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Abstract
A future vision of enabling technologies for the needs of energy conservation as well as energy
efficiency based on the most important megatrends identified, namely climate change,
urbanization, and digitalization. In the United States and in the European Union, about 40% of
total energy consumption goes into energy use by buildings. Moreover, indoor climate quality is
recognized as a distinct health hazard. On account of these two factors, energy efficiency and
healthy housing are active topics in international research.
The main aims of this thesis are to study which elements affect indoor climate quality, how
energy consumption describes building energy efficiency and to analyse the measured data using
intelligent computational methods. The data acquisition technology used in the studies relies
heavily on smart metering technologies based on Building Automation Systems (BAS), big data
and the Internet of Things (IoT).
The data refining process presented and used is called Knowledge Discovery in Databases
(KDD). It contains methods for data acquisition, pre-processing, data mining, visualisation and
interpretation of results, and transformation into knowledge and new information for end users. In
this thesis, four examples of data analysis and knowledge deployment concerning small houses
and school buildings are presented.
The results of the case studies show that the data mining methods used in building energy
efficiency and indoor climate quality analysis have a great potential for processing a large amount
of multivariate data effectively. An innovative use of computational methods provides a good
basis for researching and developing new information services. In the KDD process, researchers
should co-operate with end users, such as building management and maintenance personnel as
well as residents, to achieve better analysis results, easier interpretation and correct conclusions
for exploiting the knowledge.

Keywords: data integration, data mining, energy consumption, indoor climate quality,
information services, k-means, knowledge discovery, Sammon’s mapping selforganizing map
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Tiivistelmä
Tulevaisuuden visio energiansäästön sekä energiatehokkuuden mahdollistavista teknologioista
pohjautuu tärkeimpiin tunnistettuihin megatrendeihin, ilmastonmuutokseen, kaupungistumiseen
ja digitalisoitumiseen. Yhdysvalloissa ja Euroopan unionissa käytetään noin 40 % kokonaisenergiankulutuksesta rakennusten käytön energiatarpeeseen. Myös rakennusten sisäilmaston on
havaittu olevan ilmeinen terveysriski. Perustuen kahteen edellä mainittuun tekijään, energiatehokkuus ja asumisterveys ovat aktiivisia tutkimusaiheita kansainvälisessä tutkimuksessa.
Tämän väitöskirjan päätavoitteena on ollut tutkia, mitkä elementit vaikuttavat sisäilmastoon
ja rakennusten energiatehokkuuteen pääasiassa analysoimalla mittausdataa käyttäen älykkäitä
laskennallisia menetelmiä. Tutkimuksissa käytetyt tiedonkeruuteknologiat perustuvat etäluentaan ja rakennusautomaatioon, big datan hyödyntämiseen ja esineiden internetiin (IoT).
Väitöskirjassa esiteltävä tietämyksen muodostusprosessi (KDD) koostuu tiedonkeruusta,datan esikäsittelystä, tiedonlouhinnasta, visualisoinnista ja tutkimustulosten tulkinnasta sekä
tietämyksen muodostamisesta ja oleellisen informaation esittämisestä loppukäyttäjille. Tässä
väitöstutkimuksessa esitellään neljän data-analyysin ja niiden pohjalta muodostetun tietämyksen
hyödyntämisen esimerkkiä, jotka liittyvät pientaloihin ja koulurakennuksiin.
Esimerkkitapausten tulokset osoittavat, että käytetyillä tiedonlouhinnan menetelmillä sovellettuna rakennusten energiatehokkuus- ja sisäilmastoanalyyseihin on mahdollista jalostaa suuria
monimuuttuja-aineistoja tehokkaasti. Laskennallisten menetelmien innovatiivinen käyttö antaa
hyvät perusteet tutkia ja kehittää uusia informaatiopalveluja. Tutkijoiden tulee tehdä yhteistyötä
loppukäyttäjinä toimivien kiinteistöhallinnan ja -ylläpidon henkilöstön sekä asukkaiden kanssa
saavuttaakseen parempia analyysituloksia, helpompaa tulosten tulkintaa ja oikeita johtopäätöksiä
tietämyksen hyödyntämiseksi.

Asiasanat: energiankulutus, informaatio, rakennukset, sisäilmasto, tiedonlouhinta
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1

Introduction

1.1

Background

Megatrends are transformative, global forces that define the future world with their
far-reaching impacts on businesses, societies, economies, cultures, and personal
lives. The three world-leading consulting firms offering professional services have
identified five to nine global megatrends (EY 2015, KPMG 2015, PwC 2015).
Based on the most important of them, namely climate change, urbanization, and
digitalization, it is effortless to create a future vision of enabling technology for the
needs of energy conservation as well as energy efficiency.
According to articles in the journal Science, a key element for an intelligent
energy efficiency infrastructure is sensing and controlling the state of buildings
(Gershenfeld et al. 2004). The mitigation potential of energy consumption by the
energy use sector will be represented through key metrics by 2050 (Williams et al.
2010). In the journal Nature, many articles have been published concerning the
energy consumption of buildings and their energy efficiency. In the United States,
almost 41% of total energy consumption goes into buildings for uses such as space
heating, cooling, lighting and computing (Farese 2012, Nelson 2015).
Correspondingly, buildings are responsible for 40% of EU energy consumption
(Jeffries 2014, Nelson 2015).
The European Union agreed on its first ever energy-efficiency law in June 2012
(Renssen 2012). The law set the EU on track to deliver a 15% energy saving below
business-as-usual by 2020. The remaining gap to the objective of 20% is to be filled
by eco-design standards, e.g. for boilers and water heaters. Furthermore, the new
EU Energy Efficiency Directive 201/27/EU by the European Union (2012) requires
regular energy audits (Jeffries 2014). The European Union is also prepared to
finance positive development in this area (European Commission 2012); as a result,
a new interim report was published in 2014 by the Energy Efficiency Financial
Institutions Group (EEFIG 2014).
In this thesis, energy efficiency will be reviewed for housing and healthy living
as well as occupational safety and comfort. Recently increased interest in energy
efficiency and the airtightness of buildings are thought to have adverse effects on
indoor climate quality (ICQ). Indoor climate quality is determined by three aspects:
indoor air quality (IAQ), thermal comfort conditions and hygrometric aspects
(Corgnati et al. 2011). A high indoor climate quality can not only increase the health,
17

wellbeing and productivity of the building occupants, but also decrease the costs of
energy and building maintenance. For these reasons, the monitoring of ICQ will be
introduced by increasingly utilising new technology such as low-cost sensors,
signal processing technologies and big data analytics.
Prior to the deployment of knowledge for applications, it is inevitable that the
whole knowledge discovery process has to be gone through. The intelligent
knowledge discovery in databases (KDD) process, with its core in data mining,
requires measurements, monitoring data or externally acquired data as input. The
data in the original publications in this thesis originate from continuous
measurements in school buildings and homes as well as smart metering data from
the energy supplier. Additionally, questionnaire material on occupants’ perceptions
is utilised for validating the results of intelligent data analysis.
This thesis focuses on energy consumption and indoor climate quality
measurements in buildings, intelligent data analysis methods for knowledge
discovery, and describing the identified situations and conditions in buildings.
1.2

Building automation

Building automation (BA) is concerned with the control of building services, and
it offers advanced functionality through the control system of a building. A building
automation system (BAS), also referred to as a building automation and control
system (BACS, Mertz et al. 2009), is a significant example of a distributed control
system (DCS). When microcontrollers were included in the control loop in the early
1990s, the concept called direct digital control (DDC) also became popular in
building automation (Kastner et al. 2005). The building automation system is a
computerized, intelligent network of electronic devices, a combination of hardware
and software, designed to monitor and control the mechanical, electronic, lighting
as well as shading systems in a building. BA systems are deployed for aspects of
management, operation and maintenance (Figure 1), and their objectives are
improved occupant comfort, security and safety, efficient operation of building
systems, and reduction in energy consumption and operating costs. Indoor
Environmental Quality (IEQ) encompasses the conditions inside a building:
thermal conditions, air quality, lighting and ergonomics. These aspects are the most
important for guaranteeing performance, comfort and wellbeing for occupants and
residents by running building automation systems in the most optimized way. Stateof-the-art building automation systems incorporate systems for energy
management and maintenance such as an Energy Management System (EMS),
18

Building Energy Management System (BEMS) and Building Managements System
(BMS).

Fig. 1. Functional aspects of BAS (modified from Kastner et al. 2005).

1.2.1 Building automation technologies
In this subsection, some of the most common building automation technologies are
presented. Besides many vendor-specific solutions, the main standards used today
are BACnet (ISO 16484-5 2014), KNX (ISO/IEC 2006), LonWorks (ISO/IEC
14908-1 2012) and Modbus (MODBUS 2012). In addition to these, to mention a
few wireless representatives, wireless buses exist such as ZigBee (IEEE 802.15.4
2011) and EnOcean (ISO/IEC 14908-1 2012).
The following paragraphs present the communication protocols of BASs, and
map out the essential functionalities of a building automation system to the stateof-the- art building automation standard technologies available on the market.
These BAS functionalities are addressed in two international standards: ISO 164843 (ISO 16484-3 2005) and EN 15232 (BSI 2012). The functionality categories are
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as follows: Grouping and Zoning, Event Notification, Alarm Notification,
Historical Data Access, Scheduling, and Scenarios (Domingues et al. 2016).
Today, there are three interoperable standard network protocols to choose from:
BACnet, LonWorks and Modbus. All three of these are widely used. According to
a Building Operating Management survey in 2011, 62% of respondents had at least
one BACnet application; for LonWorks the percentage was 40%, while for Modbus
the number was 30% (SETRA 2016). The functional difference between Modbus
and BACnet / LonWorks is its central controlled system, which needs the
information to be transported through a central control. In contrast, BACnet and
LonWorks enable direct communication between field devices. Accordingly,
Modbus is used for connection between devices, BACnet for communication
across devices, and LonWorks for networking devices through power lines, fibre
optics and other media.
BACnet is a communication protocol for building automation and control
networks developed by a project committee established by the American Society
of Heating, Refrigerating and Air-Conditioning Engineers (ASHRAE). Its main
objective was to provide a solution for building automation systems of all sizes and
types, and it was designed to allow communication of BACS for applications such
as heating, ventilating and air-conditioning control and the associated equipment.
In 1995, BACnet was published as an ANSI/ASHRAE 135 standard. In 2003,
BACnet was approved as a European standard within the Committee for European
Standardization (CEN), and in the same year as an ISO standard within the ISO
16484 series (ISO 16484-5 2014). In general, BACnet defines an information
model that organizes system devices using a standard collection of objects
(Fernbach et al. 2011). These objects represent application services along their
inputs and outputs. In BACnet, a device is represented by a device object, which
defines the device properties. Furthermore, the BACnet model accommodates
proprietary object types for manufacturers to register functionalities not covered by
standard objects, risking interoperability between devices (Schwenk et al. 2007).
LonWorks, also known as the Local Operating Network (LON), is a fieldbus
protocol developed by Echelon Corporation in 1988 as a generic open control
network. Its objective is to support a wide range of distributed applications in
various domains such as production lines, transportation and buildings. At the core
of this technology is a proprietary communications protocol called LonTalk.
Generally, a communication protocol as LonTalk is a set of rules to manage
communications within a network of cooperating devices (Snoonian 2003). In 1999,
the underlying control network protocol LonTalk has been standardized as the
20

ANSI/EIA-709 and ANSI/CEA-709 standard. It is also available as the European
standard EN14908 and as the international standard ISO/EIC-14908. In LonWorks,
a network device is called a node (Domingues et al. 2016). These nodes have a
unique address and they are able to implement multiple functional profiles.
Functional profiles describe the application layer interface of a device in detail.
This expected functionality includes its behavioural configurations and network
variables. Network variables are data points exposed by a device to other devices
for exchanging information in the network. Commonly, network variables follow
well-defined rules identified in the LonWorks Standard Network Variables Types
(SNVT) specification (Echelon Corporation 2002), providing interoperability
between LonWorks devices.
Modbus is a serial communication protocol published by Modicon (now
Scheider Electric) in 1979 to use with their Programmable Logic Controllers (PLCs)
in industrial automation systems. It is a simple, robust and commonly available
means of connecting industrial devices supporting serial and Ethernet protocols. In
fact, it can be implemented using several types of buses and networks (e.g., Modbus
RTU or Modbus TCP). Since Modbus was designed in the late 1970s to
communicate with PLCs it has a number of limitations, for example: the number
of data types is limited to those understood by PLCs at the same time and large
binary objects are not supported. However, Modbus is widely used in the industrial
manufacturing environment (Tylman 2013).
KNX is a standardized technology, the Open Systems Interconnection (OSI)based network communications protocol (KNX Association 2013), that emerged
from the European Installation Bus (EIB), European Home Systems (EHS) and
Batibus. This unification resulted in the establishment of the Konnex Association,
in 1999. In 2004, the KNX protocol was standardized as norm EN 50090 and, in
2006, KNX was recognized as the international ISO/IEC 14543-3 standard. The
KNX protocol distributes control across devices through functional blocks
(Domingues et al. 2016). Each functional block consists of a group of data points
and a behavioural specification about the device. KNX devices are commissioned
by the Engineering Tool Software (KNX Software Tools – ETS5). These software
tools provide the user with a higher level of abstraction with respect to the
configuration complexity of the system. ZigBee is a standard based on IEEE
802.15.4 specifying the network and the application layer (Domingues et al. 2016).
ZigBee technology enables devices to communicate wirelessly, reducing wiring
costs and the aesthetic impact of the system installation. Furthermore, it provides a
simple, low-rate, low-power and cost-effective protocol for radio frequency (RF)
21

applications. The information model of ZigBee is mainly defined across three
layers that manage device objects, endpoints and bindings between those endpoints,
known as the Application Support Sublayer, ZigBee Device Object and Application
Framework layers (ZigBee Alliance Inc. 2008).
Other frequently used technologies in building automation systems are
EnOcean (EnOcean GmbH 2014), Insteon (INSTEON 2013) and Z-Wave (Zensys
A/S 2006). EnOcean and Z-Wave define low-power wireless communication
protocols and their inherent electrical aspects. Thus, they are usually employed in
home and industry automation. Correspondingly, Insteon provides support for
wireless communication and is generally used for home automation. These
technology standards mostly define message transport protocols and do not specify
interesting information models in the context of interoperability.
1.2.2 Data mining from BAS data for knowledge discovery
BAS plays an important role in building operation nowadays, and a huge amount of
building operational data is stored in BAS. However, effective utilization of the
knowledge hidden in big data is a problem that needs to be resolved. Data mining (DM)
is a promising technology for discovering the knowledge hidden in big data.
Data mining and advanced KDD methods
Data mining is the computational process of discovering patterns in large data sets
involving methods at the intersection of artificial intelligence, machine learning,
statistics and database systems (KDD 2015).
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Fig. 2. Overview of KDD process steps (modified from Fayyad et al. 1996).

