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Räsänen, Teemu, Intelligent information services in environmental applications 
University of Oulu, Faculty of Technology, Department of Process and Environmental Engineering,
P.O. Box 4300, FI-90014 University of Oulu, Finland
Acta Univ. Oul. C 403, 2011
Oulu, Finland

Abstract
The amount of information available has increased due to the development of our modern digital
society. This has caused an information overflow, meaning that there is lot of data available but the
meaningful information or knowledge is hidden inside the overwhelming data smog. Nevertheless, the
large amount of data together with the increased capabilities of computers provides a great opportunity
to learn the behaviour of different kinds of phenomena at a more detailed level. 

The quality of life, well-being and a healthy living environment, for example, are fields where new
information services can assist the creation of proactive decisions to avoid environmental problems
caused by industrial activity, traffic, or extraordinary weather conditions. The combination of data
coming from different sources such as public registers, companies’ operational information systems,
online sensors and process monitoring systems provides a fruitful basis for creating new valuable
information for citizens, decision makers or other end users. 

The aim of this thesis is to present the concept of intelligent information services and a
methodological background in order to add intelligence using computational methods for the
enrichment of multidimensional data. Moreover, novel examples are presented where new significant
information is created and then provided for end users. The data refining process used is called data
mining and contains methods for data collection, pre-processing, modelling, visualizing and
interpreting the results and sharing the new information thus created. 

Information systems are a base for the creation of information services, meaning that stakeholder
groups have access only to information but they do not own the whole information system that contains
measurement systems, data collecting, and a technological platform. Intelligence in information
services comes from the use of computational intelligent methods in data processing, modelling and
visualization. In this thesis the general concept of such services is presented and concretized using five
cases that focus on environmental and industrial examples. 

The results of these case studies show that the combination of different data sources provides fertile
ground for developing new information services. The data mining methods used such as clustering and
predictive modelling together with effective pre-processing methods have great potential to handle the
large amount of multivariate data in this environmental context also. A self-organizing map combined
with k-means clustering is useful for creating more detailed information about personal energy use.
Predictive modelling using a multilayer perceptron (MLP) is well suited for estimating the number of
tourists visiting a leisure centre and to find the correspondence between pulp process characteristics
and the chemicals used. These results have many indirect effects on reducing negative concerns
regarding our surroundings and maintaining a healthy living environment.

The innovative use of stored data is one of the main elements in the creation of future information
services. Thus, more emphasis should be placed on the development of data integration and effective
data processing methods. Furthermore, it is noted that final end users, such as citizens or decision
makers, should be involved in the data refining process at the very first stage. In this way, the approach
is truly customer-oriented and the results fulfil the concrete need of specific end users. 
  

Keywords: data integration, data mining, electricity, environmental informatics, intelligent
information services, k-means, multilayer perceptron, pulp, self-organizing map





Räsänen, Teemu, Älykkäät informaatiopalvelut ympäristöalan sovelluksissa 
Oulun yliopisto, Teknillinen tiedekunta, Prosessi- ja ympäristötekniikan osasto,  PL 4300, 90014
Oulun yliopisto
Acta Univ. Oul. C 403, 2011
Oulu

Tiivistelmä
Informaation määrä on kasvanut merkittävästi tietoyhteiskunnan kehittymisen myötä. Käytös-
sämme onkin huomattava määrä erimuotoista tietoa, josta voimme hyödyntää kuitenkin vain
osan. Jatkuvasti mitattavan datan suuri määrä ja sijoittuminen hajalleen asettavat osaltaan haas-
teita tiedon hyödyntämiselle. Tietoyhteiskunnassa hyvinvointi ja terveellisen elinympäristön säi-
lyminen koetaan aiempaa tärkeämmäksi. Toisaalta yritysten toiminnan tehostaminen ja kestävän
kehityksen edistäminen vaativat jatkuvaa parantamista. Informaatioteknologian avulla moniulot-
teista mittaus- ja rekisteritietoa voidaan hyödyntää esimerkiksi ennakoivaan päätöksentekoon
jolla voidaan edistää edellä mainittuja tavoitteita. 

Tässä työssä on esitetty ympäristöalan älykkäiden informaatiopalveluiden konsepti, jossa
oleellista on loppukäyttäjien tarpeiden tunnistaminen ja ongelmien ratkaiseminen jalostetun
informaation avulla. Älykkäiden informaatiopalvelujen taustalla on yhtenäinen tiedonlouhintaan
perustuva tiedonjalostusprosessi, jossa raakatieto jalostetaan loppukäyttäjille soveltuvaan muo-
toon. Tiedonjalostusprosessi koostuu datan keräämisestä ja esikäsittelystä, mallintamisesta, tie-
don visualisoinnista, tulosten tulkitsemisesta sekä oleellisen tiedon jakamisesta loppukäyttäjä-
ryhmille. Datan käsittelyyn ja analysointiin on käytetty laskennallisesti älykkäitä menetelmiä,
josta juontuu työn otsikko; älykkäät informaatiopalvelut. 

Väitöskirja pohjautuu viiteen artikkeliin, joissa osoitetaan tiedonjalostusprosessin toimivuus
erilaisissa tapauksissa ja esitetään esimerkkejä kuhunkin prosessin vaiheeseen soveltuvista las-
kennallisista menetelmistä. Artikkeleissa on kuvattu matkailualueen kävijämäärien ennakointiin
ja kotitalouksien sähköenergian kulutuksen pienentämiseen liittyvät informaatiopalvelut sekä
analyysi selluprosessissa käytettävien kemikaalien määrän pienentämiseksi. Näistä saadut koke-
mukset ja tulokset on yleistetty älykkään informaatiopalvelun konseptiksi. 

Väitöskirjan toisena tavoitteena on rohkaista organisaatioita hyödyntämään tietovarantoja
aiempaa tehokkaammin ja monipuolisemmin sekä rohkaista tarkastelemaan myös oman organi-
saation ulkopuolelta saatavien tietolähteiden käyttämistä. Toisaalta, uudenlaisten informaatiopal-
velujen ja liiketoimintojen kehittämistä tukisi julkisilla varoilla kerättyjen, ja osin yritysten hal-
lussa olevien, tietovarantojen julkaiseminen avoimiksi. 

Asiasanat: informaatiopalvelu, laskentamenetelmät, mallintaminen, matkailu,
prosessitekniikka, sellu, sähköenergia, tiedonlouhinta, tietojärjestelmät, ympäristö
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1 Introduction 

1.1 Background 

We are living in an information society where the creation, distribution, use, 

integration and manipulation of information are crucial for economic, political, 

and cultural activity. In this context, information technology plays a very 

significant role enabling access to the available information and services, which 

improves the quality of life. The information society is defined as a creative 

society that is based on interaction in that process. New technology has a 

significant role but most important is the new way of doing things (Castells & 

Himanen 2002).  

There is also a relationship between sustainable development and the 

information society. The effective use of information is seen as vital in the 

creation of a path towards sustainable development. Bringing together 

environmental issues and the information society is challenging but it would 

result in a new kind of understanding about the overall framework (Välimäki 

2002). Within this context, the overwhelming amount of information places 

demands on the integration of computer science, environmental science and new 

technological approaches in order to promote sustainable development (Pillmann, 

Geiger & Voigt 2006). The development of the information society has created an 

environment full of potential for utilizing new technology, such as computer 

science, in sustainable development (Välimäki 2002).  

This modern society has been confronted with a data overload, which makes 

it difficult to see the significant issues or validity behind the data. Problems 

relating to the quantity and diversity of data have always been attached to 

decision making and the efficient use of available information (Bawden & 

Robinson, 2009). Moreover, information is moving faster and becoming more 

plentiful and people, enterprises and business are benefiting from this change. 

Unfortunately, at a certain level, the glut of information no longer adds to our 

quality of life but instead begins to promote stress, confusion and even ignorance. 

Furthermore, this information overload aggravates the ability to see the critical 

distinction between information and understanding (Shenk 2003).  

The main reasons behind the information overload are the increasing rate of 

new information being produced and the ease of transmission of data via the 

Internet. Furthermore, there are many different channels of incoming information, 
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like online measuring systems, telephone, e-mail, instant messaging and really 

simple syndication (rss) news feeders. As a result of this, there are large amounts 

of complex data to handle and in the worst case a lot of contradiction, 

inaccuracies or even missing values are included. As well, the data could face the 

problem of a low signal-to-noise ratio. Due to these facts, there is a need for 

methods to compare and process the different kinds of information and find the 

most significant issues from all the available data (Shenk 2003). 

