving
by multiplying this factor with the relative change inside temperature shown in equation 5.4. The resulting
relative shift calculation determines potential saving through the change in the in and outside temperature.
Thermal inertia is taken into account in the relative change calculations, the estimated change in inside tem-
perature is calculated with the use of equation 5.1.
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With Td as the daily difference between the average in Ti n and outside Tout temperature.
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Simplified to:
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With Sh as the relative heat saving, Vg daily gas consumption, Ti n,1 the changed inside temperature, Ti n,0
temperature before the adjustment.
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5.2.3. Heat demand reduction method
The heat demand reduction method calculates the relative residential heat saving by calculating the inside
temperature drop induced by not actively heating a dwelling. The potential saving of non-active heating
periods in dwellings is described in detail by van den Ham and van der Vliet [65]. The relative saving of non-
active heating periods can be calculated by equation 5.5 [65]. Equation 5.5 is based upon the simplification
of dividing the reduction in heat demand of a non-heating period by the average heat consumption of that
period without non-heating periods. Two correcting factors have been crossed out against each other in setup
of this formula, due to the similarity in effect in opposite directions. Firstly the factor that corrects for the
heat loss coefficient during the non-active heating periods. Secondly the correcting term for the difference in
outside temperature during the non-active heating period.

Sh = tv
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With Sh as the relative heat saving, tv non-active heating hours, n0/n1 the efficiency of the heating system, ø
time constant.
The efficiency of the heating system is the heat output of the system divided by the heat input. van den Ham
and van der Vliet [65] have calculated the efficiency of different heating systems by model calculations and
multiple field tests performed by AgenschapNL. The efficiency of the heating system ranges from .997 to 1.012
depending on the age and type of heating system. Because the type of heating system in unknown for users
within the sample group the efficiency is considered to be 1.
The non-active heating hours result from the saving option calculations. In the case that the temperature
drops below the base line temperature the dwelling needs to be heated in order to maintain the baseline
temperature. In that case the non-active heating hours tv are calculated by the use of equation 5.6.

Tv =°ø ln(1° T0 °Tbase

T0 °Tout
) (5.6)

Tv non-active heating hours, T0 inside temperature at the beginning of the non-active heating period, Tbase
base line temperature, Tout the outside temperature.

5.2.4. Temperature and gas regression method
The last calculation method uses a linear regression model for every individual household to calculate the im-
pact of thermostat adjustments. The regression model predicts the gas consumption on the bases of the dif-
ference between the in and outside temperature. In this subsection, the use of the regression model is firstly
explained followed up by discussing the assumptions underlined in linear regression models. The subsec-
tion is ended with describing predictive power of the regression model and the relative gas saving calculation
method

Linear regression model
Linear regression is used to describe the relationship between the daily gas consumption and average dif-
ference between the in and outside temperature. Through the use of a linear regression model the impact
of temperature settings can be related to the gas use of dwellings [20]. The linear regression model fits the
observed data to the following equation 5.7.

Y = B0 +B1X +≤ (5.7)

With Y as the daily gas consumption of individual dwellings, B1 as the average difference between the daily
in and outside temperature, X the predictor variable that expresses the change in daily gas consumption for
one B1 degree difference, ≤ as the error estimation to accounting for the discrepancy between predicted data
and observed data.
For each of the dwellings the daily gas consumption data and in and outside temperature described in section
5.1.1 are used to build an individual regression model for each dwelling. Every individual regression model is
based upon all the 70 weekdays within the 3-month winter period of 2016-2017.

Linear regression models assumptions
At the basis of linear regression models there are several assumptions, these assumptions need to be checked
before linear regression models can be used. The following three assumptions are taken into accounted and
have been analysed:
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(a) Linarity of gas consumption and inside tempera-
ture

(b) Difference between the predicted gas consumption
and actual gas consumption

(c) Visual representation of the outlier exclusion

Figure 5.1: Linear regression assumptions analysis

1. Assumption of linearity

2. Assumption of constant variance in residuals, homoscedasticity

3. Checking and removing of outliers

Each of these assumptions is analysed with the help of plotting gas consumption and difference between
the inside and outside temperature shown in figure 5.1. The plots in figure 5.1 are based upon the linear
regression model of a single users within a 3-month winter period. Figure 5.1a clearly shows a linear relation-
ship between the difference in gas consumption and the daily difference in indoor and outdoor temperature.
Whereby the linearity assumption of the regression analysis is met. The difference between the in and outside
temperature is henceforth called the daily temperature differences.
The difference between the predicted gas consumption of individual dwellings and the measured gas con-
sumption is shown in figure 5.1b. For each of the weekdays within the winter period the daily measured gas
consumption is subtracted from the predicted daily gas consumption. The predicted daily gas consumption
is calculated by substituting the daily temperature difference B1, in the individual linear regression mod-
els described by equation 5.7. The measure to what extent the spread of the residual is similar at different
points analysed with the homoscedasticity. The spread in residue should be homogeneous at different daily
temperature differences. Figure 5.1b indicates that spread within the residual is quite evenly spread for the
different daily temperature differences. The amount of observations for each of the daily temperature dif-
ferences is not. The uneven spread can be explained by the variance in outside temperature. The uneven
spread of outside temperature causes the daily difference to be unevenly spread as well. The uneven spread
of observations can be neglected because the homoscedasticity is assured. The error in the regression model
is homogeneous at different daily temperature differences despite the observation spread.
Outliers can have a dis-appropriate effect on the formation of linear regression models. Therefore, the Bon-
ferroni correction is used to exclude outliers that fall outside the 95% confidence interval in the data set [6].
Figure 5.1c gives an example of the exclusion of data points within a sample set. The Bonferroni correction
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is used independently for every user within the dataset. Each of the 3 linear regression conditions are met,
therefore the linear regression is used to determine the potential gas saving.

Individual linear regression indication

(a) Predictive power regression model (b) Regression model error: Mean Absolute Error

Figure 5.2: Linear regression quality indicators

In this subsection, the overall quality of individual regression models is discussed with the use of figure
5.2. Figure 5.2 gives an overview of the predictive power of the individual regression models in figure 5.2a and
the educed error in figure 5.2b. The boxplots in figure 5.2 give show the midspread of the individual linear
regression models within the box and the lines 95% spread within the lines.
To what extent the regression model is able to predict the gas consumption by the difference between the in
and outside temperature is shown in figure 5.2a. The R-Squared gives an indication of what percentage of the
gas consumption can be predicted by the regression model. For 75% of the users, the linear regression model
is able to predict more than 36% of the gas consumption.
Figure 5.2b gives an indication of the error of the predictions made with the regression model. The boxplot
shows the Mean Absolute Error (MAE) of the gas prediction by the regression model. In other word the aver-
age of the absolute difference between every gas measurement and predicted consumption by the regression
model for each household. The figure indicates that for over 50% of the households the regression model
results in an MAE between 750 and 1250 dm3

Overall all the regression model quality checks show a large spread between the linear regression models of
different users. For most household, the individual linear regression models are able to explain a large part
of the daily gas consumption. The extent of predicted gas consumption indicates that there are more factors
that influence the gas consumption of dwelling than the difference between the out and inside temperature
alone in line with expectations. The linear regression models able to explain large part of the gas consump-
tion with an error that accounts for 15% of the daily gas consumption on average.

The difference between the individual regression modes is shown in figure 5.3. In figure 5.3 the linear re-
gression model of 20 different households is plotted, each of the lines in figure 5.3 represents a household.
For the 20 households in figure 5.3 the linear relationship between the daily natural gas consumption and the
difference between the in and outside temperature is shown. The variation in slope of each of the linear re-
gression model indicates the difference between the individual dwellings. The discrepancy in slope indicates
the influence of other factors that influence the daily gas consumption for heating in a dwelling. For example,
the thermal inertia of a dwelling influences the amount of natural gas needed to keep a dwelling at a certain
temperature.