The overall goal of the data mining process is to extract information from a data set
and transform it into an understandable structure for further use. Data mining is
part of the knowledge discovery in databases (KDD) process. In fact, data mining
is the analysis step of the KDD process (Fayyad et al. 1996). Fayyad et al. presented
a non-trivial KDD process for identifying valid, novel, potentially useful and
ultimately understandable patterns in data, utilising computational methods.
Originally, the KDD process was defined with five stages, as follows (Figure 2):

23

selection,
pre-processing,
transformation,
data
mining
and
interpretation/evaluation (Fayyad et al. 1996).
In its extended expression, in addition to the raw analysis step, the KDD
process involves database and data management aspects, data pre-processing,
model and statistical inference considerations, interestingness metrics, complexity
considerations, post-processing of the discovered structure, visualization and
understandability, and online updating (KDD 2015).
Recent research on BAS data for knowledge discovery
Fan & Xiao (2015) presented a generic framework for knowledge discovery in
massive BAS data using DM techniques. The framework consists of four phases:
data exploration, data partitioning, knowledge discovery and post-mining. The
knowledge discovered is utilised for understanding building operating behaviours,
identifying non-typical operating conditions and detecting faulty conditions.
Ya et al. (2012) reported the development of a new methodology for examining
all associations and correlations between building operational data, thereby
discovering useful knowledge about energy conservation. The method is based on
the association rule mining technique. Firstly, daily and annual time periods should
be mined, taking full advantage of building operational data. Secondly, data from
two different years should be mined, and the associations and correlations obtained
from the two years should be compared. These results help to better understand the
building operation and provide opportunities for energy conservation.
Nowadays, buildings are becoming not only energy-intensive, but also
information-intensive. Xiao & Fan (2014) investigated the use of DM for analysing
the large data sets in BAS with the aim of improving building operational
performance. In their study, an applicable framework for mining a BAS database
was proposed. The results showed that DM techniques are valuable for knowledge
discovery in BAS databases. Nonetheless, solid domain knowledge in the building
field is still needed to apply the knowledge discovered in order to achieve better
building operational performance.
The amount of real-time monitoring and control data in BASs grows
continually in the building lifecycle. This growing trend stimulates an intense
demand for powerful big data analysis tools in BASs. Building operations are
typically dynamic and BAS data are essentially multivariate time series data. Fan
et al. (2015) presented a time series data mining methodology for temporal
knowledge discovery in big BAS data. In a summarising study, numerous time
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series data mining techniques were explored and assembled as follows: Symbolic
Aggregate approXimation (SAX), motif discovery and temporal association rule
mining. Results indicated that the temporal knowledge discovered is valuable for
identifying dynamics, patterns and anomalies in building operations, deriving
temporal association rules, assessing building system performance and spotting
energy conservation opportunities.
In summary, data mining is a useful and efficient tool for discovering the
knowledge underlying large BAS data sets. Thus, data mining techniques can be
integrated into a BAS and used for multiple purposes, including prediction,
diagnosis and optimization.
1.2.3 Home automation and IoT applications for smart homes
Home automation (HA) is the residential extension of building automation.
Generally, HA refers to the automation of a home, housework or household activity.
A home automation system may include centralized control of lighting, HVAC,
appliances, security locks of gates and doors and other useful systems, to provide
improved convenience, comfort, energy efficiency and security. The main
difference between building automation and home automation is the human
interface. In home automation systems, ergonomics and visualization play an
exceptionally important role; the control should be highly image-based and selfexplanatory (Jahn et al. 2010). In residential buildings, some of the building
automation or home automation system characteristics can be called individual
apartment home automation, even room automation, when they have the
characteristics of smart metering and control (Raatikainen et al. 2013). The
popularity of home automation and smart homes has increased greatly in recent
years, due to much higher affordability and simplicity, through smartphone and
tablet connectivity (Kovatsch et al. 2010). The popularization of home automation
has tied in closely with the concept called the “Internet of Things” (Atzori et al.
2010).
The Internet of Things (IoT) can be viewed as a highly dynamic and widely
distributed network system comprising many identifiable components that are able
to communicate and interact, either between themselves or with end-users or other
entities in the network (Miorandi et al. 2012). Today, home automation is an area
where the IoT vision has become reality. Vujovic´ & Maksimovic´ (2015) proposed
an implementation of the Sensor Web node as part of IoT using a Raspberry Pi,
which is an inexpensive, fully customizable and programmable small computer
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with support for a large number of peripherals and network communication.
Correspondingly, Korkmaz et al. (2015) presented a cloud-based scalable home
automation system that allows multiple users to control the appliances with an
Android application or through a website. For operation, the system presented had
three hardware components: a local device to transfer signals to home appliances,
a web server to store customer records and support services to the other components,
and a mobile smart device running an Android application. In addition, distributed
cloud platforms and Google services were used to support messaging between the
components.
Smart homes are residences augmented with sensors to observe the
environment, devices and actuators to provide proactive services with the goal of
improving the occupant’s living experience (Ding et al. 2011).
Research on smart homes has significantly increased in recent years on account
of their considerably improved affordability, and the simplicity of developed IoTbased devices, equipment and services. Still, the challenge is that people have
different needs and attitudes towards smart homes. Therefore, Luor et al. (2015)
studied and adopted the Kano model as a theoretical base to explore whether the
functional classifications of smart homes are attractive or necessary.
The realization of smart homes applying the use of IoT requires seamless
integration between humans, physical objects and user interactions. To
systematically evaluate user experiences such as usability, natural and intuitive
interaction between human and physical objects, and usefulness, Seo et al. (2016)
used virtual reality for the preliminary testing and pre-evaluation. User experience
was provided by the integration of egocentric virtual reality and exocentric
augmented reality.
Smart home users remotely manage resource utilization tasks and contextaware services using portable devices and mobile communication technologies.
Existing continuous authentication techniques are robust techniques to ensure the
validity of the authentication, and do not use contextual information and dynamic
user behavioural characteristics for authentications. Premarathne (2015) proposed
a novel context-aware multi-attribute continuous authentication model for secure
energy utilization management in smart homes.
To understand the risks of security in IoT environments related to the use and
potential misuse of information about homes, partners and end users, substantial
investigations are necessary. Jacobsson et al. (2016) conducted a risk analysis on a
smart home automation system developed in a research project involving leading
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industrial actors. The resulting risk analysis points to the need for a model of
security and privacy in the design phase of smart homes.
1.2.4 Smart metering, smart grids and demand response
A smart meter is an electronic device that records the consumption of electric
energy in intervals of an hour or less and communicates that information at least
daily back to the utility for monitoring and billing. The term ‘smart meter’ often
refers to an electricity meter, but it may also mean a device measuring consumption
of natural gas, district heating or water. An advanced metering infrastructure (AMI)
differs from traditional automatic meter reading (AMR) in that it enables two-way
communication between a smart utility meter with an IP address and a utility
company. AMI is a composite technology composed of several elements:
consumption meters, a two-way communications channel and a data repository
with meter data management (Gartner 2016). The goal of an AMI is that utility
companies can offer services with real-time data on power consumption and allow
customers to make informed choices about energy usage based on the price at the
time of use. AMI is seen as an important part of any smart grid initiative.
The EU aims to replace at least 80% of electricity meters with smart meters by
2020 wherever it is cost-effective to do so. The planned smart metering and smart
grids rollout can reduce emissions in the EU by up to 9% and annual household
energy consumption by similar amounts (European Commission 2016).
"The grid" refers to the electric grid, a network of transmission lines,
substations, transformers and more that deliver electricity from the power plant to
homes and businesses. Digital technology makes a grid smart. It allows for twoway communication between the utility and its customers, and the sensing along
the transmission lines is what makes the grid smart. Smart grid technologies work
with the electric grid to respond digitally to quickly changing electricity demand
(Smartgrid.gov 2016). Smart grids make it possible to better integrate renewable
energy. While the sun does not shine all the time and the wind does not always blow,
combining information on energy demand with weather forecasts allows grid
operators to better plan the integration of renewable energy into the grid and
balance their networks. Furthermore, smart grids open up the possibility for
consumers who produce their own energy to respond to prices and sell excess
energy to the grid.
Demand Response (DR) can be defined as a wide range of actions, which can
be taken at the customer side of the electricity meter in response to particular
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conditions within the electricity system. Demand response is a reduction in demand
designed to reduce peak demand or avoid system emergencies (Jacopo 2016).
Demand side management (DSM) includes both energy efficiency (EE) and
demand response. In Finland, residential demand response based on a Home
Energy Management System (HEMS) and dynamic price control is commercially
available for consumers from several electricity retailers and it is slowly increasing
in penetration and may soon reach significant quantities (Koponen 2014). In a
recent study, Honkapuro et al. (2015) investigated the potential, incentives and
obstacles of the practical implementation of the demand response in Finland. They
discovered that there is a remarkable amount of controllable loads, which could be
controlled via smart meters.
In the near future, demand side management will widely change the way people
behave and use energy. Therefore, research on smart grids and demand response is
topical. Missaoui et al. (2014) analysed a global model-based anticipative building
energy management system that manages a smart home’s electrical appliances such
as the fridge and dishwasher from a grid point of view. Zhou et al. (2015) presented
a comprehensive study of big data driven smart energy management. The study
discussed four major aspects, namely power generation side management,
microgrid and renewable energy management, asset management and collaborative
operation, as well as demand side management. Ma et al. (2016) studied the powerscheduling problem for the residential consumer demand response in a smart grid.
Researchers proposed a power scheduling strategy for residential consumers to
achieve the desired trade-off between payments and discomfort. An optimal
scheduling strategy was obtained by solving this optimization problem.
1.3

Indoor climate

People spend most of their time indoors. Therefore, the environment inside
buildings matters even more than the outdoor environment. There are four basic
elements that affect indoor climate: air, water, material and energy. These elements,
being closed circuits, also interlace with each other indoors and outdoors (IBE
2011). Indoor climate is assessed by indoor climate quality (ICQ). ICQ concerns
thermal, hygrometric and indoor air quality (IAQ) aspects in a greater entity, which
is termed indoor environmental quality (IEQ).
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1.3.1 Indoor Environmental Quality
High indoor environmental quality can not only improve the health, wellbeing and
productivity of building occupants, but also decrease costs of energy and building
maintenance. Indoor Environmental Quality (IEQ) encompasses the conditions
inside a building: thermal conditions, air quality, lighting, and ergonomics and their
effects on occupants or residents.
There is an enlarged definition for IEQ that can be represented by a basic
formula as follows:
IEQ

IAQ

ITQ

ILQ

ISQ

IOQ

IVQ,

(1)

where I is Indoor, Q is Quality, A is Air, T is Thermal, L is Lighting, S is Sound, O
is Odour, and V is Vibration. This is a comprehensive term from the field of indoor
climate engineering, representing the collective influence from the indoor
environment on the key physiological sensory systems of the human body (Bean
2016).
Concerning the stakeholders in the building sector, better indoor environmental
quality can enhance the lives of building occupants, increase the resale value of the
building and reduce liability for building owners (Coyle 2014).
The American Society of Heating, Refrigerating and Air-Conditioning
Engineers (ASHRAE) published Guideline 10-2011 to provide guidance regarding
these factors and their interactions as they affect the indoor environmental
conditions acceptable to human occupants with regard to comfort and health
(ASHRAE 2011).
For the Federation of European Heating, Ventilation and Air Conditioning
Associations (REHVA), Raimondo et al. (2012) compiled an article concerning
evaluation methods for indoor environmental quality assessment based on
EN15251. According to the article, the environmental factors that define the IEQ
are thermal comfort, indoor air quality, acoustic comfort and visual comfort. It is
almost impossible to describe the indoor environment in a building on a yearly
basis with only one indicator. It is much easier with energy, where the different
energy carriers can be converted into primary energy or CO2 emissions. Therefore,
there is no standardized method for estimating a yearly performance descriptor for
individual indoor environmental factors. The study presented some concepts for
carrying out a full-year performance evaluation of the indoor environment, inspired
by ISO EN 7730 (thermal environment) or EN15251 (thermal, indoor air quality,
light and noise).
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In Finland, during the period 2011-2015, the Indoor Environment Program,
funded by the Finnish Funding Agency for Technology and Innovation (Tekes) and
involving nearly 30 companies and 12 research organizations, created solutions that
promote the productivity, comfort and health of the space user in an ecologically
sustainable way. The focus areas were user-centric spaces, energy-efficient
management, revenue models for good indoor environments, and the design and
implementation of inspiring learning environments (RYM Oy 2015). Particularly,
in office workspaces, acoustic privacy is the major problem rather than ventilation
noise (Varjo et al. 2015). A decrease in cognitive performance and environmental
satisfaction is caused by human voices, particularly highly intelligible speech. The
term “performance” describes the result of work output assessment better than the
traditional “productivity”.
Recent research on IEQ
Fisk (2015) reviewed the potential health consequences of changes in climate that
affect indoor environments on residential environments in the U.S. and Europe. In
summary, changes were identified to buildings, or to building operations, that could
reduce the adverse health effects of climate change. The health effects of particles
from wildfires could be reduced by improved particle filtration systems.
Furthermore, some of the suggested measures will reduce building energy use and
the associated emissions of greenhouse gases.
Almeida & de Freitas (2014) published a study assessing the impact of
retrofitting on the indoor environmental quality of school buildings in a Southern
European climate. The methodology used included the in-situ measurement of
temperature, relative humidity, carbon dioxide concentration and ventilation rates,
and a total of 24 classrooms of 9 school buildings (2 non-retrofitted and 7 recently
retrofitted) were studied by means of long-term monitoring with three measurement
campaigns: winter, mid-season and summer conditions, each with a duration of
three weeks. The results confirmed that non-retrofitted schools needed to improve
their indoor environmental conditions. Correspondingly, in retrofitted buildings,
mechanical ventilation systems were not being used, with important consequences
on the indoor air quality. Ventilation strategies based on demand-controlled
ventilation, including natural and mechanical contributions, could be a
recommended solution to guarantee a compromise between the IAQ and the
economic costs of ventilation systems.
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A study by Ghita & Catalina (2015) coupled the indoor environmental quality
in countryside schools with energy efficiency. A detailed investigation took place
in three different types of rural schools: old, new and renovated. The IEQ
assessment covered the period from autumn 2013 to spring 2014 and included both
long-term measurements and spot recordings. The results showed that, in terms of
indoor air quality, all three buildings performed poorly. In fact, the new and
renovated buildings ranked C class on the IEQ index scale and class A from an
energy consumption point of view, whereas the old building was rated D class (IEQ)
and C class (EE). This demonstrated that high-energy consumption in the case of
the old school did not result in better comfort conditions despite their inverse
correlation.
1.3.2 Indoor Climate Quality
Indoor climate quality (ICQ), concerning thermal, hygrometric and indoor air
quality aspects, strongly influences wellbeing in buildings and productivity in
working and educational environments and the related energy costs to maintain
suitable comfort conditions (Corgnati & da Silva 2011). The evaluation of indoor
climate quality plays an important role in the quality certification of a building’s
energy performance. The indoor climate experienced is a personal matter. An
individual’s indoor climate experience is an interaction of several factors affecting
thermal comfort: ambient air and surface temperature, relative air velocity and air
humidity, activity level including the body’s heat production and heat resistance of
clothing.
In this subsection, the focus is on thermal comfort and hygrometric aspects,
and in the next subsection the aspect of indoor air quality is considered in more
detail.
Thermal Comfort
Thermal comfort is the condition of mind that expresses satisfaction with the
thermal environment. It is assessed by subjective evaluation, according to
ANSI/ASHRAE Standard 55. One of the important goals of heating, ventilation
and air conditioning design engineers is to maintain this standard of thermal
comfort for occupants of buildings or other enclosures.
There are two main thermal comfort models: the static model PMV/PPD, and
the adaptive comfort model. The whole body thermal sensation PMV/PPD model
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predicts the thermal sensation as a function of activity, clothing and the four
classical thermal environmental parameters: air temperature, mean radiant
temperature, air velocity and humidity (Fanger 1970, Fanger & Toftum 2002). The
model results of PMV/PPD describe the expected percentage of dissatisfied (PDD
= Predicted Percentage Dissatisfied) as a function of the thermal comfort
experienced (PMV = Predicted Mean Vote). Accordingly, an ideal indoor climate
is produced when an individual experiences thermal comfort, i.e. when a person is
thermally neutral. However, people perceive the environment differently. There
will always be about 5% dissatisfied. The percentage of those dissatisfied then
increases for each degree of variance from the average person's most ideal
temperature. ASHRAE Standard 55 uses the PMV model to set the requirements
for indoor thermal conditions. It requires that at least 80% of the occupants be
satisfied (ANSI/ASHRAE Standard 55-2013 2013).
The adaptive comfort model is based on the idea that the outdoor climate
influences indoor comfort, and on humans’ ability to adapt to variable temperatures
during different times of the year. The adaptive hypothesis predicts that contextual
factors (control and thermal history) influence building occupants' thermal
expectations and preferences (de Dear & Gail 1998). The chart of adaptive comfort
model concerning indoor comfort temperature as a function of prevailing outdoor
temperature defines zones of 80% and 90% satisfaction.
The static PMV model can be applied to air-conditioned buildings, and the
adaptive model can be generally applied only to buildings with no mechanical
systems installed. The adaptive model can also be applied to buildings with
mechanical ventilation systems without cooling. However, there is no consensus
about which comfort model should be applied for buildings that are partially airconditioned spatially or temporally. Concerning the standardization of thermal
comfort, in addition to ASHRAE Standard 55, there are other comfort standards
like EN 15251 (CEN 2007) and the ISO 7730 standard (Olesen & Parsons 2002).
In Finland, the New Housing Health Act (Asumisterveysasetus 545/2015) came
into effect on 15th May, 2015 (STM 2015a). The new act is supported by Finnish
Asumisterveysohje 2003 in which the guideline value for indoor temperature is
21°C and correspondingly, for relative humidity, the guideline is 20-60% during
the heating season (STM 2003).
Thermal comfort is usually considered in terms of the body as a whole, but
thermal dissatisfaction may also occur just for a particular part of the body, due to
local sources of unwanted heating, cooling or air movement (ISO/FDIS 7730 2005).
In local thermal discomfort, according to the ASHRAE 55-2013 standard, there are
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four main causes of thermal discomfort to be considered: asymmetric thermal
radiation, vertical air temperature difference, floor surface temperature and draught.
Air temperature, mean radiant temperature and operative temperature
The air temperature is the average temperature of the air surrounding the occupant,
with respect to location and time (the spatial average and temporal average
according to the ASHRAE 55 standard).
The radiant temperature is related to the amount of radiant heat transferred
from a surface. It is dependent on the material’s ability to absorb or emit heat, or
its emissivity. The mean radiant temperature depends on the temperatures and
emissivities of the surrounding surfaces, the view factor or the amount of the
surface that is “seen” by the object.
The operative temperature is an approximate mean value of the temperature of
the surrounding room surfaces and the room air temperature. Thereby, the operative
temperature attempts to combine the effects of air and mean radiant temperatures
in a single metric. Since different room surfaces such as windows, exterior walls,
interior walls, floors and ceilings have different and varying temperatures and
orientation in the room, the operative temperature can also vary in different
directions (Swegon 2014). In buildings with low thermal mass, the operative
temperature is sometimes considered to be simply the air temperature.
Air velocity
Air velocity is defined as the rate of air movement at a point, without regard to
direction. According to ANSI/ASHRAE Standard 55, it is the average velocity of
the air exposed to a body, with respect to location and time. The air velocity has an
impact on the perceived indoor climate by the interaction between air temperature
and air velocity. The relationship between these two variables can be described as
follows: the colder it is in a room, the lower the air velocity that can be tolerated and
vice versa, i.e., a higher air velocity can be accepted if the temperature is higher. In the
winter, it is preferable that the air velocity in the occupied zone does not exceed 0.15
m/s. In the summer, the corresponding velocity should not exceed 0.25 m/s. ISO 7730
demonstrates this relationship through a so-called draught-rating (DR) index, a ratio
that is made up of air velocity, turbulence intensity and air temperature (Swegon 2014).