Another important issue in using data and the creation of new information 

services is data availability. The technology of information systems should 

provide flexible possibilities to access data. Besides, data should be available for 

free. At least, all the data whose collection has been funded using public taxes 

should be freely available. For example, providing public access to environmental 

information is a relatively new approach to environmental management that can 

improve environmental decision making and pollution control (Fugui, Bing & 

Bing 2008). 

Quality of life, well-being, and a healthy living environment are one of the 

fields where new information services are needed. Monitoring different kinds of 

operational environments is another emergent field where information services 

that contain ambient intelligence play a major role (Crowley et al. 2006). 

Moreover, there are similar needs in the industrial sector where one of the main 

goals is not only to get maximum income but also to create more eco-efficient 

processes (Salmi 2007). The combination of data coming from different sources 

like public registers, companies’ operational information systems, online sensors 

and process monitoring systems provides a fruitful basis for creating new 

valuable information for citizens, companies, decision makers or other end users. 
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Fig. 1. Intelligent information systems require three main elements: 1) a clear 

definition of the end user’s problem, 2) data describing the phenomena behind the 

problem and 3) the existing information management system. 

However, integrating different kinds of data sources provides a fruitful starting 

point for finding out more detailed information that describes the behaviour of the 

phenomena. Furthermore, it provides a good basis for creating intelligent 

information services, which deliver advanced solutions for the information needs 

of the end user. The main aim of these services is to provide end users with easy 

access to the desired information without the burden of mastering the technology 

or information systems. In Figure 1, the main elements of successful information 

services are clarified as the background of this study. These are namely: 1) a clear 

definition of the end user’s problem, 2) data describing the phenomena behind the 

problem and 3) the existing information management system. This thesis presents 

the concept of intelligent information services, the methods behind them and 

concrete environmental and industrial examples of such services. 

1.2 Information systems and services 

Information systems deal with the planning, development, management and use 

of information technology tools to help people perform all tasks related to 

information processing and management. These systems make it possible to 

organize data so that it has a meaning and value to the recipient (Rainer & Turban 

2008). Nowadays, such systems are widely used in everyday life, industry and 
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business. For example, environmental information systems are concerned with the 

management of data about soil, water, air and the species in the world around us. 

The collection and administration of such data is an essential component of any 

efficient environmental protection strategy or solving the correspondence between 

nature and industrial activities. One of the main aims of environmental 

information systems is to respond to a major demand by offering available 

environmental information and giving access to it for citizens, companies, 

decision makers and other end users (Günther 1998). 

It is possible that an innovative use of information systems will radically 

change the way a firm or authority conducts their business and even change a 

firm’s services, such as when a service is available on the Web (Detlor 2010). 

Thus, information systems are a base for the creation of information services. The 

idea behind providing such services is that stakeholder groups have access only to 

the information but do not own the whole information system. Thus they do not 

have the burden of maintaining or setting up measurement systems, data 

collecting, or technological platform. In other words, information service is the 

offering of a capability for generating, acquiring, storing, transforming, 

processing, retrieving, utilizing, or making available information via 

telecommunications, but it does not include any capability for the management, 

control, or operation of a telecommunications system or the management of a 

telecommunications service (Jadad 1999).  

In this context, the Internet has created a new means not only for 

communication but also for the access, sharing, and exchange of information 

among people and machines (Jadad 1999). The Internet is a channel for providing 

the information services for many kinds of applications that also enable citizens, 

companies, decision makers and other end users to have an input in the decision-

making process and receive meaningful information.  

1.3 Computational intelligence 

Finding a needle in a haystack is really difficult and sometimes you do not even 

have a clue as to what it is you are looking for, i.e. a needle or what? This is a 

familiar situation when dealing with data sets. Computational methods are used to 

process and analyse data, thus they provide some help in finding the needle in the 

haystack. Intelligence in information services comes from the use of 

computationally intelligent methods in data processing, modelling, and 

visualization. The methods used often include neural networks, fuzzy systems and 
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evolutionary programming (Lu et al. 2007). Furthermore, according to one 

definition, computational intelligence in methods requires the following 

characteristics (Pal & Pal 2002): 

1. considerable potential in solving real-world problems,  

2. ability to learn from experience,  

3. capability of self-organization and  

4. the ability to adapt in response to dynamically changing conditions and 

constraints.  

For example, computationally intelligent methods have been applied to many e-

Services, giving benefits to online customers’ decision making, personalized 

services, online searching, and data retrieval together with various web-based 

support systems (Lu et al. 2007).  

1.4 Data mining in environmental applications 

Data mining is a part of the knowledge discovery process, which utilizes various 

computational methods capable of handling a lot of data. Environmental systems 

contain many interrelated components and processes, which may be biological, 

physical, geological, climatic, chemical, or social. The problems related to 

environmental systems exhibit a complexity that originates, for example, from 

their multidisciplinarity, nonlinearity, high dimensionality, heterogeneity of data, 

uncertainty, and imprecise information or cyclic behaviour. For these reasons and 

due to the changing behaviour of natural systems, there is a need for data analysis, 

modelling and development of decision support systems in order to understand 

environmental phenomena and improve the management of the associated 

complex problems (Jakeman et al. 2008). These features also occur in many 

industrial systems and systems where people are involved. 

Knowledge discovery from data (KDD) is a non-trivial process of identifying 

valid, novel, potentially useful, and ultimately understandable patterns in data 

(Fayyad et al. 1996). Data mining is often described as a part of KDD (see Figure 

2), referring to the analysis of (often large) observational data sets to find 

unsuspected relationships and to summarize the data in novel ways that are both 

understandable and useful for the data owner. Data mining can be regarded as 

consisting of exploratory data analysis, descriptive modelling, predictive 

modelling (regression and classification), discovering patterns and rules or 

retrieval by content (Hand et al. 2001). 
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Fig. 2. Overview of the knowledge discovering (KDD) in databases process (modified 

from Fayyad et al. 1996, Pyle 1999). 

In general, the knowledge discovering process is divided into six sequential 

iterative steps comprising 1) problem definition or understanding of goals, 2) data 

acquisition, 3) data pre-processing and transformations, 4) data modelling, 5) 

interpretation and evaluation of results and 6) knowledge deployment. An 

overview of this process is presented in Figure 2. Each step is vital and should be 

carried out carefully. The problem defines what kind of data has to be used and 

also gives a hint of the kind of solution that is wanted. The modelling of data 

makes it possible to apply the results to new data. On the other hand, data 

modelling without good understanding and careful preparation of the data may 

produce incorrect results. After all, the whole data mining process is meaningless, 

if the new knowledge will not be used in decision making or as a solution of the 

end user’s problem (Pyle 1999, Fayyad et al. 1996)  

Due to the complex behaviour of natural or environmentally related man-

made processes, suitable measuring, analysing and modelling methods face many 

challenges (Jakeman et al. 2008). Among direct observation data, many other 

indirect data sources can be adopted in solving environmental problems. For 
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example, public registers, census data, corporate operative data, and spatial 

information are often available. This leads to a situation where there is a lot of 

multidimensional data that has to be integrated to describe certain phenomena. 

Observation data often comprises a time series measured over several years where 

the primary influence on the modelling originates from the cycles of the nature 

and from human activity. This causes seasonality and timely (hourly, daily or 

weekly) variations, which are typical characteristics of environmental problems 

that have to be taken into account in data mining tasks (Kolehmainen et al. 2000).  

Furthermore, data quality is one of the success factors in data mining 

approaches. Most computational methods require complete data sets and missing 

data caused by measurement failures or human errors is problematic. Additionally, 

systematic errors originating from erroneous calibration, noise, uncertainty, and 

outliers are also challenging (Kanevski et al. 2004). A multitude of variables often 

leads to a situation where the same information is used several times and there is 

a need for feature selection or pre-processing. The lagged and nonlinear 

interactions between variables exist in natural processes, setting requirements for 

the pre-process and modelling methods used (Kolehmainen 2004). Moreover, the 

dynamic behaviour of continuous processes requires also handling of time-lagged 

variables in order to create successful online monitoring systems (Komulainen, 

Sourander & Jämsä-Jounela 2004). 