Regression based saving calculation method
To calculate the relative saving of each potential saving option the individual regression models are used. The
change in inside temperature based upon the thermostat adjustments is calculated by the use equation 5.1.
The daily difference between the in and outside temperature in the old and adjusted situation is entered as
B1 in the regression model. Whereby the daily gas consumption based upon the old and adjusted situation
are compared to assess the relative gas saving, shown in equation 5.8. The regression based relative saving
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Figure 5.3: Linear regression models of different households

calculation method calculates the relative gas saving by the use of individual regression models. Both the old
gas consumption and the adjusted gas consumption are calculated by the use of the regression model. The
actual gas consumption is not used in the determination of the relative gas consumption due to the impact
of potential mismatch between the regression model and actual gas consumption. The regression model is
seen as the description of residential gas consumption based upon the difference between the in and outside
temperature.

Sh =
B0 + (Td ,0)B1 +≤° (B0 + (Td ,1)B1 +≤)

B0 + (Td ,0)B1 +≤

Simplified to:
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(5.8)

5.3. Potential thermostat adjustments results
In this section, the potential saving for each of the saving adjustments calculated with the use of the differ-
ent calculation methods is discussed. By presenting the results and discussing the difference between the
method outcomes. This section is ended with comparing the saving results of disaggregated data use to use
of aggregated consumption data.

5.3.1. Relative saving calculation method results
Following from section 5.1.2, 4 different potential thermostat adjustments have been identified. Each of the
potential thermostat adjustments ensures a reduction in the heat consumption of a dwelling while maintain-
ing the thermal comfort of its residents. To recap the identified thermostat adjustment are listed below.

1. Active lowering, reducing the temperature during the day in a dwelling to 19 degrees.

2. Absent lowering, reducing the temperature in a dwelling when residents are not at home to 15 degrees.

3. Before sleep lowering, turning down the thermostat in a dwelling one hour before residents go to sleep
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to 15 degrees.

4. Overnight lowering, when resident are a sleep the thermostat is turned down to 15 degrees.

Table 5.1: Overview potential saving per calculation method

Calculation methods
Saving options Relative shift Heat demand Regression
Active lowering 0,89% 0,97% 0,92%
Absent lowering 1,15% 1,00% 1,18%
Before sleep lowering 0,06% 0,04% 0,06%
Overnight lowering 1,92% 2,27% 1,99%

Figure 5.4: Potential saving difference calculation method:
Overnight lowering

Table 5.1 shows the potential saving for each of the saving options calculated with the 3 different calculation
methods. Table 5.1 displays the average relative gas savings for the 936 households within a 3-month winter
period. The difference in the potential saving estimation by the different methods shown in table 5.1 is less
than .35% percentage point. When comparing the different calculation methods, the heat demand calcula-
tion method underestimates and overestimates the potential saving for 2 of the 4 options.
The largest difference in percentage point potential saving is found for the overnight lowering saving option,
when comparing the different calculation methods. Figure 5.4 is used to compare the different calculation
methods on the basis of saving options that indicates the biggest difference between the calculation methods.
Figure 5.4 gives an overview of the potential saving of the overnight lowering option for each of the calcula-
tion methods. The Boxplots in figure 5.4 provides an overview of the calculated potential saving for each day
within the 3-mont winter period. The box in figure 5.4 contains the midspread and the lines contain 95% of
the potential saving spread. Figure 5.4 indicates that there is a large overlap in the average saving potential of
the different calculation methods. Besides the overlap between the different saving calculation methods the
range is saving potential for 50% of the population is below 2 percentage points. The difference in potential
saving is expected due to the difference between individual households both in physical and behavioural as-
pects expressed in the potential saving of overnight lowering.
The differences between the different calculation methods are analysed by comparing the calculated saving

potential of each method based upon non-heating hours. Each of the saving calculation methods is adapted
to determine the potential saving of non-heating hours. Household specifics are used to determine potential
saving of each household on the basis of non-heating hours. The potential saving is adjusted to individual
households by taking into account the specific thermal inertia and individual regression models. The re-
sulting potential saving of non-heating hours is shown in figure 5.5. Figure 5.5 clearly shows the difference
between the relative shift and regression estimations compared to the heat demand calculation method. The
difference between the calculation methods advances over time. Figure 5.5 indicates that the heating demand
and relative shift calculation methods overlap to a greater extent in the estimation of potential saving than
the regression method. The variance in saving potential spread between figure 5.5 and figure 5.4 is caused
by the difference in data set use. Figure 5.5 calculates the potential saving on the basis of non-heating hours
while figure 5.4 indicates the average potential saving of individual households adjusted to daily household
behaviour.
While the differences between the calculation methods is visible over time the estimated potential savings
overlap. Each of the boxes in figure 5.5 describing 50% of the households evidently overlap. The boxplots
shown in figure 5.5 are based upon the individual characteristics of dwellings. Concerning the specific heat
loss of a dwelling and the gas consumption per daily temperature difference. Henceforth the spread in rela-
tive saving indicates that the individual dwelling characteristics are an important factor in the estimation of
potential savings. The individual difference between the dwellings cause the spread in the potential saving
per non-active heating hour. As expected the potential saving of a households is dwelling specific due to the
impact of dwelling characteristics on the thermal inertia of a dwelling.
In the following sections the different calculation methods are combined to give an overall estimation of the
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Figure 5.5: Hourly saving per calculation method

potential saving. The different calculation methods are combined by taking the average of the potential sav-
ing methods. The overlap in potential saving calculation shown in figures 5.5, 5.4 shows that there is not a
clear separation between the calculation methods. The different calculation methods are combined to mit-
igate the potential over or under estimation by one of the calculation methods and enable potential savings
compression in a convenient matter.

5.3.2. Influencing factors in relative saving potential
In this section, different factors that influence potential gas saving in the residential sector are discussed. The
potential saving of different thermostat practices are described and compared to the estimated savings in a
study performed by van den Ham and van der Vliet [65].

Table 5.2: Potential saving of different thermostat practices

Potential savings per cluster
Clusters Absent lowering Active lowering Before sleep lowering Overnight lowering Total
Day lowering 0.49% 0.27% 0.03% 1.20% 1.99%
Morning evening program 1.10% 0.35% 0.05% 1.51% 3.01%
Slight adaptable program 1.63% 0.47% 0.06% 2.10% 4.26%
Day heating 1.20% 1.23% 0.06% 2.19% 4.68%
Gradient day heating 1.06% 0.79% 0.04% 1.60% 3.49%
Continuous heating 1.39% 1.03% 0.07% 2.48% 4.97%

Potential saving per thermostat practice
As discussed in the previous section the characteristics of individual dwellings influences the overall gas sav-
ing potential of that dwelling. Thermostat settings play a role in the potential saving of a household, next
to specific dwelling characteristics. In figure 5.2 the potential saving per thermostat practice for each of the



5.3. Potential thermostat adjustments results 49

different saving options is shown. Figure 5.2 indicates clear differences in saving potential for different ther-
mostat practices. With the clear difference in saving potential between the thermostat settings extremes of
Day lowering to Continues heating thermostat practices. The difference in saving potential between these
practices is more than a factor 2.
Table 5.2 shows that even with a relatively reduced thermostat setting there is still a potential to save energy,
when looking at the Day lowering thermostat practice. In general, the potential saving per thermostat prac-
tice is arranged from low too high potential in table 5.2. The gradient increase in saving potential is in line
with the overall level of thermostat settings within the clusters show in figure 3.6. With the exception of the
Gradient day heating cluster. The lower saving potential in absent, active and overnight lowering can be ex-
plained by two factors. Firstly, the overlap between residential at home occupancy and thermostat settings.
When the thermostat settings are adapted to the at home occupancy of residents, the potential saving of the
active and absent saving option is lower. The adaption of thermostat settings to at home occupancy is in line
with the movement of users between clusters discussed in section 3.3.2. The users within the Gradient day
heating cluster tend to adjust their thermostat settings to different weekdays. Secondly the overnight ther-
mostat settings of the Gradient day heating cluster are around 15 degrees, demonstrating the lower saving
potential of the overnight saving option.