33

Relative humidity
Relative humidity (RH) is the ratio of the partial pressure of water vapour to the
equilibrium vapour pressure of water at the same temperature. Thus, relative
humidity depends on temperature and pressure. In terms of the comfort experienced,
air humidity is the parameter that normally has the least effect on it. However,
moisture in the air can be a troublesome factor during the summer if the capacity
of the chiller to dehumidify the supply air is insufficient (Swegon 2014).
Recent research on ICQ
Concerning the operative temperature, two recent studies are worth mentioning.
Wang et al. (2015) studied the appropriate indoor operative temperature that
satisfies the requirements of sleep thermal comfort. In the study, the thermal
sensation vote (TSV) and thermal comfort vote (TCV) of pre-sleep, post-sleep and
bed microclimate were investigated simultaneously. The results indicated that the
thermal neutral temperature of pre-sleep and post-sleep TSV was 18.3 °C. Maivel
& Kurnitski (2015) used a detailed dynamic simulation to develop operative
temperature and temperature variation corrections for the EN 15316-2 heat
emission standard, in order to enable a fair comparison of heat emitters providing
equal thermal comfort for occupants.
Concerning indoor thermal comfort and building energy efficiency, four recent
studies are relevant. Mustakallio et al. (2016) compared the thermal environment
in a double office room and in a six-person meeting room under summer (cooling)
conditions. The rooms were equipped with a chilled beam (CB), chilled beam with
radiant panel (CBR), chilled ceiling with ceiling installed mixing ventilation
(CCMV) and four desk partition-mounted local radiant cooling panels with mixing
ventilation (MVRC). The results of the survey revealed that the differences in the
thermal conditions achieved with the four systems were not significant. Calvino et
al. (2010) presented a new PID-fuzzy controller, and found that the application of
this controller resulted in lower costs of energy input and lower deviation from the
set point of PMV. Ferraira et al. (2012) used a discrete model-based predictive
control methodology resulting in the maintenance of thermal comfort and on the
minimization of energy use. Energy savings resulting from the application of the
method were estimated to be greater than 50%. Furthermore, Lehmann et al. (2013)
used a promising method based on Model Predictive Control (MPC) to achieve
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energy savings through improved control by means of Integrated Room
Automation (IRA) for office buildings.
1.3.3 Indoor Air Quality
Indoor air quality (IAQ) represents a substantial part of indoor environmental
quality (IEQ) and indoor climate quality (ICQ). It refers to the air quality within
and around buildings and structures, especially when it is related to the health and
comfort of the building occupants. The IAQ may be affected by gases, particulates,
microbial contaminants, or any mass or energy stressor that can induce adverse
health conditions. In most buildings, the primary methods for improving indoor air
quality are source control, filtration, and the use of ventilation to dilute
contaminants.
During the late 1970s and early 1980s, increasing public concern and a growing
scientific understanding of indoor air pollution problems resulted in the passage of
the Radon Gas and Indoor Air Quality Research Act of 1986. Then, for the first
time, the United States Environmental Protection Agency (EPA) established a
formal programme of radon and indoor air quality research. In 1989, the EPA issued
a report to the U.S. Congress on IAQ and radon (GAO 1999). In the early days,
research concentrated on indoor air pollution (IAP), harmful health effects, and
concerns over reduced ventilation for energy conservation (Samet et al. 1987,
Pasanen et al. 1998, Wolkoff 2013). Smith & Mehta (2003) categorized IAP
sources worldwide into three major pollutant types, as follows:
–
–
–

Organic and inorganic compounds (household products, building materials,
combustion residues, fuel constituents and tobacco combustion),
Particles (solid fuel, tobacco smoke, combustion particles, secondary organic
aerosols), and
Biological particles (mouldy wood, vegetable matter, moisture damage in
building structures, dirty ventilation systems).

The IAQ parameters like carbon monoxide, carbon dioxide and volatile organic
compounds (VOCs) from building materials and furniture exist in indoor air, and
can be taken account of by controlling and operating HVAC systems in buildings.
Furthermore, monitoring of these parameters has become more affordable and more
reliable. The development of novel data logging units, data acquisition systems and
effective processing of large databases has allowed the switching from spot
recording to long-term continuous measurement, which can give a more
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comprehensive understanding of indoor phenomena and exceptional situations than
single or short- time measurements (Skön et al. 2012).
Carbon dioxide
Carbon dioxide (CO2) is a colourless and odourless gas. It is a product of the
respiration of all aerobic organisms. Outdoors, carbon dioxide exists in the Earth's
atmosphere as a trace gas at a concentration of about 0.04 percent (400 ppm) by
volume. Indoors, the concentration of carbon dioxide is commonly used as an
indicator of ventilation and indoor air quality. A generally recommended level for
carbon dioxide concentration in indoor air is below 1000 ppm, which is the limit
set by the ASHRAE as a standard value (Škrjanc & Šubic 2014). With respect to
body odours, maintaining a CO2 concentration of below 1000 ppm usually leads to
acceptable air quality (Apte et al. 2000). For CO2 levels, there are also international
recommendations, European (EC 2008), and national guideline values (MSAH
2003, Du et al. 2015). Indoor air quality can be described by means of CO2 levels
according to the Finnish Classification of Indoor Climate 2008 based on standard
EN 15251 in three categories, as follows (RT 07-10946 2008, CEN 2007): S1 (ppm
≤ 750) termed “individual” and described as very good, S2 (750 < ppm ≤ 900)
termed “comfortable” and described as good, S3 (900 < ppm ≤ 1200) termed
“satisfactory”and described as satisfactory. A publication of the Finnish Ministry
of Social Affairs and Health (MSAH 2003) defines indoor CO2 values of below
1500 ppm as acceptable. However, the range of 1200 < ppm ≤ 1500 can be
described as unsatisfactory. Values above 1500 ppm can be described as
unacceptable and ventilation should be intensified.
Volatile Organic Compounds
The volatile organic compounds VOCs are chemicals that include carbon and
evaporate at room temperature. Many materials commonly used in buildings, such
as paints, thinners, gasoline-powered machinery, building materials and furniture
together with cleaning chemicals and cigarette smoke, contain VOCs. Total VOC
(TVOC) is used as a measure of the concentration of air pollution and indicator of
the health risk in non-industrial buildings (Andersson et al. 1997). At present, the
available data do not allow the establishing of thresholds for TVOC (Report 19
1997); there are no standards for VOCs in non-industrial settings. Concerning the
TVOC concentration in office work environments, the Finnish Institute of
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Occupational Health uses a reference value of more than 250 μg/m3 to identify
indoor environmental problems (TTL 2014). The lower the TVOC concentration in
indoor air, the lower the risk that compounds will have an adverse effect on
occupants’ health and comfort (Oppl & Neuhaus 2008).
The presence of VOCs in indoor air is associated with adverse health effects
such as sensory irritation, odour and the more complex symptoms known as Sick
Building Syndrome (SBS).
Sick Building Syndrome
Sick building syndrome (SBS) describes situations in which building occupants
experience acute health issues and discomfort. These effects appear to be linked to
the time spent in a building, but no specific illness or cause can be identified. SBS
is recognized by the World Health Organization (WHO) as a group of symptoms
that have no clear etiology and are attributable to exposure to building variables
like indoor air quality, lighting, noise and psychological effects (Mendes & Teixeira
2014).
Particulate matter
Particulate matter (PM), also known as particulates, is microscopic solid or liquid
matter suspended in the Earth’s atmosphere. In contrast, the term aerosol usually
refers to a mixture of particulates and air, as opposed to particulate matter alone.
More specifically, an aerosol is a colloid of fine solid particles or liquid droplets,
in air or another gas. Sources of particulate matter can be natural or man-made, and
they have impacts on climate and precipitation that adversely affect human health.
The health effects of inhaling particulate matter include asthma, lung cancer,
cardiovascular disease, respiratory diseases, premature delivery, birth defects and
premature death. Concerning the particle sizes, coarse particles with a diameter of
10 micrometres or less are termed PM10, and fine particles with a diameter of 2.5
micrometres or less are known as PM2.5. Regulations for these particle sizes exist
worldwide, on a European level, and nationally in Finland. European air quality
standards include daily average (24-hour) limits for PM10 50 µg/m3, but no value
for PM2.5 (EC 2005). According to the Finnish Act, the PM10 concentration in
indoor air is also allowed to be a maximum of 50 µg/m3, and for PM2.5 the new
limit is 25 µg/m3 (STM 2015b).
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Recent Research on IAQ
Carrer et al. 2015 examined whether the available epidemiological evidence
provides information on the link between outdoor air ventilation rates and health,
and whether it can be used for regulatory purposes when setting ventilation
requirements for non-industrial built environments. They found that the available
data do not provide a sound basis for determining specific outdoor air ventilation
rates that can be universally applicable in different public and residential buildings
to protect against health risks.
Olesen 2005 focused on the development of standards for the indoor thermal
environment. On the international level, ISO (International Organization for
Standardization), CEN (European Committee for Standardization) and ASHRAE
(American Society of Heating, Refrigerating and Air-Conditioning Engineers)
write and review standards related to the indoor environment on a regular basis.
However, there is a need for a long-term evaluation method for the indoor
environment. Additional critical issues include adaptation, the effect of increased
air velocity, humidity, and type of indoor pollutant sources.
In ventilation system dust, industrial mineral fibres may occur. The fibres
originate from insulation-type construction jobs, damaged or uncoated silencers, or
to a lesser extent, glass fibre filters. According to the analysis responses of the
Finnish Institute of Occupational Health, the average fibre concentration intake for
use in supply air ducts has varied from 10 to 30 fibres / cm2 (Työterveyslaitos 2013).
The results obtained so far seem to indicate that the fibre concentrations in
ventilation systems tend to be small (less than 1 pc / m³). However, fibre
concentrations taken from room surfaces in the same buildings have exceeded the
recommended limit of 0.2 pc / cm². In addition to the ventilation system, another
fibre source is suspected to be the sound absorbers on suspended ceilings
(Sisäilmayhdistys 2016).
Hesaraki et al. 2015 studied the influence of different ventilation levels on
indoor air quality and energy savings in a detached house in Sweden,
experimentally and analytically. The house had an exhaust ventilation system with
a range of air flow rate settings. Four ventilation levels were used to find
appropriate ventilation rates regarding CO2, RH and temperature as indicators of
IAQ. Measurements showed that, at a very low ventilation rate, the CO2
concentration reached over 1300 ppm, showing an unacceptable IAQ, compared to
the commonly referenced threshold of 1000 ppm.
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1.4

Artificial and Computational Intelligence

Artificial intelligence (AI) is the intelligence exhibited by machines or software.
Artificial intelligence and computational intelligence (CI) seek a similar long-term
goal: trying to reach general intelligence, which is the intelligence of a machine
that could perform any intellectual task like a human being. According to Bezdek
1994, computational intelligence is a subset of artificial intelligence, but there is a
clear difference between them. AI is based on hard computing techniques and CI is
based on soft computing methods, which enable adaptation to many situations.
Hard computing techniques (crispy) work following a binary logic, working with
only two values (0 or 1). However, our natural language cannot always be translated
easily into absolute terms of 0 and 1. In these cases, soft computing (fuzzy) is
needed. In fuzzy systems, i.e. CI, each element can be given a degree of
membership (from 0 to 1), and not exclusively one of two values as in crispy
systems (Pfeifer 2013).
When dealing with big data or smaller data sets, it is common to have no idea
of what you are looking for. Computational methods provide a solution for this
problem with useful information, and using adaptive, learning or evolutionary
computation to create intelligent programs, at least in some sense. CI presents
methods with synergies of fuzzy systems, neural networks and evolutionary
computing (Lu et al. 2007, Siddique & Adeli 2013).
Machine learning is the common term for supervised learning methods, and it
originates from artificial intelligence. Machine learning explores the study and
construction of algorithms that can learn from and make predictions based on data
(Kohavi & Provost 1998). These algorithms operate by building a model from
example inputs in order to make data-driven predictions or decisions (Bishop 2006).
Furthermore, machine learning is closely related to computational statistics.
Pattern recognition is a branch of machine learning. It focuses on the
recognition of patterns and regularities in data (Bishop 2006). In many cases,
pattern recognition systems are trained from labelled training data (supervised
learning). However, when labelled data are not available, other algorithms can be
used to discover previously unknown patterns (unsupervised learning). A
classification algorithm is an example of supervised algorithms for predicting
categorical labels, and a clustering algorithm is an example of unsupervised
algorithms. Data mining and knowledge discovery in databases have a strong focus
both on supervised and unsupervised methods.
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1.5

Research problems

This thesis investigates continuous measurements both outdoors and indoors,
namely weather conditions, measured variables describing indoor climate and
energy consumption figures, data collection, intelligent knowledge discovery
including data mining, data analysis and evaluation, also the deployment of this
knowledge achieved to provide added value for indoor climate research, building
users, real estate managers, designers, property owners and decision-makers. The
main research material comes from school buildings but also other kinds of
buildings are considered. The outdoor parameters used are as follows: outdoor
temperature, relative humidity, wind speed and barometric pressure.
Correspondingly, the indoor parameters employed are indoor temperature, relative
humidity, carbon dioxide, carbon monoxide, differential air pressure and volatile
organic compounds. In addition, energy consumption readings including electric
energy, district heating and water were analysed to find out how energy
consumption affects indoor climate quality and also how it describes the energy
efficiency of buildings. The measurements with parameters mentioned above were
selected to describe how outdoor weather conditions and building energy
consumption relate to indoor climate quality for assessing and enabling the
provision of healthy, comfort and energy-efficient indoor conditions in homes and
public buildings. The hypothesis is that sufficient negative pressure and ventilation
rate provide a comfortable and healthy indoor climate. Part of the building energy
consumption is used to operate the ventilation system. In public buildings, this
proportion is considerable, taking into account the climate conditions in the
northern hemisphere.

40

The main research problem, also called the zero level big question, is: How
can an intelligent knowledge discovery process provide added value for the
building energy efficiency and indoor climate research? Furthermore, the main
research problem is divided into four sub-questions; 1) what is the knowledge
discovery (KDD) process in energy efficiency and indoor climate research? 2) what
is building energy efficiency and indoor climate quality analysis? 3) what is the
added value of the above-mentioned analysis and how can it be exploited? and 4)
what is the state of the art in the above-mentioned survey and how is its novelty
manifested in this thesis? These sub-questions approach the main research question
from various factors and aspects, and thus comprise the total objective of describing
the main research question of providing added value for state-of-the-art building
energy efficiency and indoor climate research.

Fig. 3. Perspective of research problems.