1.5 Aims of the thesis 

The main aim of this thesis is to study and define the concept of intelligent 

information services in the environmental field and the technology behind them. 

The technology developed in this thesis relies heavily on KDD, described above. 

A set of methods suitable for each phase of the data processing chain described in 

Figure 2, is presented in the next section.  

Moreover, one aim of this thesis is to encourage researchers, people and 

organizations to use their data resources more innovatively. By combining 

different data sources, new benefits can be achieved. Besides, the free availability 

of public data resources combined with corporate data would enable the creation 

of many new information services. Data policy should promote the development 

of new services instead of preventing natural progress in this sector. At the very 

least public data whose collection or measuring has been funded using public 

taxes should be freely available. Therefore, this thesis encourages the innovative 

use of the different kinds of available data sets.  
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Furthermore, the logic of intelligent services is clarified by presenting five 

examples (Articles 1–5) concerning environmental and industrial applications. 

Although the application areas of these examples differ, they are still good 

examples of the two main aims of this thesis. Firstly, in all cases (Articles 1–5), 

multiple data sets, which were originally produced for other purposes, were 

integrated and refined to give more valuable information. Secondly, the data 

mining methods applied are not restricted to handling problems in only a specific 

field. On the contrary, the methods are generic and used widely in cases where a 

vast amount of data is available. 

1.6 The author’s contribution 

This thesis consists of the scientific publications that are the result of several 

research projects carried out at the Research Group of Environmental Informatics, 

University of Eastern Finland (formerly the University of Kuopio) during 2005–

2010. The author was the coordinator and carried out most of the research work 

and writing concerning Articles 1–5.The author’s contribution in each publication 

is explained below. 

In Article 1, the author created the data processing core and carried out 

computations and writing while Harri Niska, Teri Hiltunen and Mikko 

Kolehmainen gave assistance and guidance with numerical calculations using 

MLP and validated the models. Jarkko Tiirikainen constructed the database and a 

server-based web service.  

Article 2 on the reduction in electricity use was prepared mainly by the author. 

Mikko Kolehmainen assisted in the design of data mining tasks and validation 

procedures.  

The creation of data-based electricity load curves was carried out jointly by 

the author and Dimitris Voukantsis (see Article 3). Mikko Kolehmainen provided 

important information about utilizing load curves in the energy company’s 

network information system. Harri Niska calculated the regression models for the 

customer-specific temperature compensation indices. Kostas Karatzas took part in 

the writing process and in the validation of the modelling results.  

Article 4 focused on the clustering of time series data and was prepared 

mainly by the author. Mikko Kolehmainen gave assistance and guidance with the 

numerical calculations and Juhani Ruuskanen took part in the writing process. 

In Article 5, the author’s role focused on applying MLP to solve the 

correspondence between process variables. Risto Soukka, Sami Kokki and Yrjö 
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Hiltunen provided some important information about the pulp making process and 

process life-cycle profit models.  

1.7 The structure of the thesis 

Chapter 1 of this thesis presents an introduction to the study, the aim of the 

studies and the structure of the thesis. Chapter 2 clarifies the idea behind data 

integration and presents the data and the information sources used in this study. 

Chapter 3 introduces the main computational methods used in this thesis. Next, 

the main results achieved are presented in Chapter 4. Discussions and ideas for 

commercializing intelligent information services are presented in Chapter 5. 

Finally, conclusions and suggestions for future work are presented in Chapter 6. 
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2 Data integration and information sources 

2.1 Data integration 

Data integration means combining data residing at different sources, and 

providing the user with a unified view of these data. The problem of designing 

data integration systems is of utmost importance in real world applications 

(Lenzerini 2002). Data integration is essential in large enterprises or organizations 

owning a multitude of data sources, for progress in large-scale scientific projects, 

where multiple researchers are producing data sets independently. Moreover, data 

integration is needed for better cooperation between government agencies, each 

with their own data sources. The World Wide Web is also a good example where 

structured data sources provide the possibility for efficient searching (Halevy, 

Rajaman & Ordille 2006).  

A data warehouse is a subject-oriented system environment, which is 

constructed to fulfil the needs of data integration. In general, a data warehouse is 

an informational environment that provides an integrated and total view of the 

enterprise, for example, by making current and historical information easily 

available for strategic decision making. The main idea is to make use of the large 

volumes of existing data and to transform it into forms suitable for providing 

strategic information (Ponniah 2010). 

Data integration includes data pre-processing operations, which should 

improve the usefulness of the data. Data warehousing is an environment, which is 

a blend of many technologies, providing facilities for data pre-processing, data 

analysis and decision support. Furthermore, it should be flexible, interactive and 

completely user-driven. The environment should provide the capability to 

discover answers to complex questions. It is important that business or application 

requirements, and not technology, drive the creation of a data warehouse. The 

main aim of data integration and use of data warehouses is (Ponniah 2010): 

– to gather all the data from operational systems 

– to include relevant data from outside 

– to integrate all the data from various sources 

– to remove inconsistencies and transform the data 

– to store the data in formats suitable for easy access for decision making and 

data analysis. 
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Typically, data warehousing includes a blend of technologies which all work 

together in order to provide strategic information for every need separately. Many 

companies have their own approaches, focusing on extracting the data, cleaning it 

up, and making it available for analysis. Technology is used for actions like data 

acquisition, data management, data modelling and metadata management that are 

typical parts of a data warehouse (Ponniah 2010, Mattison 1996, Anahory & 

Murray 1997). Furthermore, there are many architectures for data warehouses. 

Figure 3 presents the centralized architecture of a data warehouse that was also 

used in the information services prototypes (for example Article 1) of this thesis. 

In this architecture, data is first gathered in organization-specific online 

transaction processing (OLTP) systems which handle transaction-oriented 

applications like data entry and retrieval transaction processing. After that data is 

preprocessed and stored to data warehouse for the further refinement. Interfaces 

between different parts of the system should be created using the public standards 

available. This would improve the efficient use of data.  

Fig. 3. Centralized architecture of data warehouse. 

In this thesis, data integration had a major role because multiple data sources were 

used in each case. The research work described in Articles 1–5 always started 

with the tasks of data integration. After data acquisition, data was typically stored 

in a relational database or an integrated file for modelling was constructed. In a 

continuous application, data was pre-processed and stored in a MySQL relational 

database, which was flexible and suitable for recurring queries and data 

processing. 
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2.2 Information sources 

The following chapters present the main information sources used in the 

examples of this thesis and also some other useful data providers for 

environmental applications.  

2.2.1 Mobile telecommunications data 

The number of mobile network subscriptions in Finland is 6.9 million, which 

equals 130 subscriptions per 100 citizens (Statistics Finland, 2009). The mobile 

telecommunications network is constructed so that a mobile phone is always 

connected to some cell in an area covered by each base transceiver station (Drane 

et al. 1998). Furthermore, most of the people carry mobile phones with them 

when moving across the country. These facts give an opportunity to use the 

mobile operators’ information systems in order to find out how many mobile 

phones there are in a certain cell (area) in the desired time period, producing a 

dynamic estimation of the amount of people in a region. 

Telecommunications data is normally used for customer billing and network 

management purposes. Moreover, GSM positioning is a method used to 

determine the geographical location of an individual mobile phone user (Drane et 

al. 1998). Instead of locating individual users, anonymous cell-based information 

about mobile phones is suitable for estimating the number of people in a certain 

region at a given time.  

Recently, mobile telecommunications data has been applied in this manner to 

predict regional tourist numbers, to understand human mobility (Gonzales et al. 

2008) and traffic management (Messelodi et al. 2009). In Article 1, mobile 

telecommunications data were collected from seven base transceiver stations 

(BTS), which were a part of the mobile (GSM) network of Finnet Ltd., which has 

a market share of approximately 20% of the Finnish mobile phone sector. The 

area covered by each base transceiver station is called a cell (Drane et al. 1998) 

and these seven cells cover most of the area of a tourist centre.  

The collected raw data contains date, time, area code, cell identification code, 

and type for every telecommunications event, i.e. all outgoing and incoming calls, 

general packet radio service data transfers (GPRS) and short message services 

(SMS). This raw data is transformed into four continuous time series by 

calculating the events in a particular hour. In Article 1 the time resolution of a 

time series is one hour.  
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2.2.2 Population information system 

A census is the procedure of systematically acquiring and recording information 

about the members of a given population, agriculture, business and industry. Most 

countries have specific organizations to carry out procedures for collecting, 

storing, maintaining and sharing census data. Such data is typically commonly 

used for research, business marketing, and planning as well as a base for sampling 

surveys.  