Potential saving based upon build period
To provide insight in the additional value of using disaggregated energy consumption data in the evaluation of
residential gas saving potential. The results of this study are compared to calculations performed by van den
Ham and van der Vliet [65] in a potential saving study. To assure the compatibility between the two studies the
different saving option classification is similar. The study conducted by van den Ham and van der Vliet [65]
is based upon the classification of dwellings types on the basis of household characteristics. The potential
savings are then based upon assumptions that are calculated for different dwelling type classification. The
following assumptions are used in the estimation of saving potential:

1. Active, the thermostat is turned down by one degree.

2. Absent, the thermostat is turned down for 8 hours per day

3. Before sleep lowering, the thermostat is lowered from 20 to 15 degrees for 1 hour

4. Overnight, for a sleeping period of 8 hours the thermostat is lowered from 20 to 15 degrees.

Table 5.3: Potential saving: Study comparison

Absent lowering Active lowering Before sleep lowering Overnight lowering

Build period
Thermostat
adjustments

Milieu
Centraal

Thermostat
adjustments

Milieu
Centraal

Thermostat
adjustments

Milieu
Centraal

Thermostat
adjustments

Milieu
Centraal

Before 1967 2.7% 11.1% 0.1% 6.0% 1.1% 1.4% 1.8% 7.3%
1976-1988 2.0% 10.3% 0.1% 6.1% 0.8% 1.0% 1.2% 4.3%
1989-2000 1.7% 7.3% 0.1% 6.0% 0.7% 0.8% 1.1% 2.3%
2000-until now 1.5% 4.5% 0.0% 5.9% 0.8% 0.2% 0.9% 1.4%

The household characteristics of build period is used to compare the results of the different studies shown in
figure 5.3. The results of the calculations performed by van den Ham and van der Vliet [65] is shown in the
Milieu Centraal tab and results of this study in the thermostat adjustment tab. The Milieu Centraal potential
saving is based upon theoretical gas consumption with the use of a combination of dwelling type and build
period. The overall potential saving for the different build periods is shown in table 5.3.
There are two clear differences between the studies: the amount of potential saving and the difference in
saving for the different build periods. The difference in potential saving can be explained by the assumptions
made in the Milieu Centraal based calculations. The estimations based upon actual thermostat use indicate
an overall lower saving potential. Indicating that the assumptions made in the Milieu Centraal based calcu-
lations are not in line with the thermostat use of the Toon innovator population group.
The second discrepancy relates to the difference in saving potential for different build periods. Both studies
show a decreased saving potential for newer dwellings. In line with the increased level of insulation in newer
dwellings. The difference between the different build periods is larger in the Milieu Centraal estimations.
This effect could be explained by the difference in actual household heat consumption and theoretical heat
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consumption on the basis of household characterises. The gas consumption of poorly insulated dwellings
tends to be overestimated compared to an underestimation of well insulated dwellings [44]. The variance
in complex household characteristics underpin the discrepancies between theoretical and actual heat con-
sumption [45].
The impact of the assumptions made in the milieu centraal report is further analysed by assessing the impact
of these assumptions. The 3 main differences between the assumptions made in the milieu centraal report
and the Toon users are listed below.

1. Estimated ø, is lower on average than the measured ø for the Toon users, shown in table 5.4

2. Thermostat settings, is assumed at 20 degrees instead of the diversity in settings of the Toon users shown
in section 3.3.

3. Absent heating period timespan, the average absent period detected by the Habit engine for the Toon
users is 5.5 hours instead of the 8 hours assumed in the Milieu Centraal based calculations.

Table 5.4 shows the estimated ø used in the milieu central report and the measured average ø, for different
build periods. The impact of a different ø is shown in table 5.4 by calculating the potential saving of an 8-hour
non-heating period. Table 5.4 expresses the impact of a different ø on the calculated potential saving. The
potential saving is calculated by the use of the heat demand reduction method formula 5.5.
There is a clear difference in the potential saving for different ø shown in table 5.4. The lower the ø the faster a
dwelling losses heat and in turn the higher the potential saving is. The effect of declining difference between
the estimated ø and calculated ø in table 5.4 can be detected in table 5.3 as well. A possible explanation for
the difference in measured ø and assumed ø on the basis of dwelling characteristics is residential feedback.
Residents in a dwelling with a relative low ø might have improved the insulation of their dwelling or adapted
their heating practices.
The difference between the potential saving calculation between figure 5.5 and figure 5.4 is caused by the
calculation technique used. In figure 5.5 the potential saving is adjusted the thermal inertia of a dwelling.
When a base line temperature is reached due to the cooling down of a dwelling the dwelling is re-heated to
ensure a constant temperature. The potential saving shown in figure 5.4 is not adjusted for the cool down
rates of dwellings which causes the potential saving to be higher than in figure 5.5. An estimated inside tem-

Table 5.4: Potential residential saving depending on ø and build period

Time constant [ø] Potential saving non-heating period
Build period Millieu Centraal Thermostat adjustments Millieu Centraal Thermostat adjustments
Before 1967 14 40 7.8% 3.1%
1976-1988 28 50 4.1% 2.5%
1989-2000 49 57 2.2% 2.2%
2000-until now 80 71 1.2% 1.8%

perature of 20 degrees overestimates the potential saving of absent heating periods in two ways. Firstly, the
timespan of an absent heating period is impacted when the inside temperature is lower, because the base
line temperature is reached more easily. Secondly, the potential of lowering a thermostat declines when the
inside thermostat settings are already lowered. The relationship between the number of absent heating hours
and potential saving is quite straight forward. A decreased number of absent heating hours reduces potential
natural gas saving.
The potential gas savings for different thermostat practices shown in table 5.2 display a bigger impact on the
potential savings than the differences in building period figure 5.3. The larger impact of thermostat practices
on the gas saving potential compared to building period indicates two things. Firstly, that different thermo-
stat practices are influential in the potential heat saving in the residential sector. Secondly, the individual
differences between household thermostat interaction need to be taken into account. To assess the space
heating saving potential of the residential sector thermostat interaction needs to be taken into account, in
line with complex underpinnings of dwellings specific heat consumption.
In appendix E the potential saving based upon several household and dwelling characteristics is shown. The
potential saving for different household sizes, dwelling types and dwelling sizes is shown in appendix E, some
of the remarkable findings are discussed in this section. The potential saving of absent lowering is seen to de-
crease for larger households in figure E.1. Probably caused by an increased at home occupancy for larger
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household sizes and in turn a lower potential to lower the thermostat when not at home. The potential sav-
ings of overnight lowering for apartments and terraced dwellings is lower than semi- and detached dwellings
shown in figure E.2. The larger a dwelling is the lower the potential saving of overnight lowering is shown
in figure E.3. The overall difference between saving potentials for household with the previous mentioned
dwelling characteristics is lower than the build period.

5.3.3. Overall potential of thermostat adjustments
An indication of the overall saving potential of the different saving options is shown in figure 5.5. Table 5.5
is based upon a gas price of 63 euro cent per m3 and a gas consumption of 1300 m3/year [11]. Lowering the
thermostat during the night clearly results in the overall largest potential residential heat saving. Followed
up by not heating a dwelling when away and lowering the thermostat during the day. The yearly saving of
turning-off the thermostat before residents go to sleep does not generate any substantial savings. Overall the
average Toon user could save 33,99 euro on their energy bill by adapting their thermostat practices.
In table 5.6 the yearly potential savings for each of the thermostat practices shown. Table 5.6 indicates that
there is a 24 euro difference between the potential saving of residents with an overall lowered thermostat
program compared to a heating one. The potential saving difference between households with different ther-
mostat practices accounts for over 70% of the average savings. The thermostat practices of households play
a major role in the overall individual saving potential in the residential sector.

Table 5.5: Potential residential heat savings per year: Saving
options

Saving option Potential annual saving
Active lowering "7,59
Inactive lowering "9,09
Before sleep lowering "0,44
Bedtime lowering "16,87
Total saving "33,99

Table 5.6: Potential residential heat savings per year: Ther-
mostat practice

Thermostat practice Potential annual saving
Day lowering "16,33
Morning evening program "24,61
Adaptable program "34,89
Day heating "38,36
Gradient day heating "28,58
Continues heating "40,70

5.4. Conclusion sub-research question 4
The fourth sub-research question relates to the saving potential of thermostat practice adjustments of indi-
vidual dwellings. The potential saving for the residential sector is assessed in the following way:

What is the potential impact of adjusting thermostat practices of individual
households on residential natural gas consumption?