In addition, the main research problem is explored by means of the four subproblems discussed in the four original publications presented in Figure 3. The first
sub-problem concerns the implications of outdoor weather conditions and
differential air pressure on indoor climate quality in buildings. The results and
conclusions of original publication I explain the relationship of these parameters
and the phenomena that occurred. The second sub-problem concerns the
implications of energy consumption on indoor climate quality. The clustering
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procedure of original publication II describes multiple situations regarding how
different consumption states of electric energy and district heating affect indoor
climate factors. Research sub-problem number three (how to evaluate indoor air
quality based on carbon dioxide and volatile organic compound concentrations) is
answered in original publication III by means of statistical analysis methods
supplemented with a questionnaire that was answered by school pupils. The fourth
sub-problem (how energy consumption describes the energy efficiency of buildings)
is handled in original publication IV by data analysis concerning hourly
consumption costs of electric energy and district heating.
Overall, this thesis considers how to interpret and exploit the results of
continuous measurements and knowledge discovery for many relevant reference
groups of actors in the building sector.
1.6

Aims of the thesis

The main aims of this thesis are to study which elements affect indoor climate
quality, how energy consumption describes the building energy efficiency, and to
analyse the measured data using intelligent computational methods and present the
technology and methods behind them. The data acquisition technology used in the
studies of this thesis relies heavily on building automation systems, big data, and
on the concept of IoT.
One overall theme and the first aim of this thesis is to present the KDD process
and contemplate its structure and the phases used in the data refinement process,
and knowledge deployment towards applications. The second aim is to disseminate
knowledge and information to the stakeholders of the building sector. In
dissemination, the focus is on the novelty of state-of-the-art intelligent analysis
methods and procedures of long-term measurements combined with big data. Also,
the benefits of smart metering and monitoring outdoor and indoor conditions of
buildings are highlighted.
Finally, an additional aim is to encourage researchers and companies to exploit
data to develop new innovative products, for example, data-driven embedded
intelligent sensors to measure indoor climate quality and energy consumption.
Furthermore, in this thesis the focus is on the state-of-the-art applications of
intelligent computational methods, rather than on the theoretical issues of the
algorithms behind the methods.
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1.7

The author’s contribution

The publications of this thesis originate from several research projects carried out
mainly at the Department of Environmental Science, University of Eastern Finland
(formerly the University of Kuopio) during 2008-2013. The author has had a major
role in each publication. The author’s contribution in each publication is described
below.
In original publication I, the author was responsible for interpreting the results
achieved, for writing the paper and was the main author. Jukka-Pekka Skön was
responsible for designing the analysis operation, assisted with the writing process
and produced the results together with Markus Johansson, who gave assistance with
the numerical calculations. Kauko Leiviskä and Mikko Kolehmainen had
supervisory roles.
In original publication II, the author was responsible for writing the paper and
was the primary author, and was also responsible for interpreting the results and
conducting the interpreting task. Jukka-Pekka Skön was responsible for designing
the computational analysis procedure, supervised the writing process and produced
results together with Markus Johansson, who performed the numerical calculations.
Kauko Leiviskä and Mikko Kolehmainen had a supervisory role.
In original publication III, the author was responsible for designing the content
of the research paper and producing the research results together with Jukka-Pekka
Skön. Additionally, the author was responsible for interpreting the results and
conducted the writing process assisted by Jukka-Pekka Skön. Mari Turunen
delivered the questionnaire material, assisted with the result interpretation and
writing the results and conclusions concerning the occupant questionnaire. Kauko
Leiviskä and Mikko Kolehmainen had a supervisory role.
In original publication IV, the author performed feature extraction including
data mediation and pre-processing. The author was responsible for writing the
article and generating the results and analysis together with the main producer
Jukka-Pekka Skön. Kauko Leiviskä came up with the main idea for this publication
and did great background work by writing the preliminary draft for the literature
review. Mikko Kolehmainen had a supervisory role.
1.8

The structure of the thesis

Chapter 1 presents an introduction to the doctoral dissertation, the perspective of
the research problems and the aims of the thesis, the author’s contribution and the
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structure of the thesis. Chapter 2 describes the monitoring environments and data
of the original publications concerning indoor climate and energy consumption
measurements. Chapter 3 introduces the data pre-processing phases and the
computational methods used in original publications. The main results achieved are
presented in Chapter 4. Discussion and ideas for future work are presented in
Chapter 5. Finally, conclusions concerning building energy efficiency, indoor
climate quality, as well as the applicability of the methods used in the original
publications, are presented in Chapter 6.
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2

Monitoring environments and data

There exist many similarities in the original publications concerning measuring
consumptions and indoor variables using long-term monitoring,. In order to
summarise these similarities in a comprehensive way, the information is presented
in Table 1. Firstly, the monitoring has been conducted in detached houses and in
school buildings mostly using the ASTEKA monitoring system developed by the
Research Group of Environmental Informatics at the University of Eastern Finland
(Skön et al. 2011). Secondly, the most measured indoor parameters were
temperature (T), relative humidity (RH) and carbon dioxide (CO2). Finally, the
consumption figures analysed were comprised of the district heating and electric
energy of a detached house and six school buildings.
Table 1. Measurement information of the original publications. Abbreviations in the
table stand for: T = Temperature, RH = Relative humidity, BP = Barometric pressure, WS
= Wind speed, WD = Wind direction, LP = Liquid precipitation, CO2 = Carbon dioxide,
CO = Carbon monoxide and DAP = Differential air pressure (pressure difference over
the building envelope).
Publication

I

Building type /

Measurement

Number of buildings

system

Detached house / 1

Period

Outdoor

Indoor

Consumption

–

ASTEKA

2 months

T

T

Monitoring

29/08/2010

RH

RH

system

01/11/2010

BP

CO2

WS

CO

WD

DAP

LP
II

III

IV

Detached house / 1

Schools / 2

Schools / 6

ASTEKA

14 months

T

District

Monitoring

01/10/2010

RH

heating

system

23/12/2011

CO2

Electric

ASTEKA

8 months

Monitoring

10/11/2011

system

12/07/2012

–

–

CO

energy

DAP

(Water)

CO2

–

TVOC

Smart

1 month

metering by

23/11/2011

heating

the energy

23/12/2011

Electric

utility

–

–

District

energy
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2.1

Buildings and monitoring

The two detached houses studied were situated in Kuopio, Finland. The sensor
setup and measurement equipment were drawn up using cabling wired during the
construction period of the houses. Correspondingly, the schools monitored were
also situated in Kuopio. Because of the need to retrofit the indoor sensors in existing
school buildings of various ages, an advanced wireless sensor network was used
(Skön et al. 2012). An overview of the ASTEKA monitoring system used in the
measurements is presented in Figure 4.

Fig. 4. Overview of the ASTEKA monitoring system (modified from Skön et al. 2012).

The indoor climate quality parameters measured were the concentration of carbon
dioxide (CO2), carbon monoxide (CO) and total volatile organic compounds
(TVOC), temperature (T), relative humidity (RH), differential air pressure (DAP),
number of particles of two sizes (1 and 5 microns and above) and information on
occupancy. The outdoor parameters measured were temperature, relative humidity,
barometric pressure (BP), wind speed (WS) and direction (WD), and liquid
precipitation (LP). Energy consumption measurements consisted of electric energy,
district heating, and water consumption figures. Additionally, the values of valve
opening percentages (control signal) were recorded from the heating controller. The
control link possesses the option to control the automation devices in the building,
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for example the heating curve of the heating controller is based on the indoor
temperature. Information of the commercially available data acquisition and
transfer unit, indoor and outdoor sensors as well as heating control unit linked to
the ASTEKA monitoring system is presented in Table 2.
Table 2. Information of commercially available devices linked to the ASTEKA
monitoring system.
Manufacturer and model

Parameter/Specification

Unit

Digi International Inc.,

WAN connectivity via cellular

Digital

ConnectPort X4

interfaces: 2G/3G GSM, EDGE,

Data acquisition unit

HSPA/HSPA+, and CDMA-1xRTT
Indoor sensors
E+E Elektronik G.m.b.H., EE80

Temperature, relative humidity

°C, %, ppm

and carbon dioxide
Tongdy Control Technology Co.,

Carbon monoxide

ppm

Volatile organic compounds

ppm

Differential air pressure

Pa

Ltd., F2000TSM-CO-C101
Tongdy Control Technology Co.,
Ltd., TSM-VOC-L100
Dwyer Instruments Inc., Dwyer
MS-221
Dylos Corporation, DC1100-PC

Laser particle counter

Number of 1 and 5 microns and
above per cubic foot of air

IR-TEC International Ltd., OS-550 Occupancy sensor

Form C (Nc/No)

Kamstrup A/S, Multical® 601

l, kWh, kWh

Water, heat and electricity
consumption

Aktif Enerji Insaat Sanayive

Heat and electric energy

Ticaret Ltd., Co., BSC1111

consumption

kWh, kWh

Outdoor sensors
Vaisala Ltd., WXT520

Temperature, relative humidity,

°C, %, Pa, m/s, °, mm

barometric pressure, wind speed,
wind direction, liquid precipitation
E+E Elektronik G.m.b.H., EE21-

Temperature and relative humidity °C, %

FT3A26/T02
Heating controller
Ouman Oy, OUMAN® EH-302

Control of 2 heating circuits and 1 Digital

controller

hot water circuit simultaneously

Regardless of the tried and tested technology (ZigBee 2016) used in data transfer
from sensors to data acquisition unit, some significant challenges were recognized
during the measurement periods. Indoors, problems were identified with the radio
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reception range due to various construction materials, and radio signal attenuation
caused by people moving indoors. In the future, attention should be paid to sensor
sensitivity and long-term drift as well as choosing the right measurement frequency
(Skön et al. 2013a).
2.2

Measurements, data transfer, storage, and viewing

Using the ASTEKA monitoring system in the buildings studied in publications I,
II, and III, the actual measurements, data collection, pre-processing and transfer via
the Internet were carried out using indoor and outdoor sensors connected to
combined data acquisition and transfer unit. The commercially available unit was
loaded with self-made Python-coded data collection, pre-processing, buffering and
transfer software (Python 2016). More specifically, the unit contained four software
components: 1) a data collection component, 2) data pre-processing component
calculating, e.g. time period averages, 3) buffering component having the ability to
save measurements for possible failures in data transfer communication, and 4) data
transfer component connected to the Internet either wirelessly via a 3G connection
or by Ethernet. Further, for control purposes, the developed software allowed the
modification of the control curve of the heating controller utilising the attributes
measured. The server received JSON format data (JavaScript Object Notation)
messages from the data transfer unit and saved them in a database located at the
University of Eastern Finland. In fact, despite its name, JSON is an open standard
and a language-independent data format that uses human-readable text to transmit
data objects consisting of attribute–value pairs. For an overview of the
measurements, not only the researchers but also the end users had the opportunity
to view the measurements through a web application.
As described in original publication IV, the hourly energy consumption data
was received from the local energy utility, Kuopion Energia. Smart metered electric
energy figures in kWh and district heating figures in MWh were acquired
separately for every school studied. Originally, this data material was studied
preliminarily by clustering the costs of electric energy and heating consumptions
(Raatikainen et al. 2012).
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3

Data pre-processing, computational methods
and result interpretation

3.1

Data pre-processing

In the data mining process, data pre-processing is an important step. This is because
analysing data that has not been carefully screened for common problems (loosely
controlled data-gathering methods resulting in out-of-range values, impossible data
combinations and missing values) may produce misleading results. Moreover, the
pre-processing phase cannot be carried out completely automated or blindly due to
the fact that the connection between the expected phenomenon and measurements
is not always pronounced. Hence, the quality of data and its representation comes
first and foremost before an analysis is run (Pyle 1999).
Data preparation and filtering steps can take a considerable amount of
processing time. However, it is worth performing them thoroughly. Knowledge
discovery during the training phase turns out to be more difficult if there is a lot of
irrelevant and redundant information present or the data are noisy and unreliable.
Data pre-processing includes for example cleaning, normalization, transformation,
feature extraction and feature selection. The final training set is the product of data
pre-processing. Kotsiantis et al. (2006) present the most well known algorithms for
each step of data pre-processing so that the best performance is achieved for the
data set. The presentation covers instance selection and outlier detection, missing
feature values, discretization, data normalization and feature construction
algorithms.
For typical cases in data pre-processing, Han et al. (2011) present the following
procedures:
–

data cleaning (filling the missing values, smoothing noisy data, identifying
outliers and correction of inconsistencies),
– data integration (the merging of data from multiple data sets),
– data
transformation
(smoothing,
aggregation,
generalization,
normalization and attribute construction), and
– data reduction (dimensionality reduction, numerosity reduction and
discretization).
Several data pre-processing methods were used in the original publications of this
thesis: data cleaning by removing outliers, missing data imputation, data
transformation by variance scaling, feature extraction by adding attributes,
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generalization by averaging and data merge. The pre-processing methods used in
the original publications are presented in Table 3.
Table 3. Processing methods used in original publications.
Publication
I

Original data matrix
Rows

Variables

18731

14

Pre-processing
Outliers

Final data matrix
Rows

Variables

14837

14

removed

Methods
Statistical
methods

Variance

SOM

scaling

K-means
Davies-Bouldin
index

II

541200

4

Outliers

3785743

14

removed

8445

19

Statistical
methods

Attribute

SOM

conversion

K-means

Hourly

Davies-Bouldin

averaging

index

Data merge

Sammon’s

Variance

mapping

scaling
III

1463616

35

Outliers

5903

35

Statistical

removed

methods

Hourly

Questionnaire

averaging
Data merge
IV

840

30

Missing-data
imputation

742

37

Statistical
methods

Attributes

SOM

added

K-means

Attribute

Davies-Bouldin

conversion

index

Data merge

Sammon’s

Variance

mapping

scaling

Data cleaning methods were used in original publications I, II, and III. These
procedures meant the identification of outliers and measurement errors and their
removal. In original publication IV, missing data imputation methods were needed
to generate missing consumption values. The reasons for the reduced number of
rows after pre-processing are mainly due to removal of outliers, and particularly
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hourly average calculation. In publications I, II and IV, data transformation was
made using variance scaling. In variance scaling, the data vectors are linearly scaled
to have a variance equal to one, as follows:
′

/

,

0,

(2)

where is the average of values in vector , and
denotes the standard deviation
of those values. Variance scaling equalizes the effect caused by variables having a
different range in the data. Moreover, it reduces the effect of possible outliers still
in the data.
Due to limited computing power and the large amount of data, data reduction
is usually one of the aims in data pre-processing. In publications I, II and IV, a selforganizing map (SOM) was used in data size reduction before clustering with the
K-means algorithm. Statistical methods were used in publications II and IV to
visualize the results with curve charts, histograms and box-plots.
3.2

Dimension reduction

Dimension reduction methods are widely used in machine learning and in statistics.
Dimension reduction is the process of reducing the number of random variables
under consideration. According to another description, dimension reduction is the
mapping of data to a lower dimensional space so that a subspace in which the data
lives is detected, or so that uninformative variance in the data is discarded (Burges
2010). Dimension reduction can offer some advantages, such as:
–
–

reducing the time and storage space required,
improving the performance of the machine learning model by removal of
multi-collinearity, and
– making it easier to visualize the data when reduced to very low dimensions
such as 2D or 3D.
Dimension reduction can be divided into feature selection and feature extraction
techniques.
3.2.1 Feature selection methods
Feature selection is the process of selecting a subset of relevant features (variables,
predictors) for use in model construction. Generally, feature selection techniques
are used for three reasons:
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– simplification of models for easier interpretation,
– shorter training times, and
– better generalization by reducing model over-fitting.
One of the main problems in modelling is choosing the most relevant variables, i.e.
selecting the features that describe the modelling problem adequately and fulfil the
accuracy requirements. Particularly in data-driven models, the selection of the
correct input variables to present a modelling problem is essential, because noisy
or irrelevant input variables may disturb the training process, lead to an overcomplex model structure and poor generalization power. Moreover, omission of
relevant input variables leads to an inaccurate model, where part of the output
behaviour remains unexplained by the selected input variables.
The central premise for using a feature selection technique is that the data
contains many features that are either irrelevant or redundant. Thus, they can be
removed without incurring too much loss of information (Bermingham et al. 2015).
Irrelevant or redundant features are two distinct notions. When two variables are
strongly correlated, a relevant feature may be redundant in the presence of another
relevant feature.
Feature selection techniques are often used in domains having many features
and comparatively few samples or data points. For feature selection, many linear
or nonlinear variable selection algorithms have been developed. For example, there
exist methods based on correlation analysis and genetic algorithms (Guyon &
Elisseeff 2003). In feature selection techniques, the evaluation schemes of the
selection process in both supervised and unsupervised learning can be implemented
using three approaches: filter, wrapper and embedded (Cunningham 2007).
Feature selection should be distinguished from feature extraction techniques.
Whereas feature selection returns a subset of the features, feature extraction creates
new features from functions of the original features.
Concerning the computational time, computing power and sizes of data
matrices, there was no need to reduce dimensions by rejecting the measured
variables in any of the four original publications.
3.2.2 Feature transformation methods
Feature transformation refers to a set of data pre-processing techniques which
transform the original features of a data set to an alternative, more compact set of
dimensions, while retaining as much information as possible. These techniques can
be sub-divided as follows:
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– feature extraction, and
– feature generation.
In the feature extraction process, the input data can be transformed into a reduced
set of features when the input data for an algorithm is too large to be processed and
is suspected to be redundant. These extracted features are expected to contain the
relevant information from the original input data. Thus, the desired task can be
performed by using the reduced representation provided instead of the complete
initial data.
Feature extraction involves the production of a new set of features through the
application of some mapping method from original features in the data. Principal
Component Analysis (PCA) is a well-known unsupervised feature extraction
method (Hotelling 1933). Correspondingly, Linear Discriminant Analysis (LDA) is
an important supervised approach (Hyvärinen et al. 2001). Choosing a suitable
feature extraction method or methods is an important factor in achieving high
modelling performance. A great number of feature extraction methods are reported
in the scientific literature (Trier et al. 1996).
Feature generation involves the discovery of missing information between
features in the original data set and feature-generated data set. The featuregenerated data set is composed of augmented space through the construction of
additional features emphasised by the newly discovered information (Cunningham
2007). However, feature generation often expands the dimensionality of the data.
In original publication IV, features were extracted by adding new variables.
The added variables describe the costs of electric energy and district heating per
square metre.
3.3