The Finnish Population Information System is a national register containing 

basic information about Finnish citizens and foreign citizens residing permanently 

in Finland. Additionally, the system contains information about buildings, 

construction projects, residences, and real estate. The National Population 

Register Centre maintains the system and it is used in Finnish information 

services and management, including public administration, elections, taxation, 

judicial administration, research and statistics. Moreover, private organizations 

can also have access to information which has been registered since the 1530s 

(Population Register Centre 2009). 

The population data is personal, including name, personal identity code, 

address, citizenship and native language, family relations and dates of birth and 

death. Building data includes the building code, location, owner, area, facilities 

such as heating type and network connections, intended use and year of 

construction. Real estate data includes the real estate unit identifier, owner’s name 

and address, and buildings located on the property (Population Register Centre 

2009). 

The same kind of census information is available in many countries. The U.S. 

Census Bureau provides national census data concerning, for example, people, 

households, business, industry and also geography and maps (U.S. Census Bureau 

2009). The U.K. Office for National Statistics maintains census data for England 

and Wales. The collected census information allows local government, health 

authorities and many other organizations to target their resources more effectively 

and to plan housing, education, health, and transport services (U.K. Office for 

National Statistics 2009). 

In Article 2 the census data, especially building characteristics, provided by 

the Finnish Population Information System are used to cluster buildings in order 

to group electricity users. The aim is to provide more personal information to 

electricity users, allowing comparisons between one’s own and other similar users’ 

electricity use.  
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2.2.3 Corporate operative data 

In many companies, information systems are used to manage, control and report 

daily operations like sales, logistics, process control, production and 

environmental monitoring. Moreover, basic activities like customer relationships 

and financial management or access control are handled using information 

systems. These activities generate large quantities of data, giving solutions for 

each individual need of the company. However, integrating this operative 

information with other data sources could deliver new ideas for developing 

company operations. In some cases, even financial benefits would be possible by 

selling the data to other service providers. For example, mobile 

telecommunications data has been applied for predicting tourist numbers (Article 

1), understanding human mobility (Gonzales et al. 2008), and traffic management 

(Messelodi et al. 2009). These applications are possible if the telecommunications 

operator provides the needed data to a third party service provider. Furthermore, 

other examples are presented in Article 1 where daily fresh water consumption is 

used as a measurement describing the amount of people in a tourist centre and in 

Article 2 where electricity use data is provided in order to change customers’ 

electricity use behaviour.  

Industrial plants and factories also have large databases full of data describing 

the behaviour of their own processes. Besides process monitoring (Uraikul et al. 

2007), continuous observations may target the plant surroundings, producing 

information about the state of the environment (Ackerman & Sundquist 2008). 

Emissions to air, water, and soil are typical examples of this kind of observation, 

which originated from private use but are also of great interest to other actors 

such as the authorities. In Article 5, observation data from a pulp bleaching 

process is used to solve the missing or unknown correlations between process 

variables in order to create a more complete process life-cycle profit model. The 

life-cycle profit model (LCP) is a tool that can be used to analyse the main 

development tasks in order to obtain a more efficient process. In other words, the 

main purpose of the plant’s LCP model is to recognize the development 

possibilities, which can be achieved by process changes allocated to different 

stages of the process.  

In Article 5, the raw process data originates from the pulp mill process 

control and measuring system. The data management system of the mill contains 

detailed information about emissions, end products, and raw material demand, 
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which would be valuable for authorities, suppliers, product developers and other 

interest groups.  

2.2.4 Weather data 

The weather plays a significant role in environmental phenomena and affects 

natural processes in many ways. Observed weather data and forecasts are 

examples of information that is needed in most applications. The national weather 

observation network has been established in most countries. Moreover, there are 

many privately-owned weather stations that are not connected to each other but in 

many cases they are available for the use of local services.  

Weather forecasts and climate statistics based on weather observations, and 

the observations themselves are all essential in the production of a wide selection 

of services and in atmospheric and environmental research activities. The Finnish 

Meteorological Institute provides frequent observations for over 500 different 

locations around the country. The users of this information are private citizens, or 

those who operate in the fields of aviation, travel, agriculture, forestry, energy 

production, or maintenance services (FMI 2009). 

The Finnish Meteorological Institute (FMI) provides weather data as 

requested. Observed data from surface weather stations is available dating back to 

1959. Older observation sheets are stored in the central archives of the FMI. The 

most common observation parameters are temperature, humidity, visibility, wind 

speed, air pressure, precipitation, past and present weather, clouds, state of the 

ground, and snow depth. Furthermore, FMI provides information about sunshine, 

ultraviolet radiation, lightning, electromagnetic radiation and it also has several 

weather cameras spread all over the country (FMI 2009).  

2.2.5 Other environmental data sources 

Public and private organizations maintain many other data sources which are 

useful in environmental applications and information services. These data sources 

have been used in the author’s previous research (Nuortio et al. 2004, Räsänen 

2004) but not in Articles 1–5. In spite of this, these useful data sources are worth 

introducing briefly as potential data sources for new environmental information 

services. 

The Grid Database contains coordinate-based statistical data calculated by 

map grid. The available grid sizes are 250 m x 250 m and 1 km x 1 km, covering 
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the whole of Finland. The database contains data by selected key variables 

describing the population structure, education, main type of activity and income, 

households' stage in life and income, as well as buildings and workplaces. The 

Grid Database is widely used for example in planning, research (Tainio et al. 

2009) and market analysis (Koistinen & Väliniemi 2007). The Grid Database is 

updated annually with the latest statistical data. The numerical database is 

provided in dBase format and spatial information either in MapInfo (*.TAB) or 

ArcView (*.SHP Shapefile) format. The coordinate system used is the uniform 

coordinate system (KKJ3) (Statistics Finland 2008). 

The environmental emission database (VAHTI) maintained by the Finnish 

environmental administration functions as a tool for the 13 regional environment 

centres in their work on processing and monitoring permits. The system contains 

information on the environmental permits of clients and on the wastes generated, 

discharges into water and emissions to air. In the future, the system will also 

include information on noise emissions. In 2003 the database contained 

information concerning 31000 clients. The system is used by the environment 

centres and by other interested parties, with 800 active users. The VAHTI system 

is a tool for environmental administration but the data is also available for other 

interested parties who need information (Finnish Environment Institute 2010a). 

The Environmental Information System (HERTTA) consists of subsystems 

containing information on, for example, monitoring of water quantity and quality, 

environmental protection, biological diversity, land use and environmental 

loading. The data system is also maintained by the Finnish environmental 

administration and has the following subsystems (Finnish Environment Institute 

2010b): 

– Air Emission Data system 

– Data bank of Environmental Properties of Chemicals (EnviChem) 

– Database of Threatened Species 

– Forms for monitoring local detailed plans 

– Groundwater Database 

– Hydrology and Water Resources Management Data system 

– Information System for Monitoring Land Use Planning 

– Information System for Monitoring the Living Environment 

– Lake register 

– Phytoplankton Database 

– State of Finland's Surface Waters 
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The Geological Survey of Finland generates information on the Earth’s crust and 

its natural resources and hosts information systems providing data to the public. 

These systems are utilized mainly by government agencies and exploration 

companies in geological mapping, environmental studies and urban planning. Part 

of the material is chargeable by law and also available for free. Data support 

activities concern, for example, geophysics, geochemistry, bedrock, minerals and 

surface geology (Geological Survey of Finland 2010).  