Adjusting thermostat settings of individual households on average leads to a saving of 4.2% resulting in "34
energy bill reduction per year. The potential saving is dependent on the individual thermostat practices and
dwelling characteristics. The difference in thermal inertia of dwelling has a large impact on the overall poten-
tial saving for dwelling with similar thermostat practices.
The individual thermostat practices have shown to have a larger effect on the potential residential saving than
classic classification characteristics as building period. Whereby the individual thermostat practices need to
be taken into account in the overall residential energy assessment, in combination with the dwelling specific
heat inertia.
The disparate residential potential heat saving of individual dwellings indicates the importance of adjusting
energy assessments accordingly. Both thermostat practices as dwelling specific heat loss has shown to have a
substantial influence. The current assessment of dwelling specific characteristic has shown to mismatch ac-
tual thermal inertia of a dwelling. Future residential energy predications should include thermostat practices
and actual thermal inertia assessment, due to the impact of these factors. Therefore, energy consumption in
the residential sector should include individual dis-aggregated consumption data.





6
Discussion, conclusion and context

The performed research is discussed by debating research method and assumptions made in section 6.1.
After which the research questions are answered in section 6.2. This chapter is ended with placing the con-
ducted research within this thesis in context.

6.1. Discussion
The performed research method and underlined assumptions are discussed in the beginning of this section
by discussing 3 aspects. This section is ended with discussing the relevance of the research in line with the
Complex System Engineering and Management master program. The following 3 aspects have been taken
into account:

1. Sample group, the data is gathered from households with a smart meter/ thermostat device that are
willing to share their data.

2. Thermal comfort, the extent of thermal comfort of residents with the thermostat adjustments.

3. Non-intrusive practice detection, individual practices are based upon the measurable action of residents
with the use of thermostat and electricity data.

Sample group
The analysed households within this research are part of the innovators group within the Quby, creator of
Toon. Therefore, each of the analysed households have a smart metering device installed in their dwelling.
The default thermostat settings follow a standardized program. The smart meter/ thermostat Toon enables
the possibility to adjust a thermostat program in multiple ways, through the use of an IHD and a mobile
application. Besides the smart metering device within the researched dwellings the analysed users are part
of an innovator group. Meaning that the residents have actively chosen to share their consumption data for
research purposes.
The presence of a smart metering device inside a dwelling and the affinity of households to share their data
for research purposes might underestimate the potential savings. Easier access to thermostat control and
affinity with research might induce an increased general knowledge/ interest in of heat saving. As discussed
in section 3.1.1 the demographic characteristics of the sample group are not in line with the general popu-
lation. The influence of different demographic characteristics is uncertain due to the substantial impact of
different characteristics as thermostat practice and thermal inertia. Whereby household demographics do
not represent a meaningful way to assess the general population in the sense of individual practices and dis-
similar dwelling characteristics.
The number of household used in the assessment of thermostat practices of individual dwellings is relative
small. The conducted research can be seen as proof on concept of thermostat practice assessment with the
use of disaggregated consumption data. The developed approach and data evaluation scripts can be used
directly on the entire Toon user group of over 300.000 households.
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Thermal comfort
Thermal comfort differs from person to person and is next to the temperature dependent on aspects as ven-
tilation, radiation and metabolism. Whereby the thermal comfort of a person is different in altering position
in a room. Within this research, the thermal comfort has been taken into account by temperature alone and
without adjusting for separate rooms. The thermals comfort has been taken into account by an average com-
fortable inside temperature for when residents are at home of 19 degrees.
The individual differences in thermal comfort of people might lead to discomfort with a certain daytime tem-
perature. By taking an average suitable thermal comfort temperature, the adjusted temperature settings to
individual needs cancels each other out. In the assessment of general saving potential. The effect of other
factors besides the inside temperature in the assessment of thermal comfort are not taken into account and
therefore unknown. Current average ventilating behaviour is embedded in the assessment of dwellings by
individual assessment of households. Whereby the overall ventilation behaviour is encapsulated in the heat
inertia of dwellings.

Non-intrusive practice detection
Residential consumption practices are governed by 4 key elements that together shape a practice. In this
research, the outcome of the interplay of the key elements in practice theory is analysed, in the form of ther-
mostat practices of individual households.
The non-intrusive manner of analysing individual practices increases the potential reachable population
while limiting the possibility to analysing underlying factors. The key elements are essential in the assimi-
lation of practices. Therefore, the link between the actual adjustments of thermostat practices and potential
saving cannot be made, without addressing or analysing the underlying key elements that make up a practice.
The currently used at home detection with the use of electricity consumption data with the use of the habit
engine is not completely validated. The habit engine has proven to be able to determine adequate week pro-
grams but the real time at home detection has not been validated. Whereby the exact at home detection
capabilities of the habit engine are uncertain.

Vestigial COSEM link
The COSEM master degree focuses on designing in socio-technical systems. Whereby the role of sociologi-
cal systems is combined with technical systems. Both elements are studied to be able to design an artefact
that can intervene in the complex intertwined socio-technical world. In this research, the heating system
is studied by looking into the interaction of social behavioural aspects with the technical system of a smart
meter.

6.2. Conclusion
The conclusion and recommendations are discussed in this section, by firstly restating the problem question
and its sub-research questions. Followed up by the concluding remarks of answering the research question,
ended with the recommendations. The research question is discussed by giving a short recap of the problem
and restating the research question. The primal form of energy consumed in the residential sector is natural
gas with the main use of heating. Gas mining induced earthquakes in combination with goals set out in the
climate accord intensifies the pressure on the Dutch government to reduce the overall natural gas consump-
tion. Adjusting thermostat practices of Dutch households is an approach to reduce gas consumption on the
relative short term. Disaggregated energy consumption data is seen as high frequency individual household
consumption data. There are several uncertainties in the assessment of natural gas reducing possibilities. To
gain insights in the possibilities of thermostat practices adoption the following questions are answered:

1. What is practice theory and how can it be used to understand heating practices of Dutch households
with the use of disaggregated consumption data?

2. To what extent can clustering be used in the identification of specific thermostat practice of Dutch
households?

3. To what extent can disaggregated electricity consumption data be used to evaluate thermostat practices
through occupancy detection?

4. What is the potential impact of adjusting thermostat practices of individual households on residential
natural gas consumption?
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To answer the following research question:

What insights in thermostat practices that influence natural gas consumption of indi-
vidual households can be identified by a combined analysis of electricity and thermostat
use?

6.2.1. Answering sub-research question
Each of the sub-research question is answered in this section to answer the main research question. The
sub-questions are answered in the previous four chapters, a recap of the answers is stated below.

Sub-research question 1: Practice theory
Residential behaviour is the main source of uncertainty in predicting energy consumption. Practice theory
describes the interaction of people with the world in a way that make sense to them to do. Practice theory
adopted by Gram-Hansen describes 4 factors that govern energy consumption practices. Where by indoor
heating practices are governed by: heating know-how, heating system knowledge, heating technology and
energy saving engagement. The governing elements shape a practice and can in turn be shaped by a practice.
Practice theory is used gain a deeper understanding of the factors involved in residential heat practices. Prac-
tice theory is used in this thesis to determine a way to detect residential behavioural aspect with the use of
disaggregated consumption data. The 4 key factors are used to understand a resulting interaction of person
with world in the sense of a practice. The governing elements have been analysed in multiple consumption
studies by the use of interviews with residents by Gram-Hanssen. The use of disaggregated consumption data
in practice assessment imposes an alternative way to assess the indoor climate practice.
The use of disaggregated consumption data in the assessment of indoor practice shift the focus form to the
resulting practice action. Since the resulting thermostat practice can be detected in the disaggregated con-
sumption data. Detailed energy consumption data is used to analyse an aspect of indoor climate practice,
thermostat practices. Thermostat practices are analysed to determine similar patterns in thermostat settings
and resulting energy consumption. Households can be classified on the basis of their thermostat practice
instead of household/ dwelling characteristics.