Computational and visualization methods

In the selection process of computational methods for the analysis of energy
consumption and indoor climate data in these dissertation studies, the researchers
involved used the following rule of thumb: selection of generic, robust and
nonlinear methods. Furthermore, a reasonable computational time was another
substantial criterion for choosing the methods. Finally, the visualisation features of
the selected methods for achieving a rapid overall view of measured and preprocessed data were essential.
The selection of algorithms and parameters for each method used in the studies
was done by applying standard methods without performing large-scale parameter
optimization processes. The self-organizing map (SOM) is an ideal method for use
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in the early stages of data analysis because it provides a projection upon which
different kinds of data properties can be shown (Vesanto 2002). Also, the SOM is
efficient for visualizing dependencies and the interrelation between variables of
high-dimensional data (Laine 2003). The U-matrix representation of a selforganizing map helps to visualize the clusters in high-dimensional spaces. For
visualization of data, a non-linear Sammon’s mapping algorithm was selected since
it is particularly well suited for use in exploratory data analysis. For the clustering
method of SOM, k-means was selected because it is simple, widely used and easy
to implement. In addition, statistical methods were used to visualise the data. For
these reasons, SOM, Sammon’s mapping and k-means methods were selected for
the analysis of the original publication studies. Other widely used artificial neural
networks include a multilayer perceptron (MLP), support vector machine (SVM),
radial basis function networks (RBFN) and learning vector quantization (LVQ).
However, these methods are not discussed in this dissertation.
The methodological bases for the self-organizing map (SOM), Sammon’s
mapping, and k-means clustering are given in the following sub-sections.
3.3.1 Self-organizing maps and U-matrix representation
Self-Organizing Map
The Self-Organizing Map (SOM) is a neural network algorithm developed by
Professor Teuvo Kohonen in the early 1980s, and its common purpose is to
facilitate data analysis by mapping n-dimensional input vectors to neurons, usually
in a two-dimensional lattice (Kohonen 2001). In this lattice, the input vectors with
common features result in the same or neighbouring neurons, preserving the
topological order of the original data. The SOM learning process is unsupervised:
no a priori classifications for the input vectors are needed. Properties of feature
maps and learning rules, for example the Hebbian learning rule, were studied by
Haykin in 1999. A large variety of SOM-based applications have been developed
during the last three decades. The common application fields of SOM have been
presented (Kohonen 2001), for example in the research areas of machine vision,
signal processing, exploratory data analysis and pattern recognition. The quality of
the trained SOM can be evaluated by the quantization error and topographic error
calculated for various SOM map sizes (Chattopadhyay et al. 2012).
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For an SOM algorithm, the input is the data matrix X consisting of data rows
and columns. The number of rows comes from n samples and columns are derived
from p measured variables.
SOM learning is initiated by assigning random values to the weight vectors
(also called reference or prototype vectors) of the network. A Self-Organizing Map
consists of M neurons organized as a two-dimensional lattice. Each lattice has its
weight vector, which can be defined as follows:
,

,…,

,

(3)

where is the weight vector, m (m = 1,…, M) refers to the index of the neuron and
p is the number of variables. Thus, in the weight vector, there are as many weights
as measured variables (p). At the start, the weight vectors are initialized to random
values. First the winning neuron (Best-Matching Unit, BMU) towards each xi is
found. The BMU is the neuron that is closest, or most similar, to the input vector.
The BMU for the ith input vector is found by comparing the input vector xi and
weight vectors wm of M neurons by the Euclidean distance metric. Generally, the
dissimilarity for vectors xi and wj is calculated using equation 4 of the Euclidean
distance metric:
∑

,

(4)

Thus, BMU is the neuron being at the smallest Euclidean distance from the
input vector and defined as:
,

min

,

(5)

includes all the
where c is the index of BMU, is the input vector and matrix
weight vectors.
According to the neighbourhood function, the weights of the BMU and the
neighbouring neurons are iteratively corrected towards the input vectors using the
following update rule:
1

ℎ

,

(6)

where is the weight vector, t = 0,1,2,… is a counter integer, the discrete-time
coordinate for iterations, h is the neighbourhood function, c the index for the BMU
and m the index for the neuron to be updated.
A widely applied neighbourhood kernel can be defined in terms of the Gaussian
function as follows:
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ℎ

‖

‖

,

(7)

where
is the learning rate factor, and
are the location vectors for the
defines the width of the kernel. The
corresponding nodes in the lattice and
learning rate factor and the kernel width decrease monotonically towards the end
of the learning process as a function of time.
The basic idea of an SOM algorithm is that weight vectors of neurons gradually,
during the learning process, come to represent numerous original measurement
vectors, as shown in Figure 5. This reduced number of meaningful vectors can be
used more easily as a basis of further analysis. In addition, the weight vectors
represent the centre-of-mass points of the measurement data clusters and can be
utilised in grouping the data.
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Fig. 5. Visualization of the SOM learning process. a) An example of a two-dimensional
SOM lattice consisting of nine neurons (3 x 3 matrix). b) In random configuration, weight
vectors (blue w) are first initialized to random values. c) Through an intermediate
configuration, the weight vectors move towards the final configuration. d) In the final
configuration, the weight vectors represent numerous original data rows (red o)
(Reprinted with permission from Elsevier, 2016).

In summary, SOM training proceeds as follows: 1) finding the BMU for one input
vector according to the minimum Euclidean distance, 2) moving the weight vector
(using the update rule) of the BMU towards that input vector, 3) moving the weight
vectors (using the neighbourhood function update rule) of neighbouring neurons
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towards that input vector, 4) repeating steps 1-3 for the next input vector until all
input vectors have been used, 5) repeating steps 1-4 until the algorithm converges,
6) finding the final BMU for each input vector according to the Euclidean distance.
Generally, multivariate methods describe techniques for analysing several
variables simultaneously. In the analysis of multivariate data, data sets tend to be
too large in terms of the number of variables and the number of observations to be
analysed by hand. In order to facilitate the task, the data set must be summarised
somehow, and the Self-Organizing Map is a prominent tool in the initial exploratory
phase of multivariate analysis. It provides a clustering and a visual low-dimensional
representation of a set of high-dimensional observations. SOM visualization locates
the most different measures (cases) in the opposite areas of the lattice. In this thesis,
the SOM was used for clustering purposes in original publications I, II and IV. The
interpretation of an SOM can be performed in many ways. Using U-matrix
representation studies, it can be recognised whether or not the data material
includes differences and the data can be clustered.
U-matrix representation
U-matrix (unified distance matrix) representation (Ultsch et al. 1990) is a way to
describe the relative distances between neurons in a Self-Organizing Map. A Umatrix representation is formed by calculating the mean of the Euclidean distances
between the p-dimensional weight vectors of neighbouring neurons of the target
neuron wi, as follows:
∑

; ∈

,

(8)

where N is the number of the nearest neighbouring neurons for wi and SNN is the set
of the nearest neighbouring neurons of wi.
The calculation result is a number assigned to each neuron on the map. For
example, these numbers can be visualized two-dimensionally as grey level values
and depicted in a grey-scale image. Alternatively, the distances between neurons
can be described on a three-dimensional representation in the z-axis dimension. In
addition, the statistical properties of neurons can be analysed in more detail, for
example using box-and-whisker plots.
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3.3.2 Sammon’s mapping
Sammon’s mapping (Sammon 1969) is a nonlinear dimensionality reduction
algorithm. The method is closely related to the metric version of multi-dimensional
scaling (MDS) (Torgerson 1952). It tries to preserve the structure of interpoint
distances in a high-dimensional space in the lower-dimension projection and is
particularly well suited for use in exploratory data analysis. Practically, the
algorithm presents points of p-dimensional space in two or three dimensions.
Sammon’s mapping aims to minimise the error of the structure conservation by
defining Sammon’s stress function as follows:
´

∑

∑

∑

∑

(9)

where n is the number of data points and dij is the Euclidean distance between two
points xi and xj in the high-dimensional original space. In contrast, d´ij is the Euclidean
distance between x´i and x´j in the lower-dimensional mapped space.
The minimization can be performed either by gradient descent (also known as
steepest descent) (Kohonen 2001), as proposed initially, or by involving other
iterative methods for optimization. The number of iterations needs to be
experimentally defined; however, convergence is not always guaranteed. Some
implementations prefer to use the first principal components as a starting
configuration (Lerner et al. 2000). The Sammon’s mapping method was used in
original publication II for support and in original publication IV for validating the
clustering results made by k-means.
3.3.3 K-means clustering and Davies-Bouldin index
K-means clustering is a non-hierarchical clustering method that is popular for
cluster analysis in data mining. The term k-means was first introduced by James
MacQueen (MacQueen 1967).
The k-means clustering algorithm is based on the calculation of squared errors.
It aims to partition n objects into k clusters, in which each observation belongs to
the cluster with the nearest mean, representing as the weight of the cluster. The
method produces precisely k different clusters of the greatest possible distinction.
However, the best number of clusters k leading to the greatest separation (distance
between clusters) is not known as a priori and it must be computed from the data.
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The objective of k-means clustering is to minimize total intra-cluster variance, or
the squared error function that is also termed the objective function J, as follows:
∑ ∑
,
(10)
where k is the number of clusters and n is the number of cases. The term
is a distance function in which the first term is a case i in cluster j, and
the second term is a centroid of cluster j. The k-means clustering algorithm clusters
the data into k groups where k is predefined as follows:
1.
2.
3.
4.

Select k points at random as cluster centres.
Assign objects to their closest cluster centre according to the Euclidean
distance function.
Calculate the centroid or mean of all objects in each cluster.
Repeat steps 2 to 4 until the same points are assigned to each cluster in
consecutive rounds.

K-means is a relatively efficient method, which is quite easy to implement and
delivers high performance. However, the number of clusters must be specified in
advance, the final results are sensitive to initialization, and sometimes the algorithm
terminates at a local optimum. Unfortunately, there is no global theoretical method
to find the optimal number of clusters. In general, a large k probably decreases the
error but increases the risk of overfitting. A practical approach is to compare the
outcomes of multiple runs with different k values and choose the best one based on
a predefined criterion. For example, the Davies-Bouldin index (DB) is a metric for
evaluating clustering algorithms (Davies & Bouldin 1979). The optimal number of
clusters can be determined using DB as follows:
∑

max
,

,

(11)

where k is the number of clusters, is the average distance of the input vectors
associated with cluster i to the centre of that cluster, is the distance of the input
vectors associated with cluster j, and
refers to the distance between clusters i
and j. Concerning equation 11, low DB index values correspond to clusters which
have their centres far from each other and where the data points of different clusters
overlap as little as possible. Thus, the optimal number of clusters is indicated by
the minimum value of the index.
K-means was applied in original publications I, II and IV to the clustering of
the self-organizing map weight vectors. In addition, the Davies-Bouldin index was
used in original publications I, II and IV to solve the optimal number of clusters.
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The DB index was calculated 15 times and the mean value of the index was used
when selecting the optimal number of clusters. Because the initial starting point of
the k-means algorithm is set randomly, the DB index varies only a little between
separate calculations.
3.3.4 Statistical methods
Data mining is a multi-disciplinary field which combines artificial intelligence,
machine learning, database technology including databases and data warehousing,
and statistics. Generally, data mining is about explaining the past and predicting the
future by means of data analysis. Data mining explains the past through data
exploration and predicts the future by means of modelling. In addition to these, the
science of statistics is needed for collecting, classifying, summarising, organising,
analysing, interpreting and presenting.
Two main statistical methodologies are used in data analysis: descriptive
statistics and inferential statistics. Descriptive statistics summarises data from a
sample using indices such as the mean or standard deviation. In contrast, inferential
statistics draws conclusions from data that are subject to random variation,
comprising observational errors and sampling variation (Laerd 2016).
In original publications I and II, statistical methods were utilised for calculating
and presenting the statistical properties of measured variables. Moreover, variable
distributions of clusters were described as boxplot graphs in publication I. In
publication III, the hourly averaged daily trends of CO2 and TVOC concentrations
were presented by trend line graphs, and distributions by bar graph illustrations.
Additionally, occupant survey questions were tabled and their relevance assessed
by means of statistically calculated figures. Furthermore, in publication IV, the
statistical properties of consumption cost variables were examined, and variations
in consumption costs were visualised by trend lines. Finally, statistical distributions
describing consumption costs were grouped into two clusters. The results were
presented and interpreted by boxplot graphs.
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4

Results of data analysis

4.1

Problem identification and definition

Well-defined problems lead to breakthrough solutions. In many problem-solving
methodologies, the first step is identifying and defining the problem. The process
involves diagnosing the situation so that the focus is on the real problem and not
on its symptoms. According to Pyle 1996, identifying the problem, exploring the
problem space and recognizing a solution are the most important phases in a data
mining application. Thus, in the knowledge discovery process, the first task is the
proper definition of the problem, and it really starts by identifying the right
problems to solve. The problem identification should give answers to questions like
why does this kind of data analysis have to be done and who are the utilizers of
energy consumption and ICQ monitoring results and services (Veryzer 1998).
When developing a new product, the most important factor is the understanding of
the needs of potential customers and end users (Karol & Nelson 2007). Critically
analysing and clearly defining a problem can yield highly innovative solutions.
Consequently, organizations that ask better questions and define their problems
with more rigour can create ground-breaking innovations (Spradlin 2012).
In this thesis, data mining methods were applied in all four original
publications to analyse and utilise measured outdoor data, building energy
consumption data or indoor air quality data, or a combination of the above. For
each of these study cases, problem identification was carried out at the beginning
of the research project and clarified during the measuring, data storage and analysis
phases. The planning and defining were done together with a group of researchers,
building owners, maintenance personnel and supervisors. During these discussions,
specified problems were defined and data mining tasks were focused on no later
than in the writing phase of the research papers. In the latter cases, the results were
recalculated with the necessary corrections or additions. Data mining is a process
that is repeated, mostly not a one-time task. Descriptions of the main problems of
each original publication I-IV are presented in the following paragraphs.
In Finland, mechanical supply and exhaust ventilation has been the prevalent
system since the 1980s (Kurnitski 2006). Moreover, the airtightness of new
buildings has improved significantly when measurements have been done
systematically. Even in the early 2000s, the average airtightness of new singlefamily houses was about 4 1/h (Eskola et al. 2005), while in small houses built after
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the 2010s the average value measured is less than 1.5 1/h (Paloniitty 2012). To find
the solutions to questions of outdoor condition changes affecting the indoor climate,
the first sub-problem in this thesis is defined as follows: what implications do
outdoor weather conditions and differential air pressure have on indoor climate
quality in buildings? The data mining results and conclusions of original
publication I explain the relationship of the outdoor parameters measured and
indoor air quality (CO2) and indoor thermal quality (temperature and relative
humidity) parameters and the phenomena that occurred. The small house in the
study was built during 2009 – 2010.
The other small house reviewed in original publication II was also built
between 2009 and 2010. Concerning the relationship of building energy
consumption and indoor climate quality, the second sub-problem is defined as
follows: what are the implications of energy consumption on indoor climate quality
in buildings? The clustering procedure and interpreting results of original
publication II describe multiple situations concerning different consumption states
of electric energy and district heating that affect indoor climate factors.
The increasingly stringent regulations for energy efficiency have led to more
energy-efficient construction and improvements in the energy performance of
buildings. In Western Europe, people may be exposed to indoor air for up to 20
hours per day. Therefore, building airtightness, adequate ventilation and continuous
measuring of indoor climate quality parameters are indeed important. As a result,
in school buildings, the students especially (but also the personnel) are at risk of
health problems caused by poor indoor air quality or uncomfortable indoor thermal
conditions. From this point of view, the third sub-problem was identified as follows:
how to evaluate indoor air quality based on carbon dioxide and volatile organic
compound concentrations? This sub-problem is answered in original publication
III by means of statistical analysis methods supplemented with a questionnaire
answered by school pupils. The study considered information on ten school
buildings, measured data concerning their indoor air quality, and extensive
questionnaires addressed to their pupils. The data were analysed and the results
achieved were assessed in relation to indoor air quality recommendations and the
pupils’ health.
The fourth sub-problem is also concerned with the study of school buildings
and their consumption of electric energy and district heating. The fourth subproblem is defined as follows: how does energy consumption describe the energy
efficiency of buildings? The subject is treated in original publication IV by data
analysis concerning hourly electric energy and district heating consumption costs.
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Usage of electric energy mostly describes the occupancy, and usage of district
heating energy reflects the energy efficiency of school buildings of various ages.
The four sub-problems mentioned above lead to the main research problem of
this thesis as follows: How can an intelligent knowledge discovery process provide
added value for the building energy efficiency and indoor climate research? Finally,
the most important factor is to effectively disseminate the results achieved in
building energy efficiency and indoor climate research to the relevant stakeholders,
and even exploit the research results in the form of new products and services
together with companies operating in the building sector.
4.2