Environmental problems are typically spatially related and spatial data plays 

a significant role in planning and decision making. The National Land Survey 

(NLS) of Finland produces and provides information on and services in real estate, 

topography and the environment for the needs of citizens, other customers and the 

community at large. The NLS is responsible for Finland’s cadastral system and 

general mapping assignments. It also promotes the shared use of geographic 

information. 
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3 Data pre-processing and computational 
methods 

3.1 Pre-processing of data 

The connection between the expected phenomenon and measurements is not 

always clear. The measurements have to be turned and organized into data sets 

which describe the problem linked to the real world destination. This means that 

some adjustments, alterations and reformatting have to be applied to the data sets 

to prepare them for further operations (Pyle 1999). Data pre-processing describes 

any type of processing performed on raw data to prepare it for another processing 

procedure, such as modelling or statistical analysis. In other words, this 

preliminary data mining practice, pre-processing, transforms the data into a 

format that will be more easily and effectively processed for the purpose of the 

user. Typically data pre-processing includes procedures such as (Han & Kamber 

2000): 

– cleaning (imputing missing values, outlier identification, smoothing noisy 

data), 

– sampling (selecting a representative subset from a large population of data), 

– variable selection (selecting a subset of variables) 

– transformation (scaling variables into the same range) 

– data reduction (compressing the size of the data) and 

– feature extraction (pulling out specified data that is significant in some 

particular context) 

There are a number of different methods, tools and approaches used for pre-

processing in each of its tasks. The product of data pre-processing is the final data 

set suitable for modelling, analysis, visualizing or other methods in order to refine 

information for the end users’ needs. 

A wide range of data pre-processing methods was used in this thesis. These 

methods are also a fundamental part of intelligent information services. 

Combining different data sets was done in all of Articles 1–5. Data cleaning was 

used when time series of customer-specific electricity use was smoothed out using 

a moving average filter (Box et al. 1970) (Article 3). Transformation methods, 

like variance scaling and normalization, were used to scale variables to the same 

range (Articles 1–5). 
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Data reduction is also one of the aims of data pre-processing. Due to the large 

amounts of data, computational methods demand efficient computational 

resources and therefore reduction of the size of the data is needed. Typically, there 

are three different approaches for this: 1) dimension reduction, 2) instance 

selection and 3) value discretization. In this thesis, instance selection was applied 

with hourly electricity data. As a result, only a selected set of raw time series data 

was used in clustering. The number of data points is case-specific and in our case 

it was 5% of the initial length of the time series (Article 3). The time points had to 

be chosen randomly and they had to be the same for each variable in order to 

make a proper inter-comparison.  

In data reduction, value discretization divides a variable’s numeric value 

space into categories and thus reduces the number of unique values. Methods like 

binning, histogram analysis and segmentation by natural partitioning is used in 

value discretization (Han & Kamber 2000). Likewise, clustering analysis is used 

in the reduction of data size. A self-organizing map was used in data reduction 

before clustering with the K-Means algorithm in two cases: clustering buildings 

(Article 2) and clustering electricity customers concerning their electricity use 

behaviour (Articles 3–4). 

Furthermore, the feature extraction is commonly used method in dimension 

reduction. It was used in this thesis (Article 4) and it is described in more detailed 

level in the next chapter.  

3.2 Feature extraction 

Designing intelligent services for real world applications faces sometimes the 

problem of the plenty amounts of observation data that contain not so useful 

information. This also sets a demand for the efficiency of data processing 

algorithms and therefore the reduction of data size is needed. Transforming the 

input data, like a long time series, into a set of features is called feature extraction. 

The aim is to produce a set of smaller features containing the relevant information 

from the input data. A constructed feature set is the reduced representation of the 

input data used in computational tasks. For example, by calculating a finite set of 

statistical measures it is possible to capture the global nature of the time series. 

This approach ignores the length of the time series and can handle also a small 

amount of missing values (Wang et al 2006). The majority of feature extraction 

methods has a generic nature, but the extracted features are usually application 
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dependent. Thus, one set of features that works well on one application might not 

be relevant to another (Liao 2005). 

In Article 4, features were extracted from the hourly measured electricity use 

data by using a window of one week i.e. 168 data rows (hours). In this case seven 

features were extracted from each customer's data. The features extracted were: 

mean standard deviation, skewness, kurtosis, chaos, energy, and periodicity. 

Equations for each feature are described in Article 4.  

Mean and standard deviation are simple but useful features. Skewness is the 

degree of symmetry in the distribution of energy use data and kurtosis measures 

how much a distribution is peaked at the centre of a distribution (Baek et al 2004). 

Furthermore, many real world systems may contain chaotic behaviour and 

especially nonlinear dynamical systems often exhibit chaos, which is 

characterized by sensitive dependence on initial values, or more precisely by a 

positive Lyapunov Exponent (LE). LE, as a measure of the divergence of nearby 

trajectories, has been used to qualify chaos by yielding a quantitative value. It is 

common to just refer to the largest one, i.e. to the Maximal Lyapunov exponent 

(MLE), because it determines the predictability of a dynamical system. A positive 

MLE is usually taken as an indication that the system is chaotic (Sprott 2003). 

The periodicity is important for determining the seasonality and examining 

the cyclic pattern of the time series (Wang et al. 2006). The length of occurring 

period was solved using a Discrete Power Spectrum (periodogram), which 

describes the distribution of the signal strength into different frequency values. 

The spectrum generally enlightens the nature of the data (Masters 1995). The 

most powerful frequency value was transformed into hour form and was taken 

into the feature data set and used as a periodicity feature. 

The feature called energy is a measure of the intensity of changes in data (e.g. 

movement, electricity use, etc.) and it was calculated by taking the sum of the 

squared discrete fast fourier transform (FFT) magnitudes and dividing by the 

window length (Ravi et al. 2005). 

3.3 Variable selection 

Selecting the most relevant variables is one of the main problems in modelling 

and computational applications. In a variable selection, the main aim is to select 

subsets of variables that are useful in building a model describing a problem 

sufficiently and fulfilling the accuracy requirements. Selecting the most relevant 

variables is usually suboptimal, particularly if the variables are redundant. On the 



36 

other hand, a subset of useful variables may exclude many redundant, but relevant, 

variables (Guyon & Elisseeff 2003). For example, a basic problem in building a 

multiple regression model is the selection of predictors (variables) to include. In 

other words, given a dependent variable Y and a set of potential predictors X1, …, 

Xp, the problem is to find the best model of the form Y = X1* β1* + … + Xq* βq* + c, 

where X1*, …, Xq* is a selected subset of X1, …, Xp. When p is large, the 

computational requirements for variable selection procedures can be prohibitive 

(George 2000). 

In data-based modelling, the selection of significant variables to represent the 

modelling problem is one of the main topics because irrelevant or noisy variables 

may disturb the training process, leading to a complex model structure and poor 

generalization power. In real-word problems, like industrial processes, a high 

number of variables are usually available and thus, the selection of optimal input 

variables is important. It will also reduce data processing times crucially (Niska et 

al. 2006). Due to the reasons mentioned above, many different variable selection 

algorithms have been developed. For example, there are methods based on 

correlation analysis, sensitivity analysis, and genetic algorithms (Guyon & 

Elisseeff 2003, Kubinyi 1996). Moreover, expert opinions have been also used in 

selecting variables (Garthwaite & Dickey 1996). 

In Article 5, the correlation analysis was used to select the input variables of 

the multilayer perceptron (MLP) model because it is simple, fast, and efficient by 

in terms of computational time. Additionally, it has been shown that correlation 

analysis produces moderately good results compared to other more intelligent and 

sophisticated methods like genetic algorithms or sensitivity analysis (Niska et al. 

2006).  

Additionally, in Article 1 the variable selection concerning the predictors of 

tourist amount in a recreational area was done using expert opinions. Experienced 

people from tourist centres, service providers, authorities and tourists participated 

in the creation of the model by giving opinions about factors affecting behaviour 

of tourists.  

3.4 Clustering 

Clustering means the grouping of unlabelled data using computational methods so 

that observations in the same cluster are similar in some sense and the clusters are 

as dissimilar as possible. The aim of clustering methods is to reveal the natural 

grouping of data by measuring similarity of data points, elements or patterns. In 
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general, clustering involves four stages; 1) data representation, 2) defining 

similarity measure, 3) clustering and 4) assessment of output meaning, for 

example, describing the characteristics of clusters (Jain et al. 1999, Xu & Wunsch 

2005). 

However, to be able to fully understand the content of a data set, describing 

for example some environmental phenomena, it is vital to find out if the data set 

has a cluster structure. Thus, the clusters need to be extracted to be able to fully 

exploit the properties of the data set by producing summary information. For each 

cluster, not only the means or medians and ranges of single variables are 

interesting but also aspects like which variable makes the cluster different from 

the neighbouring clusters or which factors make the cluster different from the rest 

of the data. Moreover, it is important to solve whether the cluster is spherical or 

an outlier, and does it have sub-clusters. The summary of the dependencies 

between variables in the clusters is also informative and gives better insight into 

the phenomena (Vesanto & Alhoniemi 2000). 