Sub-research question 2: Clustering of thermostat practice
Hierarchical clustering is used to determine similar thermostat practices with use of disaggregated energy
consumption data. The clustering of thermostat practices results in the detection of 6 distinct practices of in-
dividual households. Whereby clustering is an approach to group similar thermostat practices of individual
households. The resulting thermostat practices represented by the different clusters display clear difference
in thermostat settings.
The clustering of thermostat practice result in preliminary insight in the gas consumption of dwellings, with
an apprehend division in relative high and low natural gas consumption between dwellings. Most of the
households do not adapt their specific thermostat practices to separate weekdays. Similar household sizes
share commonalities in their thermostat practices, especially one-person household. One person households
are more likely to lower their thermostat during the daytime.
Clustering of overall thermostat practices result in the formation distinct thermostat practices. The specific
thermostat practices generate insight in possible and potential to energy consumption savings in the residen-
tial sector, by determining potential inefficient thermostat practices in a sizeable part of the sample group.

Sub-research question 3: Occupancy detection
To what extent thermostat practices are fitted to at home occupancy is determined with the use of electricity
consumption data. Disaggregated electricity consumption data can be used to determine whether residents
are at home or not, by detecting periods of relative high electricity consumption out of average 10-minute
interval electricity consumption data. For 76% of the households in the pilot group, analysing electricity
consumption data with the use of the Habit engine results in a weekly activity program that is in line with
their habits. The successfulness of an overall detected at home activity is dependent on the regularity of the
agendas of the analysed residents.
The thermostat settings of Toon users are in line with their detected overnight and evening occupancy. The
thermostat is lowered overnight and turned on again in the evening. During the day, the thermostat programs
mismatch the at home activity of residents. The majority of the households who do not heat their home
during daytime tend to be away. This is not the case for households who heat their dwelling at daytime.
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Around 50% of the residents are actually detected as being at home of the household who heat their home
during daytime.
The mismatch between thermostat practises and at home activity of residents indicate potential gas saving in
the residential sector. Disaggregated electricity consumption data can be used to determine the occupancy
in dwellings. The fitness of thermostat practices and occupancy can be analysed, to identify potential savings
and assess the extent of possible thermostat practice adjustments in the residential sector.

Sub-research question 4: Heating adjustments
Combing thermostat practices with at home occupancy detection provides insights in the potential saving in
the residential sector. By identifying potential areas of saving combined with calculating the potential saving.
Adjusting thermostat settings of individual households on average leads to a saving of 4.2%, resulting in "34
energy bill reduction per year. The potential saving is dependent on the individual thermostat practices and
dwelling characteristics. Individual thermostat practices influence the saving potential of individual house-
holds by a factor 2. The thermal inertia of a dwelling impacts the natural gas consumption of dwellings as
expected but is not in line with current classical energy assessments.
The individual thermostat practices have shown to have a larger effect on the potential residential saving than
classic classification characteristics. The individual thermostat practices need to be taken into account in the
overall residential energy assessment in combination with the dwelling specific heat inertia.
The disparate residential potential heat saving of individual dwellings indicates the importance of adjusting
energy assessments accordingly. Both thermostat practices as dwelling specific heat loss has shown to have
a substantial influence. Therefore, energy consumption in the residential sector should include individual
disaggregated consumption data to assess these factors.

6.2.2. Answering research question
There are 3 insights that can be gained from analysing thermostat practices with the use of disaggregated
consumption data for the analysed households. First of all, half of the household have a thermostat practice
of heating their dwelling during the day. Around 50% of the residents who heat during the day are actu-
ally detected as being at home. Secondly the impact of individual heating patterns on the gas consumption
of dwelling is bigger than classical household characteristics. The specific gas consumption of individual
dwellings with similar thermostat practices differs., indicating that household specific characteristics play
large role in the overall energy consumption. Thirdly the potential natural gas savings of the residential sec-
tor is on average 4.2% with the majority of the saving generated by lowering the thermostat during the night to
15 degrees. Residents can save on average "34 on their natural gas consumption bill with more than a factor
2 difference for separate thermostat practices. The relative low potential gas saving by adjusting thermostat
settings of individual dwellings indicate that adjusting thermostat practices in the residential sector can assist
in reaching the climate goals., but more measures are needed in order to significantly reduce the natural gas
consumption in the residential sector.
There are two insight that are applicable to general population. Firstly, the individual thermostat practices
are influential in the saving potential in the residential sector. For households with unmatched dwelling the
individual thermostat practice influence the potential saving by more than a factor 2. Secondly, the current
assessment of the thermal inertia of dwellings with the use of dwelling characteristics is not in line with the
detected thermal inertia of dwelling. The predicted thermal inertia based upon the age and size of a dwelling
overestimates the heat loss of a dwelling. The influence of individual thermostat practices and thermal in-
ertia of dwellings can be taken into account with the use of disaggregated consumption data. Disaggregated
smart meter/ thermostat data should be taken into account in the assessment of residential heat consump-
tion. By using disaggregated consumption data in energy prediction models the current uncertainty around
embedded factors that influence gas consumption can be reduced.
The findings of this research represent the saving potential for residents with a smart thermostat. The po-
tential savings of residents with a manual thermostat to a less user friendly programmable thermostat is dis-
parate, due to the difference in thermostat interaction [51]. The overall estimated saving for the residential
sector could both be under and overestimated, depend on thermostat interaction. The possible over or under
estimation is independent of the impact that thermostat practices have in the residential sector.

6.3. Placing research in context
In this section the relevance of the conducted research for Quby, scientific community and policy makers is
firstly discussed. Followed up by a discussion of the ethical implications of at non-intrusive monitoring and
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potential savings.

Research context: Quby
There are 2 aspect of this research that are important for the smart metering production company Quby. The
first aspect is how to improve and use the habit engine within the company. As discussed in chapter 4 the
habit engine is currently only validated on its capability to produce an overall at home week program. To im-
prove the detection of at home activity in dwelling more variables can be taken into account. The detection of
at home activity can be improved by including sound, detection sensors and mobile location determination.
Sound, detection sensor and mobile location data can be used on the one hand to evaluate at home detection
on the basis of electric consumption data. On the other hand, be used to determine at home occupancy. Next
to energy assessment, at home occupancy detection can be used in different fields. For example, the health
sector for improving assisted living of elderly.
The research showed that the potential saving of residents is disparate and dependent on dwelling and house-
hold characteristics of dwellings. One of the factors in successful energy practice adjustment is the engage-
ment of residents. In order to keep residents engaged the provided information should be correct and un-
derstandable. Therefore, communicated potential saving information should be based on their energy con-
sumption and adjusted to their thermostat practices, to keep households engaged. Overestimating potential
savings will lead to a mistrust information and disengagement of residents. The discussion between scholars
about the effectiveness of providing feedback to residents revealed several potential complications. A possi-
bility to mitigate the negative feedback implications is by providing residents with an automated thermostat
program. Whereby instead of adjusting thermostat behaviour the thermostat settings are adjusted to the in-
dividual needs with the flick of a button. In line with providing customers with information the automated
thermostat program should sufficiently correct to ensure user engagement.

Research context: Scientific community
Current bottom-up estimation models are still predominately based upon dwelling specific characteristics
[43], while the impact of household behaviour has been addressed by scholars. The impact of household be-
haviour on energy consumption in the residential sector has been assessed with the use of questionnaires.
The use of questioners is a time expensive manner of conducting research. The executed research in this
thesis showed that the influence of residential behaviour can be assessed with the use of disaggregated con-
sumption data of individual households. In order to adapt energy consumption models, disaggregated con-
sumption data can be used to generate deeper insight in the saving potential of the residential sector.
Analysing behavioural aspects with the use of disaggregated energy consumption data can be used in energy
transition the world is currently going through. Behavioural aspects play an important role in the develop-
ment of smart grids and move from carbon based fuels. Next to the behavioural aspect the thermal capabil-
ities of dwellings can be assessed with the use of disaggregated consumption data. For example, the thermal
inertia of dwelling must be sufficient in order for a heat pump to work, an alternative for gas heating. Prelim-
inary insight in the potential roll out of heat pumps can be assessed by the use of disaggregated consumption
data.