Data acquisition and storage

With reference to Figure 2 (KDD process steps), when a problem is identified it is
time for making decisions on the actions needed for acquiring data. One option is
to measure and collect the data with some kind of measuring, monitoring or data
acquisition system. Another option is to make use of data obtained from external
sources. In original publications I and II, the first option was used by researchers
utilising the ASTEKA monitoring system. In publication IV, the latter option was
used when smart metering data material was received from the local energy utility.
In publication III, both options were utilised by combining the ASTEKA
monitoring data material with the questionnaire material in the result interpretation
phase.
Data acquisition and storage have a major role in the KDD process and these
actions require skills in reliable data collection, database management, data
manipulation and data integration. In online information services, highly automated
and continuous data acquisition are required. In publications I–III, the measuring
equipment consisted of sensors attached to a data acquisition and transfer unit.
Indoor temperature, relative humidity and carbon dioxide were measured with a
single combined sensor. Indoor TVOC concentrations were measured with a
separate sensor. The previously mentioned indoor sensors were wall-mounted
approximately 1.4 -1.8 meters above the floor and far from ventilation ducts and
the vicinity of windows and doorways. A separate CO sensor was installed in the
vicinity of the fireplace. The differential air pressure sensor was in the proper place
to obtain the prevalent pressure indoors and outdoors with thin hoses. Outdoor
parameters were measured with a weather multi-sensor. Consumption figures were
measured with wired connections. In the collection of electric energy, district
heating and water consumption data, a combined electric and heat energy and water
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consumption calculator, a Multical® 602-meter, was used (Kamstrup 2016). The
Multical® 602 was connected between the data acquisition unit and cabled
connections of the building’s electric energy meter, water meter, and the
temperature and flow sensors of the district heating heat exchanger. The equipment
and connections described above are presented in Figure 4 (overview of ASTEKA
monitoring system). The custom-made software for the data acquisition and
transfer units was developed at the University of Eastern Finland. The data
acquisition and transfer unit was connected to the Internet, either wirelessly via 3G
connection or by Ethernet. The server collected the measured parameter values
from the data acquisition and unit and saved them in a database having specific
identification keys, for example a timestamp, sensor ID and the location of
measurement. Before the storage process, the voltage signal was converted to actual
measurement units, for example 2V to 20° C for indoor air temperature. In the
ASTEKA monitoring system, the end users, for example the residents, could view
the measurements through the user interface.
For the purposes of data analysis before data pre-processing, the target data
should be retrieved from the database. In the KDD process selection phase, it is
important to select the data needed and implement the actions to download the data.
In many cases, this demands a lot of time and effort.
4.3

Data pre-processing

Data pre-processing is an important step before any possible transformation step
and actual data mining in the KDD process. It describes all types of processing
done on raw data (for example downloading from a database) to prepare it for
further processing steps on the way to data mining, result interpretation, and finally
to knowledge deployment. Data pre-processing includes actions and procedures
such as data cleaning, integration, transformation and reduction.
In the ASTEKA monitoring system, the server database contained the original
data from the sensors and consumption calculator. For on-line user-interface
purposes, the pre-processing procedures were performed automatically by the
software as follows. The measured data presented through the end-user interface
for the owners of the detached house studied in original publications I and II were
cleaned of outliers and smoothed using the moving average method to ensure a
visually clearer presentation. In the case of original publication III, the userinterface was available for a restricted group of schools’ personnel and control
room personnel of the City of Kuopio Real Estate Department.
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In original publication I, the raw outdoor and indoor climate data were preprocessed by removing outliers and the variance scaling of the data. When analysed
visually, it was revealed that there were outliers in the indoor air temperature. All
the data rows with temperature values higher than 40 degrees Celsius were removed.
Missing data or outliers accounted for 20.8 percent of the data and these rows were
removed. The size of the final data matrix to be utilised in data mining was 14837
rows by 14 variables in columns.
In publication II, there were two different kinds of data: consumption data and
ICQ data. The consumption data consisted of 541200 rows and 4 variables, a time
stamp, and consumptions of heat, electricity and water. All the data rows with water
consumption higher than 300 were removed (35 rows). After removal, the hourly
consumption values were calculated and converted into cents per hour using the
prices in euros of heat (MWh) and electricity (kWh) notified by the local energy
supplier. After these operations, there were 8968 rows in the consumption data. In
the ICQ data there were 3785743 rows and 14 variables in columns. In the original
data, ICQ samples had been taken every 5 seconds. There was no need to remove
any of the rows and the hourly mean values for indoor climate parameters were
calculated. The consumption data and ICQ data were combined into a matrix
having 8445 rows and 19 columns for data mining.
In the case of publication III, in the original data there were parameters for the
indoor temperature, relative humidity, carbon dioxide and TVOC concentrations of
ten schools. In each school building studied, continuous measurements of CO2 were
performed in 5 to 7 classrooms and TVOC measurements were performed in 1 to 2
classrooms. For each school’s data, the missing value % was calculated. It
described the uncertainties in the measurement events, mainly due to sensor data
transfer. However, the study focused only on the concentrations of CO2 and TVOC
in schools number 2 and 3. These two schools out of ten were selected because they
had the same construction year (1968) with renovations in 2006 and 2007,
respectively. In addition, these schools both had low missing value percentages (15%
and 24%). In the pre-processing procedures, outliers were removed (e.g. measuring
errors) from the collected data and then the measured parameters were calculated
to hourly averaged values. The original measurement frequency was 10 seconds.
In addition, so as not to distort the indoor conditions originating from school
building users, the holiday weeks of 42/2011, 52/2011, 10/2012 and 23-28/2012
were removed from the data.
In the case of publication IV, combining the separate electric energy and district
heating consumption data from each school was quite a large task because not all
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the data were in the same form when received. Missing-data imputation methods
were needed to generate missing consumption values for some schools. Attributes
were added by calculating new cost attributes. The added attributes described the
hourly costs of electric energy and district heating per square metre. Firstly, cleaned,
missing-value imputed, merged and new attributes were calculated in an MS-Excel
environment, then the pre-processed data were transformed into the proper form
for importing into the Matlab software platform for data mining procedures. As a
pre-processing task in the Matlab environment, variance scaling was performed for
statistical calculations and clustering purposes.
4.4

Data mining

Extracting patterns from data and finding unknown dependencies between different
variables is an essential part of the KDD process. These tasks can be executed by
applying well-selected computational methods to the data and by interpreting and
evaluating the research results. In this thesis, data mining tasks focussed on the use
of statistical methods and unsupervised clustering methods for the intelligent
analysis of indoor climate quality and energy consumption data. In more detail,
statistical methods were used to explore the variable distributions of clusters
(publication I), daily variations and hourly cumulative concentrations of IAQ
parameters (publication III) and variations in electric energy and district heating
costs (publication IV). In contrast, clustering methods were used as a data
compression tool to reduce the dimensionality of the data as well as for use as a
grouping method in publications I, II and IV.
In publication I, the effects of weather conditions and differential air pressure
on indoor climate quality were explored by means of statistical methods and
clustering methods, namely SOM and k-means. The measurements were performed
in a detached house built just before the measurement period, provided with a
mechanical supply and exhaust ventilation system with heat recovery. The title of
original publication I referred restrictively to indoor air quality (IAQ), even though
the review in fact concerned indoor climate quality (ICQ) more widely, including
indoor thermal conditions. The properties of the variables were examined in
statistical analysis. In the original publication on page 2096, Table II presents
regular average and standard deviation figures as well as the skewness and kurtosis
of variables in data. Skewness quantifies how symmetrical the distribution is, and
kurtosis quantifies whether the shape of the data distribution matches the Gaussian
distribution. When the skewness is greater than 1.0, the skewness is substantial and
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the distribution is far from symmetrical. Relative humidity (BA) has a value of 1.5,
carbon dioxide (BR) a value of 1.6, and carbon dioxide (LR) a value of 1.3. These
variables have an asymmetrical distribution with a long tail to the right. Please note,
the 9th row of Table II reads incorrectly carbon dioxide (BA), it should be carbon
monoxide (LR). The skewness of the carbon monoxide (LR) value is extremely
high, at 18.8. This high value is explained by the fact that the data include very low
concentrations of carbon monoxide. Also, the kurtosis of this same variable is
extremely high, with a value of 423.3. This means that almost all the values are
nearly the same; in this case the value is zero or close to it. However, this variable
had been included in the analysis and interpretation of results in clustering.

Fig. 6. Example of temperature and carbon monoxide dependencies (Reprinted with
permission from the World of Academy of Science, Engineering and Technology, 2016).

As an analysis tool, the aptitude of SOM was illustrated by examining the
dependence of two variables, temperature and carbon monoxide. Figure 6 shows
how the increase of temperature and carbon monoxide concentration cluster in the
same area in an SOM, indicating the correlation of these variables. The dependence
is due to the fact that there had been a fire in the living room fireplace at the moment
of time considered. The concentration of carbon monoxide did not rise to the level
of a health hazard during this time.
In the study, the reference vectors of SOM were clustered by using the k-means
clustering algorithm and evaluated by using the Davies-Bouldin index. As a result,
the number of clusters was defined as nine. Each cluster corresponds to a particular
indoor climate state in the house. There were three occasions when the studied
house was unoccupied. In these cases, the carbon dioxide concentration in the
house was low. Correspondingly, there were six clusters where the studied house
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was occupied. In these situations, the indoor temperature was normal or warmer
than usual. Also, the carbon dioxide levels were elevated; however, the CO2
concentration levels remained at a satisfactory level of less than 1500 ppm. The
situations identified in the clusters are described in more detail in the original
publication.
In publication II, continuous measurements and multivariate methods were
applied in researching the effects of energy consumption on indoor climate quality
(ICQ). Similarly to original publication I, in this original publication II the original
title referred exclusively to indoor air quality (IAQ), even though the review
concerned indoor climate quality more widely, including indoor thermal conditions.
The measured data used in this study were collected continuously using the
ASTEKA monitoring system in a detached house in Kuopio, Eastern Finland,
during a fourteen-month period. The consumption parameters measured were those
of district heating, electric energy and water. The indoor parameters gathered were
temperature, relative humidity (RH), the concentrations of carbon dioxide (CO2),
carbon monoxide (CO) and differential air pressure (DAP). In this study, a selforganizing map (SOM) and Sammon’s mapping were applied. The SOM qualified
as a suitable method with the capability of summarising the multivariable
dependencies in an easily observable two-dimensional map. Sammon’s mapping
method was used to cluster pre-processed data to find the similarities of the
variables, expressing distances and groups in the data. The methods used were able
to distinguish seven different clusters characterising indoor climate quality and
energy consumption situations in the house studied.
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Fig. 7. Component levels of SOM describing variables. LR means living room, BD
bedroom, BA bathroom, and KIT kitchen (Reprinted with permission from the World of
Academy of Science, Engineering and Technology, 2016).

The combined consumption and ICQ data were coded into inputs for the selforganizing map. All the input values were normalized by variance scaling and
permutated before training the map. After training, an SOM having 100 neurons in
a 10 x 10 hexagonal grid was constructed. Linear initialization and a batch training
algorithm were used in training. The Gaussian function was used as the
neighbourhood function. The map was taught with 10 iterations and the initial
neighbourhood had a value of six. The component levels of SOM are presented in
Figure 7. SOM Toolbox version 2.0 (Aalto University, Laboratory of Computer and
Information Science) was used in the data analysis on a Matlab® software platform
(Mathworks, Natick, MA, USA).
It appears that some of the seasons can be identified from Figure 7 and Figure
8. For example, cluster 1 (light blue) represents the summer season and cluster 5
(purple) represents the winter season. Figure 7 shows that there is a positive
correlation between the cost of heating and room temperatures.
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Fig. 8. Clusters of SOM grouping situations with common events (Reprinted with
permission from the World of Academy of Science, Engineering and Technology, 2016).

The cost of electric energy consumption has a negative correlation to differential
air pressure and carbon dioxide concentration. In situations when the hourly cost
of electric energy is high, the negative pressure is bigger and the CO2 concentration
is lower. When the house is occupied, the electric energy is needed partly for human
usage but also for ventilation needs.
The k-means algorithm was used to cluster the trained map, or more precisely,
to cluster the reference vectors. The Davies-Bouldin index (DBI) was used to
evaluate the goodness of the clustering. After the clustering, the desired reference
vector elements of clustered neurons were visualized in a two-dimensional lattice
to reveal the possible interactions between the variables in Figure 8. In order to
validate the clustering result, a two-dimensional Sammon’s map was constructed
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and presented in Figure 9, describing the clusters formed in the same colours as in
Figure 8. The Sammon’s map depicts the distances of neurons more illustratively
than a two-dimensional k-means visualization.

Fig. 9. Sammon’s mapping validating the clustering result. The axes describe the
original distances of the measurement values from each other in variance scaled values.
A short distance represents similarity (Reprinted with permission from the World of
Academy of Science, Engineering and Technology, 2016).

In original publication III, Total Volatile Organic Compounds (TVOC) and carbon
dioxide (CO2) concentrations were measured by continuous measurement sensors
in schools in Kuopio, Eastern Finland. The results concerning two comparable
school buildings’ Indoor Air Quality (IAQ) conditions were described in terms of
carbon dioxide (CO2) and total volatile organic compound (TVOC) concentrations;
with hourly averaged daily curves and distributions. The data were analysed using
statistical methods on a Matlab software platform (Mathworks, Natick, MA, USA).
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Fig. 10. Carbon dioxide (CO2) concentrations in school numbers 2 and 3 (Reprinted with
permission from IACSIT Press, 2016).

In the carbon dioxide examination, the hourly averaged daily trends of CO2
concentrations in two comparable schools are presented in Figure 10. When
exploring the hourly mean values and the daily trend curves of school numbers 2
and 3, school number 2 indicated higher working hour averages than school number
3. The difference between schools concerning the CO2 levels may be explained by
the smaller number of class size in school number 3 (average 18 pupils).
Correspondingly, the average class size in school number 2 was 21. Generally, the
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average CO2 levels of school number 2 are higher even during the non-working
hours. The author suspects that the difference is due to the sensors’ measuring
accuracy, particularly at the lower end of the measurement range. However, the
difference observed is within the limits of the sensor measurement accuracy. Both
of the schools had mechanical supply and exhaust ventilation systems with heat
recovery. It appeared that during schooldays (Monday to Friday) from 8 am to 3
pm, the CO2 concentrations were within the recommended ranges in both of the
schools studied.
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Fig. 11. Total Volatile Organic Compounds (TVOC) concentrations in schools number 2
and 3 (Reprinted with permission from IACSIT Press, 2016).