3.4.1 K-means 

The K-means algorithm is a well-known non-hierarchical clustering algorithm 

and it was applied in Articles 2 and 4 to the clustering of the self-organizing map 

prototype vectors. The basic version begins by choosing the number of clusters 

and randomly picking K cluster centres. Thereafter, each point is assigned to the 

cluster whose mean is closest in the sense of Euclidean distance, which was used 

as a similarity measure. Finally, the mean vectors of the points assigned to each 

cluster are computed, and they are used as new centres in an iterative approach 

until the convergence criterion is met. If the convergence criterion is not met, the 

cluster centres are recomputed using the current cluster memberships. Algorithm 

aims to minimize an objective function which is presented in equation 1 where 
( ) 2j
i jx c−  is a chosen distance measure between a data point ( )j

ix  and the cluster 

centre cj, is an indicator of the distance of the n data points from their respective 

cluster centres (MacQueen 1967). There are at least two typical convergence 

criteria: no reassignment of patterns to the new cluster centres nor minimal 

decrease were achieved in squared error (Jain et al. 1999)  
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The number of clusters in the case specific application may not be known a priori. 

In the K-means algorithm, the number of clusters has to be predefined. However, 

it is common that the algorithm is applied with a different number of clusters and 

then the best solution among them is selected using a validity index. The Davies-

Bouldin index (DB), which is one the cluster validity measures, (Davies & 

Bouldin 1979) is calculated as follows: 
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where N is the number of clusters. The within (Si) and between (dij) cluster 

distances are calculated using the cluster centroids as follows: 

 
1

i

i j
x Ci

S x m
C ∈

= − , (3) 

 ij i jd m m= −  (4) 

where mi is the centre of cluster Ci, with j Cij the number of points belonging to 

cluster Ci. The objective is to find the set of clusters that minimizes Equation 3. 

The Davies–Bouldin index was also used in Articles 2 and 4 to solve the 

optimal number of clusters. The DB index was calculated for the SOM prototype 

vectors. The DB index varies slightly between calculations because the initial 

starting point is set randomly. In these cases, the index was calculated 20 times 

and the mean value of the index using different number of clusters was used when 

the optimal number of clusters was selected. After that, the K-means algorithm 

was used to cluster SOM prototype vectors in order to create a reasonable number 

of comparing groups. 

3.4.2 Self-Organizing Map 

The self-organizing map is an effective software tool for the visualization and 

modelling of high-dimensional data and also it is one of the best-known 

unsupervised neural learning algorithms. The goal of the SOM algorithm is to 

find the prototype vectors that represent the input data set and at the same time 

realize a continuous mapping from an input space to a lattice. This lattice consists 

of a defined number of ’neurons’ and is usually a two-dimensional map that is 

easily visualized (Kohonen 1997).  
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The basic principle behind the SOM algorithm is that the weight vectors of 

neurons which are first initialized randomly, come to represent a number of 

original measurement vectors during an iterative data input process. With each 

training pattern (i.e. data line) the winning neuron, known as the best-matching 

unit (BMU), is first found by comparing the input and weight vectors of neurons 

by means of the Euclidean distance metric (Equation 5). The metric is used for 

comparing two vectors xi and xj and is widely used in computational methods  

 ( ) ( ), ( )
T

Euc i j i j i jd x x x x x x= − − .  (5) 

The weights of the winning neuron (BMU) and its neighbours are then moved 

towards the input vector according to a learning rate facr, which decreases 

monotonically towards the end of learning. Thus, each data row, which describes, 

for example, the characteristics of a customer, is classified into a neuron that 

contains the most similar customers. The prototype vector of the neuron 

represents the overall characteristics of all the customers in each neuron.  

The Best Matching Unit (BMU) is the neuron at the smallest Euclidean 

distance from the input vector. It is calculated using Equation 6, where W includes 

the weight vectors of the SOM  

 ( ),i j i jc x W argmin x w= − . (6) 

The weight of the BMU and the neighbouring neurons (according to the 

neighbourhood function) are corrected towards the input vector using the update 

rule described in Equation 7, where t is the counter for iterations, c is the index 

for the neuron to be updated 

 ( ) ( ) ( ) ( )1 [ ]m m cm i mw t w t h t x w t+ = + −  . (7) 

The neighbourhood function is defined in Equation 8, where rc and rm are the 

location vectors for the corresponding nodes, σ(t) defines the width of the kernel 

and α(t) is the learning rate factor (Kohonen 1997) 
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The basic structure of the SOM algorithm is as follows (Article 2): 

1. Find the best matching unit (BMU) for one input vector according to the 

minimum Euclidean distance  
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2. Move the weight vector of the BMU towards that input vector using the 

update rule 

3. Move the weight vectors of neighbouring neurons (according to the 

neighbourhood function) towards that input vector using the update rule 

4. Repeat steps 1–3 for the next input vector until all input vectors have been 

used 

5. Repeat steps 1–4 until convergence is reached 

6. Find the final BMU (the neuron which the individual belongs to) for each 

input vector according to the Euclidean distance. 

For example, in Article 2, an SOM was used to cluster electricity use sites 

according to building characteristics. The training data for the SOM contained 27 

variance scaled inputs. An SOM was constructed having 100 neurons in a 10x10 

hexagonal arrangement. Linear initialization and batch training algorithms were 

used in the map training, which was taught with 10 rounds. A Gaussian function 

was used as the neighbourhood function and the initial neighbourhood had a value 

of 3. More detailed information about constructing an SOM is found in Article 2. 

3.5 Predictive modelling 

Predictive modelling aims to predict the unknown value of a variable interest 

given the known values of other variables. Moreover, the goal of predictive 

modelling is to identify links between the variables of a piece of data. These links 

are formulated into a model or equation between one or more variables (response 

variables) and a group of other variables (predictors), which is used for predicting 

future values of the response variable. The equation may be, for example, a 

simple linear equation or a complex neural network. Predictive modelling is 

known as regression when the response variable is numerical. Moreover, when 

the response variable is nominal, predictive modelling is termed classification 

(Hand, Mannila & Smyth 2001). Multivariate regression using a multilayer 

perceptron is one of the commonly used methods in predictive modelling.  

A multi-layer perceptron (MLP) is a feed-forward neural network consisting 

of processing elements (neurons) and connections. MLP networks are usually 

applied in supervised learning problems, which means that there is a training set 

of input-output pairs and the network must learn to model the dependency 

between them. Processing elements, known as neurons, are arranged into input 

layers, hidden layers and output layers. The input signal propagates through the 
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network in a forward direction, on a layer-by-layer basis. The input layer works as 

a buffer that distributes the input signals to the hidden layer. Neurons in the 

hidden layer sum up its input, handle it with a transfer function and distribute the 

result to the next layer, which is often an output layer. There may be one or more 

hidden layers to enable the network to learn complex tasks by extracting 

progressively more meaningful features from the input vectors. The output of 

neurons in the output layer is computed similarly. The connections between 

neurons have weights associated to them; these are adjusted during learning 

according to the learning rule which states the adjustments of the weights. The 

architecture of a multilayer perceptron with two hidden layers is presented in 

Figure 4 (Haykin 1999). 

Fig. 4. Architecture of a multilayer perceptron with two hidden layers. In this kind of 

feed-forward network the signal flow progresses in a forward direction, from left to 

right, and on a layer-by-layer basis (modified from Haykin 1999). 

The back-propagation algorithm is often used in supervised learning of an MLP. 

The algorithm consists of two steps. In the forward pass, the predicted outputs 

corresponding to the given inputs are evaluated and in the backward pass, partial 

derivatives of the cost function with respect to the different parameters are 

propagated back through the network. The chain rule of differentiation gives very 

similar computational rules for the backward pass as those in the forward pass. 

The network weights can then be adapted using any gradient-based optimization 

algorithm. The whole process is iterated until the weights have converged. This 

happens when the Euclidean norm of the gradient vector reaches a sufficiently 
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small gradient threshold. Another method to evaluate the convergence of a back-

propagation algorithm is to detect when the absolute rate of change in the average 

squared error per epoch is adequately small (Haykin 1999). 