Placing research in context: Policy makers
The impact of thermostat practices on the potential gas saving of unmatched dwellings indicates the role
of thermostat behaviour in residential heat demand. The mismatch between estimated savings in the resi-
dential sector governed by assumptions and actual saving indicate the need to adjust policy measures. Cur-
rent policy measures are based upon energy labels that classify energy consumption on the basis of physical
dwelling characteristics. Chapter 5 showed that the assumptions based energy assessment used in energy
labels overestimate the potential savings in the residential sector. In order for policy to be successfully imple-
mented the measures need to be shaped to actual energy consumption. Therefore, the assessment of energy
labels of dwellings should firstly include different thermostat profiles and can be improved further by includ-
ing behavioural aspects of residents.
The difference between thermostat practices of residents showed another policy measure approach. Instead
of steering on energy labels and physical characteristics of dwellings policy measures should be aimed at res-
idential behaviour. Because the impact of thermostat practices of residents has more than a factor 2 impact
on the potential saving for unmatched dwellings.



58 6. Discussion, conclusion and context

Ethical implications of non-intrusive monitoring and climate change
Climate change impacts the entire world and can lead to severe weather induced disasters to agricultural
implications through draught. Climate change can be seen as the complex result of an increase of global
warming gasses in the atmosphere. Whereby the direct impact of burning a cubic meter of natural gas is
uncertain. In the view of Utilitarianism an action can be assessed by determining the impact of the action
in the sense of wellbeing. The overall utility of an action is the result of summing all positive effects of an
action minus the negative ones. The implication of estimating the overall utility of an action is that the sense
of wellbeing is inherently personal and cannot be compared from person to person. In the case of assess-
ing potential saving of adjusting thermostat of individual households there is contrast between residential
privacy and climate change impact. The average saving potential of adjusting thermostat practices of toon
users results in a 4.2% percent saving. The European Union personal privacy rights have been ensured and
reinforced with a new law in May. The question is if it is ethical sound to infringe a person’s right of privacy
to reduce global warming pollution. On the grand scale the potential loss of life due to weather and drought
disasters outweigh uncertain effect of reducing energy consumption embedded in potential privacy infringe-
ment, in my option. In the case of smart meter/ thermostat use to determine potential energy savings the
implication on privacy can be mitigated. By separating data variables and anonymising data the privacy of
residents can be guaranteed to an extent of theft and hacking of a device. In my opinion when privacy is guar-
anteeing in this way the benefits outweigh the costs even for relative small overall saving potential of 4.2%.
In the end, the impact of world-wide climate change and impact on future generations outweigh potential
privacy infringement, when data is used for the purpose of mitigating the effect of climate.
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Heat load profile detection with the use of
individual thermostat settings

T.H. Vosmer
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F

Abstract—Natural gas is the predominant source of energy in the
residential sector, primarily used for space heating. Reducing the con-
sumption of carbon based sources is one of the pathways to reduce
the worldwide temperature rise. Current European policy measures
hinge on the energy assessment of dwellings with the use of labels.
Energy labels estimate theoretical energy consumption on the basis of
physical characteristics of dwellings. There are discrepancies between
the estimated energy consumption in the determination of energy labels
and actual residential energy consumption. In this paper, residential heat
demand is assessed with the use of hierarchical clustering of thermostat
programs of individual households, to analyse the influence of individual
heat demand on residential energy consumption. The clustering of ther-
mostat settings result in 6 distinct heat load profiles and the identification
of two potential residential saving areas. The influence of individual heat
load profiles is considerable and should be included in residential energy
assessments, to adequately shape policy measures to move away from
carbon based sources.

Index Terms—Heat load profile, Hierarchical clustering, Natural gas
consumption, Energy label, Residential sector

1 INTRODUCTION

Reducing the consumption of carbon based energy sources
is one of the goals set in the climate accord in Paris, to limit
the world-wide temperature rise below 2 degrees [1]. The
residential sector is responsible for over 55% of the natural
gas consumption in the Netherlands [2], predominantly
used for the heating of dwellings [3]. Residential energy
policy objectives in the European Union to improve energy
efficiency are based upon energy labels of dwellings [4].
The amount of natural gas consumed by individual house-
holds is dissimilar and dependent on multiple factors. The
compulsory energy label of dwellings in the European
Union, described in the Energy Performance of Building
Directive (EPBD), is based upon theoretical energy con-
sumption. The estimated heat consumption of a dwelling
used for the classification of energy labels is based upon
the physical characteristics of that dwelling. There are dis-
crepancies between the estimated heat consumption based
upon physical characteristics and actual heat consumption
of dwellings [5]. Even households with similar dwelling
and similar household characteristics have shown dissim-
ilarities in their heat consumption [6]. Whereby residential
behaviour is seen as the largest source of uncertainty in the
prediction of energy consumption [7].

Dwelling 
characteristics

Household 
characteristic

Natural gas 
consumption

Outdoor 
environment

Fig. 1. Influencing factors residential gas consumption

Individual residential natural gas consumption is influ-
enced by 3 factors [8], graphically shown in figure 1.
Dwelling characteristics and household characteristics can
be adjusted by residents while the outdoor environment
is dependent on the location of the dwelling. Dwelling
characteristics account for the physical characteristics of a
dwelling related to the thermal inertia of a dwelling. The in-
fluence of residential behaviour and household composition
is embedded in household characteristics.
The influence of household characteristics in the form of
thermostat settings is analysed by determining heat load
profiles. Heat load profiles can be seen as the overall thermo-
stat temperature settings of an individual dwellings. A heat
load profile is the resulting thermostat setting dependent on
the interaction of household composition and household be-
haviour. Similarities in heat load profiles are detected with
the use of individual thermostat settings of dwellings. Indi-
vidual household thermostat settings are assessed with the
use of smart meter/ thermostat Toon. Individual heat load
profiles in the form of thermostat settings are grouped with
the use of unsupervised clustering. The impact of heat load
profiles is assessed by determining the individual amount
of natural gas consumed for heating a dwelling. Residential
thermostat settings are clustered on the one hand to analyse
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the degree of similarities in heat load profiles. And on the
other hand, to analyse the impact of distinctive heat load
profiles on residential gas consumption.
In section 2 the data gatherer to detect overall heat load
profiles of individual dwellings is discussed. Followed up
by the clustering method and type used to group similar
heat load profiles. In section 3 the resulting heat load pro-
files are presented by discussing differences and similarities
between heat demand profiles. The difference in natural gas
consumption for each of the heat load profiles is discussed
in section 4. The concluding remarks and recommendations
are given in section 5.

2 METHOD

2.1 Clustering data
Clustering is used to group individual households with
similar thermostat settings in the form of heat load profiles.
The similar heat load profiles of household are assessed
by analysing the thermostat settings and gas consumption
of 1319 households. The data is gathered with the smart
meter/ thermostat Toon. The thermostat settings are col-
lected in the 3 coldest months of the winter of 2016-2017,
December-February. The thermostat settings are collected
in one hour intervals for all the weekdays in the winter
period. The hourly thermostat settings consist of the average
temperature settings within a dwelling for that hour. The
thermostat settings for similar weekdays are grouped to
produce a general thermostat setting overview of individual
households for separate weekdays. To illustrate, the median
is taken of the thermostat settings of every Wednesday
at eleven within the three-month period for individual
households. The heat load profile of households for similar
weekdays is based upon the median hourly thermostat
setting within the winter collection period. The weekends
are left out of the scope due to disparate household habits
between weekends. Because the median thermostat setting
for similar hours in the weekend does not generate a repre-
sentative overall thermostat setting program.
The amount of natural gas consumed for heating a dwelling
is used to analyse the impact of separate heat load profiles.
The natural gas consumption for heating is filtered out of
the natural gas consumption by adjusting for non-heating
events, with the use of smart thermostat and boiler commu-
nication.