In the total Volatile Organic Compounds (TVOC) examination, the daily trends in
Figure 11 describe the hourly mean values of TVOC concentrations for each
weekday. In school number 2, there was one TVOC sensor located on the wall of
one classroom. In school number 3, there were TVOC sensors installed in two
classrooms. Thus, the daily trends of school number 3 were averaged hourly values
of these two sensors. In school number 2, the TVOC values stayed at a lower level
(approximately 3-4 ppm) outside school hours. In addition, in school number 2 it
was found that the TVOC values decreased to level 1 ppm within two hours when
76

the ventilation system was turned on at 7 am on school days. In school number 3,
the TVOC levels did not decrease as fast and there was more variation between
school days. Furthermore, on Friday afternoons there was a craft club meeting
which presumably raised the TVOC values. The author suggests, that from 16:00
to 19:00, the ventilation rate could have been higher, and the ventilation could have
been turned on even for the longer time. During weekends, the ventilation was
turned off and the TVOC levels were stable. Presumably, the constant level is based
on the emissions of construction materials and furnishing. Concerning the elevated
values of TVOC during the nights and weekends, it is recommended to run the
ventilation, taking into account reasonable energy efficiency. The results indicated
that during school days, the CO2 concentrations were within the recommended
ranges. In addition, TVOC values stayed at a relatively low level, below 3 ppm. To
complement the results measured, occupants’ perceptions of indoor air quality were
collected by a questionnaire answered by school pupils.
The aim of original publication IV was to compare the electric and heating
energy consumption of six school buildings in Kuopio, Eastern Finland. The school
buildings studied were built in different decades, and their ventilation and building
automation systems were inconsistent. The hourly energy consumption data were
received from the local energy supply company. In the data mining, statistical and
intelligent computational methods were used as follows: statistics for examination
of variation in electric energy as well as heating costs, a self-organizing map for
dimensionality reduction, and k-means and Sammon’s mapping for clustering. In
this dissertation, the results of the district heating examination are presented.
The mean of daily district heating cost calculated during the whole
measurement period (1 month) in each school is illustrated in Figure 12. The daily
level of district heating cost per cubic metre for each school is on the horizontal
axis. In the cost curves, the highest values found on Wednesdays, and the lowest on
Saturdays and Sundays. School 1 indicated the highest consumption on working
days. Presumably, the highest level can be explained by the mixture of heating
energy needed for the swimming pool water, poor operation of the control system
and also low energy efficiency in the building construction.
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Fig. 12. Daily variation in district heating costs (Reprinted with permission from Elsevier,
2016).

When reviewing schools 5 and 6, it can be observed that the district heating costs
per cubic metre during the weekends did not differ much from that on working days.
The reasons suspected for this phenomenon are follows: Firstly, the ventilation was
on constantly to dry out the construction and surfaces during the deployment period.
Secondly, presumably it is due to the fact that a modern building automation system
has infinite control for ventilation and heating, enabling stable levels of temperature
and relative humidity indoors. Thirdly, these two school buildings were built under
new construction regulations, with high insulation and airtightness requirements.
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Fig. 13. Linear clustering by means of k-means (DH). Clusters are named and numbered
as follows: Cluster 1 = dark blue, Cluster 2 = light blue, Cluster 3 = green, Cluster 4 =
orange, Cluster 5 = burgundy. The number printed on the neuron describes the most
representative school that has the features of the weight vector in the neuron (Reprinted
with permission from Elsevier, 2016).

The clustering of district heating cost data was performed by two methods, using
k-means and Sammon’s mapping. The optimal number of clusters was determined
by the Davis–Bouldin index, and proved to be five. In Figure 13, the clustering has
been performed by means of the k-means algorithm and the generated clusters are
visualised and named by colour and number, as presented in the caption of the
figure. The school numbers are printed in the neurons. For comparative purposes,
the clusters were named identically to those in Figure 14.
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Fig. 14. Validation of k-means clustering by means of Sammon’s mapping (DH). The
axes describe the original distances of measurement values from each other in variance
scaled values. A short distance represents similarity. Clusters are named and illustrated
as follows: Cluster 1 = Red triangle, Cluster 2 = Black dot, Cluster 3 = Blue circle, Cluster
4 = Blue triangle, Cluster 5 = Blue cross (Reprinted with permission from Elsevier, 2016).

Evidently, school 5 and school 6 have similar features in district heating
consumption because these school numbers were grouped in the same cluster
(burgundy). When reviewing cluster 1 (dark blue), it could be observed that school
1 is mostly represented there, and school 2 is only in the orange cluster. Schools 3
and 4 are located in two different clusters by features in district heating costs per
cubic metre.
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Table 4. The result of data clustering concerning district heating costs per cubic metre.
The table shows the characteristics of the clusters.
Cluster number
Cluster 1

Description
Low consumption events of school 1. The
mean of school 1 (€ 0.04 cent/m3) is the
highest of all the studied schools.

Cluster 2

Low intermediate consumption events of
schools 3 and 4. Schools 3 and 4 have
means at the same level (€ 0.021 cent/m3),
and the shapes of weekday curves and
levels are almost equal.

Cluster 3

High consumption events of schools 3, 4, 5
and 6. The means of these four schools are
more or less at the same level (€ 0.023
cent/m3). The shapes and levels of schools
3 and 4 curves are almost equal.
Correspondingly, the shapes and levels of
schools 5 and 6 curves are almost identical.
These could be read as two sub-groups of
the cluster.

Cluster 4

High intermediate consumption events of
school 2. These events represent the
consumption events of working days at the
lowest level of all the schools. The mean of
school 2 is € 0.014 cent/m3.

Cluster 5

Schools 1, 5 and 6 have consumption
events representing the same level of about
0.023 € cent/m3 during weekends.

Cluster analysis was executed concerning district heating costs per cubic metre to
find out the characterization of the five clusters. The results of the cluster analysis
are presented in Table 4.
4.5

Interpretation of results

Analysing and interpreting results is a major step in the KDD process. The data
should be analysed with respect to the end users’ objectives. Moreover, only the
relevant information should be identified and presented as final results.
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Especially in the era of big data and the Internet of Things, there is a huge need
for a new generation of computational theories, methods and tools to enable people
to extract valuable information from the rapidly growing volumes of digital data.
These theories, methods and tools are the topics of the emerging field of KDD
(Fayyad et al. 1996, Pyle 1999). The basic principles for bringing the results of data
mining to the end users are as follows: methods and technologies must be hidden
behind the services, results have to be presented in an easily understandable format,
and tailored for each end-user group.
In essence, the interpretation of results is based on interpreting the recognised
patterns. The interpreting process usually includes several steps, as well as
visualization of the extracted patterns, removing redundant or irrelevant patterns,
and translating the useful ones into an easy-to-understand format for end users
(Fayyad et al. 1996). The purpose of result interpretation is not only to represent
the output of the data-mining step graphically, but also to filter and reduce the
information for end users. In the assessment of result interpretation, statistical and
numerical evaluations can also be used. Further, it is essential to assess the result
interpretation process and determine whether the results were satisfactory and if
some possible extra analysis or data mining tasks are needed (Fayyad et al. 1996).
In original publications I-IV, various result interpretation formats were applied.
In original publications I and II, the end-user interface of the ASTEKA monitoring
system, presented in Figure 15, was targeted at residents of detached houses. In the
study cases of school buildings and rental apartments, the key user groups for the
ASTEKA user interface were school personnel, the City of Kuopio Real Estate
Department, the construction company building and maintaining school buildings
for the city of Kuopio, and a rental housing company operating in the Kuopio area.
At the start of the user interface, client access, the end user had to type a username
and password given by the operator (the Research group of Environmental
Informatics, University of Eastern Finland). An alternative way to log in was to
pass an encrypted token in the URL, which contained an identification key and a
timestamp. This was beneficial for third party software, which had a link to the
Silverlight client. In these cases, the user had already logged into another software
program and there was no need to ask for credentials another time. The front page
of the ASTEKA monitoring system’s Silverlight client had meters showing the
consumption of water, heating and electric energy for the most recent week and
month (Figure 15).
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Fig. 15. Overview of the ASTEKA user interface presenting consumption meters. The
consumption profiles were calculated from the historical data of water, heating and
electric energy consumption measurements of the building. Normal consumption levels
were denoted by 0% (Reprinted with permission from the World of Academy of Science,
Engineering and Technology, 2016).

In addition to consumption information for residents, there were views for air
quality and weather condition information in the ASTEKA user interface. The
programme also had features for generating pdf reports, containing monthly
consumption totals and average bedroom air quality and thermal conditions for the
few past months. For two-way communication, the residents kept a diary in which
they could report various events that could have affected indoor air quality and
thermal conditions. This information was utilised in study user assistance and in
research.
In the cases studying school building air quality in original publication III and
the energy consumption of school buildings in original publication IV, the end user
of the refined information was primarily the City of Kuopio. Long-term continuous
measurements of indoor climate conditions, electric energy as well as heating
energy consumption, together with statistical and correlation analysis, provided
valuable information for the building management in the City of Kuopio Real
Estate Department, school personnel, and even for pupils and their parents. In
building management, the indoor air quality results can be taken into account when
setting up building automation devices, for example by changing the run times for
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ventilation periods. To assist original publication III results interpretation, the
ASTEKA user interface was available for building owner needs and for comparable
reviewing beside the actual BAS information. Moreover, in these publications,
traditional and intelligent visualization methods were used: tabled statistical
information, trend line graphs, variation information in bar and boxplot graphs, and
intelligent grouping results by means of SOM plane figures and clustering
representations. The aggregation of large questionnaire responses concerning
carbon dioxide and total volatile organic compounds experienced by pupils were
collected in tables and presented in as illustrative a form as possible. For end users,
these illustrations are not so easy to interpret. However, for researchers and industry
professionals with expertise, these means of expressions give valuable information,
for example on the challenges implementing continuous measurements for future
studies, making them more reliable and achieving higher level research results.
4.6

Knowledge deployment

The final phase in the KDD process is knowledge deployment, meaning the
use of data mining and result interpretation within a target environment. The
discovered knowledge should be organized and presented in a way that the end
users can easily exploit it. Depending on the requirements, this phase can be as
simple as generating a report or as complex as implementing a repeatable
knowledge discovery process. Cios et al. (2007) have subdivided this phase into:
– planning deployment,
– planning monitoring and maintenance,
– generating of final report, and
– reviewing the process steps.
In successful knowledge deployment, a key element is close co-operation with the
end users. In this manner, the researcher can receive background information and
it enables the bidirectional discussion and exchange of information. It really helps
the interpretation of results and most likely leads to the correct conclusions.
Especially in cases when the purpose of a study is to support innovation and product
development, direct and continuous co-operation with end users is needed.
In this thesis, some examples of knowledge deployment are presented. In
publications I-III, the ASTEKA monitoring system offered valuable information on
energy consumption and indoor climate quality in detached houses and schools. In
addition to historical information, the system includes water, electric and heating
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energy consumption profiles in comparable building types. This feature allows, for
example, the current electric energy consumption to be compared to normal
circumstances. This information can help in saving energy and money. Moreover,
the system offers information on local weather conditions. In this case, the end
users, such as building management personnel, school personnel and residents,
were able to use and utilise this information through an Internet service offered by
the Research Group of Environmental Informatics enabled by research projects in
the fields of healthy housing and energy efficiency.
In publication IV, the results of data mining and interpretation were deployed
in the assessment of energy consumption in buildings. These results can be
exploited in building management operations and research activities.
Finally, knowledge deployment is a necessary phase in a successful KDD
process, and it completes the KDD process introduced by Fayyad et al. 1996. It is
a vital phase on the way to successful data-driven approaches and online IoT
applications. The extended model of the KDD process presented in this thesis with
knowledge exploitation from application demonstrations to products requires
innovative industrial partners in addition to skilled researchers.
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5

Discussion

The main aims of this thesis were to study which elements affect indoor climate
quality, how energy consumption describes building energy efficiency and to
analyse the measured data using intelligent computational methods. Furthermore,
one important goal was to present and utilise modern computational methods for
consumption and indoor climate quality data analysis in buildings. In the studies
published, novel examples were developed and new valuable information was
provided to end users (such as residents, school personnel and building
management personnel). According to Figure 2, firstly, the KDD process in each
case started with problem identification by making use of a specified domain
expertise and came up with the idea and decision to measure and collect the data
needed. Thereafter, data acquisition, storage and selection of target data were
performed according to the circumstances and requirements needed in the cases
specified. Next, pre-processing, data mining to extract patterns, visualisation of the
most important discoveries and interpretation of the results were conducted. As the
final important phase, knowledge deployment was carried out in close cooperation
with the end users.
Table 5. Summary of research areas, topics and KDD process tasks used in
publications I-IV.
Publication

I

II

III

IV

Research area

(ICQ)

(EE + ICQ)

(IAQ)

(EE)

Research topic

Outdoor conditions Buildings’ energy

Buildings’ indoor air Building energy

on buildings’ indoor consumption on

quality assessment consumption

climate quality

indoor climate

analysis

quality
Problem

Implications of

Implications of

identification

outdoor weather

energy

Evaluate IAQ based How energy
on CO2 and TVOC

consumption

conditions and

consumption for

concentrations

describes energy

differential air

ICQ

efficiency of buildings

pressure on ICQ
Data acquisition

ASTEKA monitoring ASTEKA monitoring ASTEKA monitoring Smart metering by
system

system

system

local energy utility
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Publication