The MLP was used to predict daily and hourly tourist amounts in a 

recreational area. The method was implemented in a web-based continuous 

information service and the algorithm computed hourly using Matlab in a server. 

The predictions were visualized in the form of time series diagrams and numerical 

information. 

3.6 Validation of models and results 

Validation of models and overall results is an essential part of the development 

process of intelligent information systems. Concerning computational models, 

validation ensures that the model is programmed correctly, the algorithms have 

been implemented properly and the model does not contain errors, oversights or 

bugs. Moreover, to ensure the validity of results, the use of concrete methods such 

as calculating statistical indices (measures), creating graphical visualizations (like 

scatter plots, histograms, etc.) or discussing the results achieved with test groups 

of end users are necessary. 

In data mining, the idea behind validation is to verify that the patterns 

produced by the algorithms occur in a wider data set (generalization). It is 

common for data mining algorithms to learn patterns in the training set which are 

not present in the general data set (overfitting). To avoid this situation, validation 

uses a test set of data that the data-mining algorithm was not trained on (Snee 

1977, Hawkins 2004).  

In the creation of data mining models, data are divided into three data sets; 1) 

a training set, 2) a test set and 3) a validation set. The training data set is used for 

learning (to fit the parameters of the classifier) and to construct a model or 

classifier. The test set is a set of data that is independent of the training data but 

that follows the same probability distribution as the training data. The test set is 

used to assess the performance of a trained classifier or model. It is used for 

example, to detect possible overfitting of model. Overfitting means that the model 

can identify obvious relationships in the training data that do not hold true in 

general. The validation data set is used to fine-tune the parameters of a classifier 

and detecting the “goodness” of a model. Validation data is part of the original 

data which is unseen and not used to train the model. The original data should be 

split into three parts. The data splitting ratio is case specific and it seems that the 
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optimal partitioning ratio is more important when a data set has a small number of 

data points. For example, training set contains 80% of the data, the test set 

contains 10% of the data and the validation set contains 10%. This data 

partitioning ratio is one of the commonly used (Haykin 2002). In order to solve 

the optimal data splitting ratio, set of test runs are required. Different partitioning 

ratios are tested and partitioning which produces highest accuracy of model is 

used to train the final model (Crowther & Cox 2005). Partitioning can be done 

randomly or in a user-defined way. 

In this thesis, predictive modelling using multivariate regression and 

clustering was used. For these approaches, the data was partitioned into training, 

testing and validation sets. The goodness of the model or clustering was evaluated 

using K-fold cross-validation and by calculating the validity indices for clustering. 

3.6.1 Cross-validation 

K-fold cross-validation is a common validation method for regression models 

where the original data set is partitioned into K subsets. Of the K subsets, a single 

subset is retained as the validation data for testing the model, and the remaining 

K-1 subsets are used as training data. The cross-validation process is then 

repeated K times (the folds), with each of the K subsets used exactly once as the 

validation data (Cawley & Talbot 2003). 

Statistical indicators are used to provide a numerical description of the 

“goodness” of the model. Additionally, graphical visualizations such as scatter 

plots and histograms are typically used to illustrate the results of validation. In 

cross-validation, statistical indicators like the index of agreement (IA) (Equations 

9–11), root mean square error (RMSE) (Equation 12) and coefficient of 

determination (R2) (Equation 13) are calculated for each K-fold subset and finally 

the results from all the folds is averaged to produce a single indicator. The use of 

different operational performance indicators for evaluating models has been 

discussed at a more detailed level in Willmot (1982). 

The Index of Agreement (IA) is a dimensionless measure giving a relative 

size of the difference. It is easily understandable and ideal for making cross-

comparisons between the time series or models. The values range from 0 to 1, 

with a value of 1 indicating a perfect fit between the observed and predicted data. 

IA is calculated as Equation 9. 
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In this equation, n is the number of observations, Oi is the observed variable at 

time i, Pi is the predicted variable at time i, Õ is the mean value of the observed 

variable over n observations (Willmot 1982). 

The root mean square error (RMSE) indicates how much of the variability in 

the variable observed is accounted for by the prediction and it is calculated 

according to Equation 12. In equation, N is the number of data points, Oi is the 

observed data point and Pi is the predicted data point  
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The coefficient of determination (R2) also gives information about the “goodness” 

of the fit of a model by providing values in a range of 0 to 1. It is the proportion 

of variability in a data set that is represented by the model. The coefficient of 

determination is calculated according to Equation 13, where Ō is the average of 

the observed data (Willmot 1982) 
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3.6.2 Estimating the “goodness” of clustering 

In cluster analysis, the cluster validity is evaluated to find the partitioning that 

best fits the underlying data. The aim of the clustering methods is to discover the 

significant and natural groups present in a data set, meaning that they should 

search for clusters whose members are close to each other and well separated 

(Halkidi et al. 2001, Jain et al. 1999).  
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The validity of clustering can be investigated using approaches that evaluate 

the “goodness” of clustering using 1) external, 2) internal, or 3) relative criteria. 

External criteria are used to ensure that all the members of each cluster are as 

close to each other as possible (compactness). The measure of compactness is 

variance, which should be minimized. Internal criteria are used to detect whether 

the clusters themselves are widely spaced. This is measured by calculating the 

distance between the closest members of the clusters (single linkage), by 

calculating the distance between the most distant members (complete linkage) or 

by calculating the distance between the centres of the clusters (comparison of 

centroids). Relative criteria evaluate the clustering structure by comparing it to 

other clustering schemes, resulting in the same algorithm but with different 

parameter values (Halkidi et al. 2001, Kovacs 2005). 

Fig. 5. Example of good clustering results where the natural grouping of data points 

and compactness of clusters can be seen easily. The clustering was done using 

synthetic S1 data set produced by Fränti and Virmajoki (2006) and the visualised with 

Sammon mapping.  

An appropriate clustering result is presented in Figure 5 where there are synthetic 

2-d data with 5000 vectors and 15 Gaussian clusters with a different degree of 

cluster overlapping (Fränti & Virmajoki 2006). The visualization of clustering 
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was done using Sammon mapping (Sammon 1969). In this figure, the natural 

grouping of data points and compactness of clusters can be seen very clearly. 

The “goodness” of the clustering was evaluated in this thesis (Articles 1–4) 

using the Self-Organizing map quantization error (QE), Davies-Bouldin (DB) and 

Index of Agreement (IA) indexes. Furthermore, the optimal number of clusters in 

each case was analysed using such indexes.  

3.6.3 Expert opinions as a validation method 

In cases where observed data is not available for the validation of a model or 

results, a common way to validate results is to use expert opinions. This approach 

has been applied recently in habitat modelling (Johnson & Gillingham 2004), 

animal welfare risk assessment (Bracke et al. 2008), and economic studies of 

healthcare utilization (Ellis et al. 2003). This validation often includes 

questionnaires and interviews with selected experts. 

In Article 1, validation was carried out using expert opinions because data 

describing the number of tourists in a whole recreational area was not available. 

In the field of tourism, visitors are counted using the same devices implemented 

in one place. Another way is to estimate the amount of tourists is to use a single 

data source, such as annual fresh water use, but that does not cover all the visitors 

in the area. Instead of this, the annual visitor attendance level model was 

presented to several experts who had worked in traditional tourism companies in 

the tourist centre for a long time and knew the activity of the area well.  
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4 Results of the data mining tasks  

4.1 Problem identification 

Problem identification is the first task of data analysis and also in the 

development of novel information services. The main issues to be solved are 

when, where and how frequently does a problem occur and who or what is 

affected most. Identification should give answers to questions like why this kind 

of analysis has to be done or at whom a new monitoring service or decision-

making tool is targeted (Veryzer 1998). Moreover, the understanding of the needs 

of potential customers or end users is also probably the most important factor in 

the development of a new product (Karol & Nelson 2007).  

In this thesis, data mining was applied in three substance areas. For each of 

these areas, the problem identification process was carried out at a very early 

stage of the project. It was done together with a group of people who had detailed 

knowledge about the substance and target. This work consisted of meetings and 

documentation of discussions resulting in a needs analysis for each system. 

During these discussions, precise problems were defined and data mining tasks 

were focused on. Descriptions of the main problems of each Article 1–5 are 

presented in the following paragraphs.  