2.2 Clustering method
The unsupervised clustering type of hierarchical clustering
is used to determine similar heat load profiles. Unsuper-
vised clustering is used to group sets of data that are
unlabelled and is seen one of the most useful techniques
for discovering patterns in underlying data [9]. Hierarchi-
cal clustering treats individual data cases as independent
clusters and combines the clusters with the least distance
between them. The distance between the clusters is based
upon the similarity measure. The Ward similarity measure
is used in the detection of overall heat load profiles. Out of
the 7 clustering schemes provide by [10], the Ward similarity
measure proofed most suitable in detection overall heat
load profiles. The Ward similarity measure scored best on

Fig. 2. Cluster size determination: elbow method

separating power and the resulting clusters demonstrate the
lowest variance in thermostat settings within the separate
heat load profiles.
The Ward similarly measure combines clusters on the basis
of least variance between different clusters. The hourly
variance in thermostat setting of the individual heat profiles
is used in the Ward similarity method to determine the
distance between clusters. The individual heat load profiles
consist of the median thermostat settings of individual
users. The heat load profile of each weekday is taken into
account separately in the clustering analysis and henceforth
called the user weekdays. User weekdays with the least
variance in overall hourly thermostat settings are grouped
together until a stopping condition is met.
The stopping condition for the ward similarity measure is

determined with the use of the Elbow Method [11]. The El-
bow method is used to distinguish the cluster sizes at which
the drop variance within the clusters is largest. In figure 2
the Ward distance between the last formed clusters and the
change in distance is shown. The distance between the last
formed clusters demonstrates the largest distance between
2 clusters in the clustering analysis. Figure 2 indicates that
the change in distance between the last formed clusters is
largest at cluster sizes [4,6,10,14]. Each of the 4 cluster size
stopping conditions are compared on the basis of similarities
in resulting heat load profiles and representativeness of the
resulting heat load profiles. A stopping condition of cluster
size 6 scored best in the determination of similar heat load
profiles. At cluster size 6, the similarity in heat load profiles
is minimalised and the clusters that represent a substantial
part of the population is maximised.

3 DETECTED HEAT LOAD PROFILES

The hierarchical clustering of overall thermostat settings of
individual user weekdays is shown in figures 3, 4, 5, 6, 7
and 8. The heat load profiles are illustrated by the box-
plot of the hourly thermostat settings for individual user
weekdays. The box contains the midspread of 50% of the
temperature settings and 95% of the settings are contained
within the lines.

The heat load profiles of individual user weekdays share
overlapping elements while being clearly distinguishable.
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Fig. 3. Heat load profile: Day lowering

Fig. 4. Heat load profile: Morning-evening program

Fig. 5. Heat load profile: Slight adaptable program

The different heat load profiles have 2 similarities in com-
mon between all the clusters. First of all, in each of the
load profiles the thermostat settings are lowered overnight,
compared to the day time settings. Secondly the moments
when the thermostat is turned up and down. In each of the
heat load profiles the thermostat is turned on in the morning
and off again in the evening.
There is a clear separation between the heat load profiles

Fig. 6. Heat load profile: Day heating

Fig. 7. Heat load profile: Gradient day heating

Fig. 8. Heat load profile: Continues heating

during the day time in temperature settings. Figures 3, 4
and 5 represent the user weekdays with a lowered day time
thermostat setting compared to figures 6, 7 and 8 with a
heating daytime setting. Within the heat load profiles with a
lowered thermostat setting a similar pattern can be detected.
The thermostat is turned on and off again in the morning
within these heat load profiles.
The exemplification of each of the heat load profiles is



4

shown in figure 1, in the form of percentage of households
in the corresponding cluster. Two potential saving areas can
be identified by analysing the different heat load profiles.
Firstly in 3 of the 6 heat load profiles accounting for 51%
of the user weekday population [D,E,F] have a day time
heating pattern. Indicating that there is a potential to save
natural gas consumption in the residential sector by low-
ering the thermostat during the day. The temperature can
be lowered when residents are not actually at home or to
a lower comfortable temperature. Secondly the majority of
the user weekdays in heat load profiles [C,D,F] have an
thermostat setting above 15 degrees during the night.
The clustering of heat load profiles indicates the existence
of distinctive general heat load profiles. The clear difference
between overall heat load profiles indicate the importance of
including thermal profiles in the assessment of natural gas
consumption in the residential sector. The second insight the
clustering of heat load profiles generates is the possibility
to target residential energy saving policy to high saving
potential households. The consumption of natural gas for
heating a dwelling is used to link heat load profiles to
energy consumption in section 4.

4 HEAT LOAD PROFILES AND GAS CONSUMPTION

The daily natural gas consumption of each of the heat load
profiles is shown in a box-plot in figure 9. The box contains
the midspread of the daily natural gas consumption in
the collection period for 1319 households and 95% of the
daily gas consumption is contained within the lines. The
referencing index letter and corresponding heat load profile
is shown in table 1. The heat load profiles consisting of the
user weekdays without day time heating [A,B,C] clearly
have a lower natural gas consumption that the heat load
profiles who do [D,E,F]. Figure 9 displays the range in daily
gas consumption, the natural gas consumption for each of
the profiles clearly overlaps. The similarity in daily gas
consumption is substantially larger in the heat load profile
consisting of day time heating user weekdays.
To statistically determine the variation in daily natural gas

consumption between the heat load profiles an one sided
ANOVA is used. In the ANOVA test the average daily gas
consumption per household in the winter period is used,
shown in table 2. The daily average is taken to compare the
overall heat load profile to the average daily natural gas
consumption. The ANOVA results in table 2 support the
findings in figure 9. There is a significant variance between
all the different heat load profiles and the heat load profiles
representing non day time heating. There is no significant

TABLE 1
Heat load profiles and exemplification

Heat load profile
Exemplification

heat load profile -
Households in cluster [%]

A Day lowering 11
B Morning-evening program 19
C Adaptable program 19
D Day heating 21
E Gradient day heating 18
F Continues heating 12

Fig. 9. Daily gas consumption for heat load profile

difference in the natural gas consumption of the heat load
profiles of day time heaters.
The overlap in daily natural gas consumption is in line

with the multiple factors that influence the natural gas con-
sumption of dwellings shown in figure 1. The role of other
influential factors than the thermostat settings is shown in
the overlap between daily gas consumption. The consider-
able overlap in daily gas consumption of the day heating
profiles [D,E,F], indicates that the influence of heat load
profiles becomes less dominant when a dwelling is heated
for longer periods during the day. The limited variance in
natural gas consumption of day heating heat load profiles
is expected. When a dwelling is heated for most of the day,
the influence of alternative thermostat setting programs is
limited.
The heat load profiles consist of dwellings with disparate
physical characteristics of dwellings. Even for disparate
dwellings a difference in daily natural gas consumption
can be detected for separate heat profiles, indicating the
impact of thermostat settings on natural gas consumption.
The variance in natural gas consumption of separate heat
load profiles indicate the potential to aim residential energy
saving policy measures to inefficient thermostat use with
relative high natural gas consumption.

5 CONCLUSION

With the use of hierarchal clustering of individual thermo-
stat settings overall heat demand profiles can be detected.
The clustering of individual thermostat settings results in
the detection of 6 distinction heat load profiles. The heat
demand profiles show clear differences in the thermostat
settings in households with similarities in some aspects. The
heat load profiles indicate two potential areas for reducing
the residential natural gas consumption for around 50% of

TABLE 2
Variance daily gas consumption (ANOVA)

Clusters F value p value
All 50.9 1.1 ⇤ 10�51

a,b,c 33.6 4.1 ⇤ 10�15

d,e,f 2.4 0.088
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the population, by lowering the thermostat overnight and
during day time. To assess the extent of saving by lowering
the thermostat during the day the thermal needs of residents
need to be included. For example, by detecting whether
residents are actually at home during the day.
The average daily gas consumption of separate thermal
load profiles is dissimilar, especially in thermal load profiles
without day time heating. The difference in daily gas con-
sumption is visible for a mixture of dwellings with disparate
dwelling characteristics. The difference in average daily gas
consumption of separate heat load profiles displays the role
of thermostat settings in the natural gas consumption of
dwellings.
The clear disparate heat load profiles of individual house-
holds indicate the importance of including household char-
acteristics residential energy policy. The heat load profiles
conflict with the assumed constant inside temperature of 18
degrees in energy label determination [12]. The variation in
natural gas consumption between dwellings with separate
heat load profiles indicates the opportunity to aim policy
measures at households with inefficient thermostat settings
and relative high natural gas consumption.