I

II

III

IV

Pre-processing

Data cleaning

Data cleaning

Data cleaning

Missing-data

(outlier detection

(outlier detection

(outlier detection

imputation, attributes

and removal),

and removal),

and removal),

added, attribute

variance scaling

attribute

hourly averaging,

conversion, data

conversion, hourly

data merge

merge, variance

averaging, data

scaling

merge, variance
scaling
Data mining

Statistical

Statistical

Extracting features

Visualisation using

reviewing,

reviewing,

using statistical

statistical methods,

compressing data

compressing data

methods, results

compressing data

using SOM,

using SOM,

supported by

using SOM,

clustering SOM

clustering SOM

questionnaire

clustering SOM

weight vectors

weight vectors

replies

weight vectors using

using k-means

using k-means and

k-means and

Sammon’s mapping

Sammon’s mapping

Interpretation of

Statistical

Statistical

Visualising daily

Electric energy and

results

reviewing,

reviewing,

curves and

district heating

visualising SOM

visualising SOM

measurement

costs comparison

component levels

component levels

distributions,

between school

and clusters,

and clusters,

reviewing of

buildings using

ASTEKA user

ASTEKA user

questionnaire

statistical and

interface

interface

replies, ASTEKA

intelligent

user interface

visualization
methods

Knowledge

Historical

Historical

New knowledge of

Comparison

deployment

information and

information of

IAQ affecting

publication of

knowledge of

energy

student’s health in

school buildings

outdoor weather

consumption on

school buildings

energy

conditions on ICQ

ICQ for minimizing

consumption for

for long-term

energy usage and

building

monitoring in

retaining healthy

management

detached houses

environment in

personnel

detached houses

In this thesis, the research area of indoor climate quality (ICQ) was reviewed from
two aspects and presented in original publications I and II. In original publication
I, the first sub-problem of the implications of outdoor weather conditions and
differential air pressure on indoor climate quality was reviewed by means of
clustering the different indoor climate states in a house affected by outdoor weather
conditions and pressure difference over the building envelope. Considering the
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mean of negative pressure to be 1.0 Pa, the ventilation rate should have been higher.
However, the variation was quite wide from 9.3 negative to 41.2 positive, and in
most situations the pressure was negative, up to 2.5 Pa. Thus, short periods of
positive pressure indoors did not dampen the construction and damage the house.
In terms of the CO2 concentration levels, the ventilation rate was adequate.
Considering the method used, the results of publication I showed that the applied
SOM-based neural network method is an efficient way to analyse indoor climate
quality data.
The second sub-problem considered the implications of energy consumption
on indoor climate quality. The clustering procedure of SOM analysis described
multiple situations concerning different consumption states of electric energy and
district heating affecting indoor climate factors. It showed that there were seven
different phenomena characterizing indoor climate quality in the case study house.
It can be concluded that the growth of pressure difference over the building
envelope has an impact on electricity consumption. Furthermore, comparing the
ICQ conditions of the bedroom and kitchen, the CO2 concentrations seem to be
similar. It suggests that the bedroom door had mainly been left open, and carbon
dioxide mixed well in the prevailing air. It is clear that some of the seasons can be
identified from the SOM plane figures and clustering map. For example, cluster 1
represents the summer season and cluster 5 represents the winter season. The
clusters seem to describe the normal acceptable indoor air quality well. In addition,
in Figure 3 there was a positive correlation between the cost of heating and room
temperatures. Finally, the cost of electricity consumption had a negative correlation
to differential air pressure and carbon dioxide concentration. When the house was
occupied, electrical energy was needed partly for human usage, but also for
ventilation needs.
Oroginal publications II and IV represented energy efficiency (EE) concerning
building energy consumption issues. The fourth sub-problem (how energy
consumption describes the energy efficiency of school buildings) was treated by
data analysis concerning hourly consumption costs of electric energy and district
heating. According to publication IV, the results of the cluster analysis indicated
that, in terms of electricity consumption costs per cubic metre, schools 1 and 4 had
the highest values of all the schools under study on working days. In contrast,
schools 2 and 3 had the lowest values of all the schools at weekends. Schools 3 and
4 represent the old school building stock (from the 1950s and 1960s) in the City of
Kuopio. The results of the district heating cluster analysis indicated that the mean
of costs per cubic metre is the highest in school 1. The separate groups of schools
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3 and 4 as well as 5 and 6 exhibit the same kind of consumption cost profiles.
Schools 5 and 6 represent the newest school building stock of Kuopio, dating from
the 2010s. School 2 (built in 2003) exhibits the lowest and school 1 (built 1997) the
highest heating consumption costs normalised per cubic metre. Naturally, the
selected school buildings were built in different decades, and their ventilation and
building automation systems are also inconsistent. Concerning energy efficiency,
the two very new schools (5 and 6) were exceptional because the ventilation was
on day and night to dry the building materials during the construction period.
Nevertheless, their normalised heating costs were considerably lower. Generally,
the district heating cost per cubic metre describes the structural energy efficiency
and the state of building automation in the school buildings studied.
The third research sub-problem of how to evaluate indoor air quality based on
carbon dioxide and volatile organic compounds concentrations was reviewed by
means of statistical analysis methods supplemented with a questionnaire. For the
solution, original publication III represented the research area of indoor air quality
with the topic of assessment of school buildings’ IAQ. Original publication III
focused on CO2 and TVOC hourly-averaged daily trends and distributions,
evaluating their impacts on school building occupants during school days. The
results indicated that during school days, CO2 concentrations were within the
recommended ranges in both of the schools studied. The slight difference between
these two schools with respect to CO2 levels can be explained by differences in the
number of pupils in the classrooms, and also by the sensors’ measurement accuracy.
Furthermore, the TVOC values stayed at a relatively low level (below 3 ppm)
during school days, particularly in school number 2. The levels observed should
not cause adverse effects on the occupants’ health and comfort. According to the
questionnaire responses, between 12.1 to 26.9 per cent of the respondents had
experienced stuffy air or poor indoor air quality during that day, or within the week
prior to that day during the period when the questionnaire was conducted.
In these four study cases, various data mining methods were applied to present
divergent data sets in a major application field, namely healthy and sustainable
buildings. A summary of the research areas, research topics and KDD process tasks
used in original publications I-IV is presented in Table 5.
5.1

Benefits of smart metering and monitoring

In smart metering, the energy consumption meter is read remotely and the
measurement data is transferred to the energy company along the communication
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network. This offers benefits to both energy companies and customers. In original
publication IV, the raw smart metering electric energy and district heating energy
consumption data material was acquired from the local energy company.
5.1.1 Benefits for energy utilities
With smart metering, energy companies collect a lot of information about energy
consumption. This information can help them make pro-active maintenance
measures to the power grid, which will reduce power outages. Thus, the
management of power outages will be further enhanced. In the cases of energy
distribution problems, the energy utility will receive accurate information on the
quality of the electric energy supplied (for example voltage fault) provided by the
remotely read, automatic and real-time meters. According to customers’ electricity
contracts, electricity is turned on and off automatically in accordance with the
electricity contract validity periods.
Energy companies are developing market-based load control. With this system,
electrical equipment can be automatically switched on when the market price of
electricity is the most favourable. For example, the current working night-rate
electrical heating may be modernized to switch on during the cheapest hours.
5.1.2 Benefits for energy customers
Smart metering can offer many benefits for energy consumers. Reading the energy
invoice could be difficult for the customer when both the actual consumption by
the end of the billing period, and the estimated consumption were billed on the
same invoice. In smart metering, the invoicing will be completely shifted to
consumption-based. Thus, consumers will only pay for actual consumption. In the
summer, there is less energy consumption and energy bills are smaller than in the
winter. For customers, automatic meter reading is effortless. The energy utility is
responsible for the automatic readings, and the smart meter provides accurate and
reliable readings without needing a customer reading. In relation to electricity
contracts, the onset and termination of electricity supply connections can be turned
on or off remotely. Moreover, customers can have more information on their energy
use through the online service offered by energy companies when consumption
figures are stored hourly and comparison data can be viewed in the long term. This
enables the comparison of one’s consumption to the average consumption of other
energy users. With smart meters, there is an opportunity for bidirectional energy
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measurement. This enables the customer to start as a small power producer and
connect electrical energy produced to the network. Customers will benefit from the
smart metering, when new products and services related to it will be developed and
offered more widely in the future.
5.1.3 Benefits of continuous monitoring
Proper indoor climate quality is a significant concern for building managers,
employees, businesses and tenants both in office premises for occupational health
and well-being and for ordinary people’s health and comfort in homes. The quality
of the indoor climate can affect comfort, health, well-being and even productivity.
Continuous monitoring of ICQ and energy consumption are essential, because
people spend 90 percent of their time indoors, and building energy consumption is
a significant part of total building energy efficiency. This research work reviewed
a number of benefits related to continuous monitoring, which can be highlighted as
follows:
–
–
–
–
–
–
5.2

continuous ICQ and energy consumption monitoring eliminates the
problems associated with single point measurements,
it provides the possibility to monitor multiple ICQ parameters in real time,
it provides a comprehensive overall picture of year-round energy
consumption,
it provides valuable information to the end users,
it provides the possibility to develop new information services, and
in this way, it creates new business opportunities and jobs.
Data-driven problem solving and advanced information
services

In this thesis, four cases of data-driven problem solving have been presented. IoTbased data acquisition, case-specific raw data and data processing using
computational methods create a good basis for developing new information
services. In this context, an information service is a service which provides data,
knowledge and information in useful form.
First, the case of monitoring outdoor weather conditions, differential air
pressure and indoor climate quality gave valuable information about the indoor
living environment for residents of a small house. The results of data processing
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were provided to end users using a web-based ASTEKA user interface, and also for
multiple stakeholders in the form of publication I. Secondly, the energy
consumption data of a detached house was analysed by applying clustering
methods to obtain information on indoor climate quality in small houses. The
resulting information of data processing and analysis was delivered through the
ASTEKA user interface for residents, and for researchers and stakeholders in the
form of publication II. Thirdly, measured indoor air quality data was analysed to
evaluate the effects of IAQ on schoolchildren’s health and comfort. The study
offered deeper knowledge on the indoor conditions and ventilation automation of
renovated school buildings. The information was delivered through the ASTEKA
user interface and in the form of publication III. Fourthly, energy consumption data
of six school buildings was compared and analysed to produce information of
different energy consumption cost events concerning the use of electricity and
district heat. The results include valuable information for building management
personnel.
The computational methods applied were appropriate for different kinds of
multidimensional data analysis such as regression and clustering. These methods
are well-known and widely used in data mining. The innovation comes from
combining multiple continuous data materials and various methods together. An
example of a well-known application where computational intelligence is widely
applied is weather forecasts; however many application areas can still be found.
Moreover, nowadays there are many environmental data sources available free of
charge, and this makes the development of new applications possible and affordable
for many user parties.
5.3

Big data market and innovative use of data

Digital data is now ubiquitous and many organizations know the potential value of
exploiting information. The costs related to acquiring, storing, processing and using
this information have been well estimated. The uses of IoT technology in data
collection and big data have become two key bases of competition and growth for
individual companies. From the point of view of competitiveness and potential
value capture, more companies need to take advantage of exploiting the potential
of big data. Innovative data usage provides solutions for the creation of valuable
information and cost reduction. In this thesis, big data and IoT technology were
used in the ASTEKA monitoring system: external weather data and remote
management of the data acquisition unit.
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The big data market continues to exhibit very strong momentum as businesses
accelerate their transformation into data-driven companies. As a result, this
momentum is driving strong growth in big data-related infrastructure, software and
services. A forecast from the International Data Corporation (IDC 2015) reports the
big data technology and services market growing at a compound annual growth rate
(CAGR) of 23.1% over the 2014-2019 forecast period, with annual spending
reaching $48.6 billion in 2019. According to the report, all three major big data
submarkets (infrastructure, software and services) are expected to grow over the
next five years as follows: 1) Infrastructure, which consists of computing,
networking, storage infrastructure and other data centre infrastructure-like security,
will grow at a CAGR of 21.7%; 2) Software, which consists of information
management, discovery and analytics, and applications software, will grow at a
CAGR of 26.2%; and 3) Services, which include professional and support services
for infrastructure and software, will grow at a CAGR of 22.7%.
It is worth looking at how people in companies are using big data to do what
they do, presenting some data use cases with innovative and diverse uses of big
data. According to Appnovation Technologies (AP 2013) and SmartDataCollective
(SDC 2015), big data can be used in combinations of application fields for use cases
as follows:
–

Recommendation engines, which provide personalized product
suggestions based on user behavioural data and profiles (Netflix, Amazon,
Facebook, and LinkedIn all do this), use case: Brand Recognition,
– Risk modelling, which uses transactional data to inform financial
institutions about vulnerabilities, and prepares them for potential problem
scenarios, use case: Health Risk Analysis,
– Fraud detection, which analyses customer behaviour and transactional
data to determine the likelihood of fraud, use case: Predictive Human
Resources,
– Marketing analysis, which tells enterprises which customers are likely to
leave for a competitor, as well as different ways to market to consumers
based on behaviour, use case: E-commerce management and marketing,
– Network monitoring, which analysts employ to determine the efficiency
of networks, such as cloud servers and Virtual Private Networks, use case:
User Experience (UX) Marketing
Lately, the public sector has become one of the largest information producers and
users. Moreover, public organizations manage information related to, for example
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satellite images, maps and population, company and patent registers. Based on this
information, many services are provided to citizens, such as navigation services
and weather forecasts. On the other hand, the public sector has not published all its
data. In future, more flexible data access, co-operation between the public sector
and private companies could generate new business, successful start-up companies
and more jobs.
5.4

Ideas for future work

IoT-based monitoring platforms have made great progress and a lot of research has
been done, for instance Shah & Mishra (2016) present a customized Internet of IoTenabled wireless sensing and a monitoring platform to monitor temperature,
relative humidity and light in the context of building automation, Sharmin et al.
(2014) have monitored building energy consumption and indoor climate quality
including thermal performance, while Hajdukiewicz et al. (2015) have developed
a method to investigate the environmental and structural performance of buildings,
and Batista et al. (2014) have researched comfort and energy performance and the
continuous monitoring of buildings. However, there is still a lot of work to do on
developing the monitoring of indoor climate quality and energy consumption in
buildings.
According to Skön et al. (2013b), in their vision of researching computational
intelligence for co-learning enabled healthy and sustainable housing, there is
potential to develop breakthrough methods at least in the domains of adaptive
control, data analysis and machine learning. The innovative use of big data and
widely combined measured real-life data linked to applications could help to
validate improved energy efficiency and indoor climate, as well as the safety of
buildings and their occupants. In addition, the research methods developed could
create new ways of studying and exploring personal experience; in particular, in
the context of housing and automation. In fact, personal experience is one of the
key motivations for the adaptive control of HVAC properties. Personal experience
is a challenging research topic, because it may vary both spatially and temporally.
Such a phenomenon is manifested in housing, for instance, as occupants tend to
prefer different temperatures in different rooms, also depending on the season. One
of the more ambitious goals is to develop methods to obtain key factors and
causalities governing personal experience using machine learning. Such methods
will also provide for new ways to study other phenomena, such as human
perception, individual wellness factors (e.g. stress) and environmental issues.
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Intelligent computational methods could have immediate applicability in
industry for the improvement of HVAC technologies. Extensive research and
development of unique systems is needed to respond to future challenges of energy
efficiency in buildings and occupational and residential comfort. Moreover, new
kinds of innovations have the opportunity to be widely applied in both new
buildings and the renovation of existing buildings.
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6

Conclusion

In the original publications of this thesis, energy consumption and indoor climate
quality data were selected to describe the relations of outdoor weather conditions
and building energy consumption to indoor climate quality for assessing and
allowing the provision of healthy, comfort and energy-efficient indoor conditions
in homes and public buildings. The hypothesis was that a sufficient negative
pressure and ventilation rate provide a comfortable and healthy indoor climate. This
hypothesis led to the question of reasonable energy usage by managing building
automation systems. These essential problems in the field of building energy
efficiency and indoor climate research were divided into four sub-problems, as
presented in Figure 3.
The results of original publication I demonstrated that changing outdoor
weather conditions as well as the variation of pressure difference over the building
envelope provided various different situations in the indoor climate quality inside
buildings. It was concluded that the ventilation rate of the house studied was
sufficient during the period of study concerning indoor parameters. In addition, it
was shown that the applied SOM-based neural network method was an efficient
way to analyse a large amount of multivariate data and interpret the results
computed.
According to the SOM analysis results in original publications II, it was shown
that there were seven different phenomena characterizing indoor climate quality in
the case study house. Based on the measurements and results interpretation, it could
be concluded that the growth of pressure difference over the building envelope has
an increasing impact on electricity consumption. The comprised clusters computed
seemed to describe the normal acceptable indoor climate quality well in the studied
detached house.
Original publication III presented multidisciplinary results by combining ICQ
measurements and occupants’ perceptions of indoor air quality. It was concluded
that during school days, CO2 concentrations were within the recommended ranges
in both of the study schools. Furthermore, TVOC values stayed at a relatively low
level (below 3 ppm) during school days. Analysis of the questionnaire data gave
some relevant background information on the indoor conditions perceived in the
study schools.
The results of original publication IV demonstrated that the two newest schools
(5 and 6) were exceptional because the ventilation was turned on during days and
nights to dry the building materials during construction. Nevertheless, their
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normalized heating costs were considerably lower than in the older school
buildings. In conclusion, the district heating cost per cubic metre describes the
structural energy efficiency and the state of building automation in the school
buildings studied. Furthermore, the study responds to the knowledge gap
concerning the consumption variation in different-aged school buildings and
periods of human use. This methodology and the survey results may be extended
from public buildings to commercial building stock, residential buildings and small
houses. This is valuable information, in particular, for property owners whose
buildings have been recently renovated or who intend to do so in the future. In
conclusion, the monitoring and analysis of smart metering data and publishing of
results will enhance knowledge among building users and guide energy use for
individuals.
The main research problem (How can an intelligent knowledge discovery
process provide added value for the building energy efficiency and indoor climate
research?) with its four sub-problems has been addressed by data mining result
analysis, discussion and finally concluded to be valid for many stakeholders. Thus,
this thesis has considered how to interpret and exploit the results of continuous
measurements and knowledge discovery for many relevant reference groups of
actors in the building sector as well as in business, thereby building a bridge to
innovate new services.
Effective and innovative exploitation of digital data are the key factors in the
creation of future information services. Therefore, there should be more focus on
developing IoT-based monitoring and efficient data processing methods for big data.
Additionally, it was observed in this work that end users, such as building
management and maintenance personnel as well as residents, should be taken into
account in the early stages of the data refining processes. When compiling this
thesis in the framework of the KDD process, the research work has highlighted a
number of factors and the following list includes the main recommendations:
–

–
–
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The problem to be solved should be thoroughly identified, and one should
have a clear idea and decision to start the data acquisition needed in the
specified study.
The measurement arrangement and data processing need to be planned
well in advance.
Valuable information and new approaches can be produced by merging
different computational, data processing methods and various data
materials using specified domain expertise.

–
–

Data quality has a key role when developing new information services.
The developed information services must provide only the necessary
information for end users and all other functionalities or technologies have
to be hidden.
– Finally, when researchers have interpreted the data mining results before
the important knowledge deployment phase, they need to network with
industrial partners to exploit the product ideas and turn them into
applications.
The service business in the building sector is already significant; however, plenty
of new possibilities await capable and innovative companies or organizations.
Furthermore, better advantages can be detected by courageous and ambitious cooperation between companies and organizations, by utilising intelligent
computational methods for data processing to produce valuable information and by
using the latest technologies in the research and development of new innovations.
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