5.1 Discussion
The thermostat settings of Toon users are gathered in the
assessment of residential thermal load profiles. The house-
hold composition of the selected Toon users is not repre-
sentative for the general population. Toon provides a pre-
programed thermostat and enables users to easily adapt
their thermostat programs to their needs with the use of
an in-home display and mobile application. This is not the
case for the general population whereby the thermostat in-
teraction differ for users without or a different smart meter/
thermostat [13]. The distribution of users over the different
heat load profiles and the profiles itself might differ from
the general population due to non-representativeness of the
sample group. Whereby the extent of inefficient thermostat
setting might not resemble the general population. However
the importance of including heat load profiles in residential
energy policy is present because of the distinct heat load
profiles and corresponding natural gas consumption.
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B
Clustering graphs

In this appendix, the clustering results are shown, for the different clusters size comparison, for the method
selection and cluster validation.
In this section, the 2 clustering method comparison outcomes are shown for the following methods: Ward and
Complete. For each of the methods the clustering is in line with the described approach in chapter 3. The
cluster outcomes for the stopping condition of clusters size 5,10 and 15 are shown. For the 2 different clus-
tering methods both the significant clusters and the non-significant clusters are shown. The figures shown in
this appendix consist of clustering representations by showing the box plot of the hourly median thermostat
setting for individual users within that cluster. In figures B.1 B.3 B.4 the cluster comparison of the complete
clustering method is shown for each of the different cluster sizes. The ward method clustering comparison is
shown in figures B.5 B.6 B.7 for each of the cluster sizes.

(a) Cluster 1 (b) Cluster 2 (c) Cluster 3

(d) Cluster 4

Figure B.1: Cluster method: Complete, Clustersize 5
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72 B. Clustering graphs

(a) Cluster 1 (b) Cluster 2

Figure B.2: Cluster method: Complete, Clustersize 10

(a) Cluster 3 (b) Cluster 4

Figure B.3: Cluster method: Complete, Clustersize 10

(a) Cluster 1 (b) Cluster 2 (c) Cluster 3

(d) Cluster 4 (e) Cluster 5 (f) Cluster 6

Figure B.4: Cluster method: Complete, Clustersize 15
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(a) Cluster 1 (b) Cluster 2 (c) Cluster 3

(d) Cluster 4 (e) Cluster 5

Figure B.5: Cluster method: Ward, Cluster size 5

(a) Cluster 1 (b) Cluster 2 (c) Cluster 3

(d) Cluster 4 (e) Cluster 5 (f) Cluster 6

Figure B.6: Cluster method: Ward, Cluster size 10
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(a) Cluster 1 (b) Cluster 2 (c) Cluster 3

(d) Cluster 4 (e) Cluster 5 (f) Cluster 6

(g) Cluster 7 (h) Cluster 8

Figure B.7: Cluster method: Ward, Cluster size 15



C
Cluster size

In this appendix, the clustering output of the different clusters sizes is shown for the chosen ward clustering
method. As described in chapter 3 the clusters are compared for the sizes 4,6,10 and 14. Both the significant
and non-significant clusters outputs are shown in this appendix.

(a) Cluster 1 (b) Cluster 2 (c) Cluster 3

(d) Cluster 4

Figure C.1: Significant Clusters size 4
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76 C. Cluster size

(a) Cluster 1 (b) Cluster 2 (c) Cluster 3

(d) Cluster 4 (e) Cluster 5 (f) Cluster 6

Figure C.2: Significant Clusters size 6

(a) Cluster 1 (b) Cluster 2 (c) Cluster 3

(d) Cluster 4 (e) Cluster 5 (f) Cluster 6

Figure C.3: Significant Clusters size 10
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(a) Cluster 1 (b) Cluster 2 (c) Cluster 3

(d) Cluster 4 (e) Cluster 5 (f) Cluster 6

(g) Cluster 7

Figure C.4: Significant Clusters size 14

(a) Cluster 1 (b) Cluster 2 (c) Cluster 3

(d) Cluster 4

Figure C.5: Non-significant Clusters size 10
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(a) Cluster 1 (b) Cluster 2 (c) Cluster 3

(d) Cluster 4 (e) Cluster 5 (f) Cluster 5

(g) Cluster 5

Figure C.6: Non-significant Clusters size 14



D
Cluster validation

In this appendix, the clustering results of the separated data set into 3 different months and original clustering
is presented. The performed clustering is in line with the clustering performed in section 3.3. The cluster
outcomes are grouped on the basis of visual similarity.

(a) Day lowering - original clustering (b) Day lowering - December clustering

(c) Day lowering - January clustering (d) Day lowering - February clustering

Figure D.1: Visual validation of clustering - Day lowering
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80 D. Cluster validation

(a) Morning-evening program - original cluster-
ing

(b) Morning-evening program - December clus-
tering

(c) Morning-evening program - January cluster-
ing

(d) Morning-evening program - February clus-
tering

Figure D.2: Visual validation of clustering - Morning-evening program

(a) Adaptable program - original clustering (b) Adaptable program - December clustering

(c) Adaptable program - January clustering (d) Adaptable program - February clustering

Figure D.3: Visual validation of clustering - Adaptable program
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(a) Day heating - original clustering (b) Day heating - December clustering

(c) Day heating - January clustering (d) Day heating - February clustering

Figure D.4: Visual validation of clustering - Day heating

(a) Gradient day heating - original clustering (b) Gradient day heating - December clustering

(c) Gradient day heating - January clustering (d) Gradient day heating - February clustering

Figure D.5: Visual validation of clustering - Gradient day heating
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(a) Continues heating - original clustering (b) Continues heating - December clustering

(c) Continues heating - January clustering (d) Continues heating - February clustering

Figure D.6: Visual validation of clustering - Continues heating



E
Potential saving of dwelling characteristics

In this appendix, the potential saving for each of the saving options is calculated for separate household and
dwelling characteristics. The size of the household accounts for the household characteristic and the type of
the dwelling and size account for the dwelling characteristics. The potential saving for different characteris-
tics generate insight in the impact of the different characteristics on the potential saving.

Table E.1: Potential saving household size

Household size Active lowering Absent lowering Before sleep lowering Overnight lowering
1 person 0.60% 1.82% 0.06% 2.36%
2 persons 0.83% 1.23% 0.05% 1.96%
3 persons 0.74% 1.34% 0.06% 2.15%
4 persons 0.88% 1.21% 0.06% 1.92%
5 or more persons 0.91% 1.13% 0.06% 1.95%

Table E.2: Potential saving dwelling type

Dwelling type Active lowering Absent lowering Before sleep lowering Overnight lowering
Apartment 0.86% 0.87% 0.05% 1.79%
Detached 0.96% 1.16% 0.06% 2.17%
Semi-Detached 0.67% 1.47% 0.06% 2.15%
Terraced 0.85% 1.26% 0.06% 1.96%

Table E.3: Potential saving dwelling size

Dwelling size m2 Active lowering Absent lowering Before sleep lowering Overnight lowering
15-50 1.25% 1.49% 0.07% 2.93%
50-75 0.74% 1.31% 0.06% 2.03%
75-100 1.14% 1.15% 0.06% 2.26%
100-125 0.80% 1.36% 0.06% 2.02%
125-150 0.77% 1.14% 0.05% 1.88%
150-200 0.79% 1.21% 0.05% 1.90%
200-300 0.90% 1.08% 0.05% 1.68%
300-500 1.07% 0.61% 0.04% 1.54%
500 or more 1.22% 0.36% 0.06% 2.29%
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