One of the main problems in many tourist centres is seasonality, which adds 

to uncertainty in planning activities, leading to not so effective operations. Thus, 

the main problem was defined as follows: the major unpredictable timely 

variation of tourist numbers does not allow sustainable activities of service 

companies, causing extra costs and material losses. This problem is also faced in 

traffic management, fresh water production, various community services such as 

the maintenance of outdoor sport facilities and waste management (Article 1).  

Many reasons, including the increasing concern about global climate change, 

have led to a greater interest in energy consumption, energy use efficiency and 

electricity use. It is well known that changes in consumption habits, leading to a 

more efficient use of energy sources, are essential. From this viewpoint, the 

problem identified concerning Articles 2–4 was defined as follows; electricity 

customers, especially household customers, cannot get information about the 

amount of electricity used. This problem has led to the creation of information 

that provides a firm basis for comparison of customers’ electricity use within a 

group of similar customer use. 
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The third application field focused on industrial processes (Article 5), namely 

solving the correspondence of unit processes in a pulp bleaching plant. This work 

was a part of the creation of the plant’s life cycle profit model. Concerning the 

creation of an LCP model, the following problem was raised and defined: the 

process factors affecting the use of alkaline bleaching chemicals are not clear. 

The behaviour of the process was analysed and the missing information 

concerning the correspondence of unit processes was produced using data 

analysis. 

These problems are a good starting point not only for applying data mining 

and the development of computational solutions but also for defining all the 

stakeholders or end users involved. This serves the commercialization tasks of 

information services or other kinds of products perfectly.  

4.2 Data acquisition 

Data acquisition is a major part of data analysis and information services. Among 

the various data management systems and sources of data, the same tailoring has 

been done. The general aim is to use standardized interfaces and try to do this 

automatically. Data acquisition routines could be divided into two categories: 

getting data sets from existing databases and online data gathering. 

Historical data is typically stored in some kind of database, file or sometimes 

even on paper. Public registers have information services to produce data sets, but 

when dealing with companies and their information systems, data is not so easily 

available. Especially when the data is to be used for some other reasons than its 

normal use there might be some difficulties. Data acquisition typically requires 

skills in database management, data manipulation and integration. Unfortunately, 

in the worst cases in order to have historical data, some manual work is also 

needed. In Articles 2–5, the data sets were constructed from several data sources 

and integrated using case specific identification keys, like timestamp and 

electricity customer identification code. 

In the online information services, continuous and automated data acquisition 

is needed. Typically data sources are distributed to many organizations and 

locations. Therefore the service platform should be capable to receive and handle 

data form distributed sources. Web services are distributed applications using 

standard protocols and application program interfaces (APIs) useful for accessing 

archived or measured data using the Internet. Web Services are widely used open 

software approaches maintained by World Wide Web Consortium (W3C 2010, 
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Kalin 2009). Figure 6 presents the basic ideology of web services. The data 

provider acts as a “Provider agent” and the service operator is the “Requester 

agent,” making requests to get data and to calculate and provide the refined 

information via the web user interface. 

Fig. 6. Web Service Description (WSD) where the “Provider agent” implements a Web 

service, the “Requester agent” makes use of that Web service and WSD represents a 

“contract specifying the message formats, transport protocols and locations” 

(Modified from W3C 2010). 

Another more traditional way is to create system-specific software links between 

systems. This could include direct software connections between databases or 

scheduled e-mails. With these approaches there is a need for specific parsers 

which transform and then store data into a database. Generally, this approach is 

not as generic as web services that use standard interfaces. Therefore, the latter 

approaches are more preferable. 

Data acquisition approach also depends on technology, which is used in 

organizations producing the service. Web services, including messages using 

Simple Object Access Protocol (SOAP), were used in the information service 

described in Article 1 in order to get weather information from the local weather 

station. As well, scheduled e-mails were used to get traffic information. 

Furthermore, accommodation data was requested via the Internet using case-

specific web application. Thus, in this case, data acquisition contained three 

different types of online data transferring methods due to the information systems 

of the data providers. 
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4.3 Pre-processing of data 

Data pre-processing describes any type of processing performed on raw data to 

prepare it for another processing procedure. It transforms the data into a format 

that will be more easily and effectively processed for the purpose of the user - for 

example, in a neural network. Data pre-processing includes procedures such as 

data cleaning, normalization, transformation, feature extraction and selection, etc. 

The product of data pre-processing is the final training set.  

In Article 1, in a system for predicting the visitor attendance level, the time 

resolution of data was one hour and all the data was adjusted to that. The mobile 

telecommunications events included occurring time and events for each hour were 

summarized and this sum was used in the analysis. The accommodation and 

restaurant sales data was given in a daily resolution and it was expanded to hours 

by using the daily values for each hour. The weather data was given in a three-

hour resolution and it was interpolated for a one-hour resolution. Discontinuous 

time variables (day of the year, hour of the day) were processed to a continuous 

form using sine and cosine transformations. Moreover, the type of the day 

(weekday, Saturday or eve of the feast-day, Sunday or feast-day) variable was 

split into three different binary variables. After these pre-processing tasks, the 

data was in the proper time series format. In the continuous application, these 

tasks were done every time when new data was received in to the system.  

The characteristics of buildings and the electricity use of households were 

used as a data in the case of electricity efficiency in Article 2. Comparison groups 

were created based on customer profiles, i.e. the characteristics of buildings in 

this case. The pre-processing included combining two data sets using the street 

address, selecting training variables (clustering variables) and variance scaling of 

the training data. In this case, training data contained nominal and class variables, 

which were put together and with this data set, clustering was done using SOM 

and K-means.  

In the case of drawing electricity use load curves based on hourly data, data 

reduction was also needed (Articles 3 and 4). It was experimentally recognized 

that there is a clear advantage in terms of performance when the clustering was 

based on the raw data instead of calculated features. Thus, the clustering process 

was applied to a part of the initial time series, corresponding to 5% of the initial 

length, i.e. 489 time points out of the 8784 initially included in the time series. 

The time points were chosen randomly (uniform distribution) and their amount 

was determined experimentally. It has to be noted that these time points were 
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common to all customers so that an inter-comparison was possible, and the time 

points were used only during the clustering process. This means that during the 

evaluation process, complete initial time series data were used. 

In Article 5, the time series data described the performance of one part of the 

pulp bleaching process. Data was originated in the process management system 

and contained measured values for 35 variables. The whole data set was easily 

exported as a text file and pre-processing tasks only contained a variance scaling 

of variables. 

4.4 Modelling and data analysis 

The core part of data mining is the process of extracting patterns from data and 

finding unknown dependencies between variables. These tasks are carried out by 

applying selected computational methods to data and interpreting the findings. In 

this thesis, data mining tasks focused on the use of unsupervised clustering and 

regression (nonlinear and linear) methods. These methods were used together as a 

hybrid method where clustering worked as a data compression tool and regression 

was used to predict the future behaviour of the phenomena.  

The regional model for visitor attendance level in Article 1 was constructed 

by employing the SOM technique, which produces a continuous two-dimensional 

mapping from a multidimensional input space. After training of the SOM, the 

attributes of its prototype vectors were used to construct a combined regional 

visitor attendance level model. All the variables corresponding to the actual 

number of visitors in the area were chosen as key variables, in this case, the 

number of telecommunications events, the number of people with booked 

accommodation, restaurant sales and traffic density. The scaled values for the key 

variables on each prototype vector were summarized and the neurons were 

ordered according to their sum values. The neuron which had the highest sum of 

scores for the key variables contained the time periods when the area reached its 

maximum visitor attendance level, and conversely, the neuron which had the 

minimum sum of scores for the key variables contained the time periods when the 

area had its minimum attendance level. Finally, all the neurons were fitted 

between the maximum and minimum values and a model for visitor attendance 

level (in percentages) was developed. 

Next, the multilayer perceptron (MLP) was used to predict a short-term 

regional visitor attendance level for the next seven days. The continuous system 

produced a forecast of the next seven days every morning at seven o'clock. The 
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daily time series comparison between the model (solid line) and predicted visitor 

attendance level (dashed line) is presented in Figure 7. This figure applies to the 

time period between the 5th March and 23rd October 2005. Moreover, the 

standard errors (SE) of the indicators were calculated by using the bootstrap 

method with 1000 bootstrap samples. This procedure was done to evaluate the 

goodness of the prediction. The aresults of bootstrap analysis are presented in 

Article 1. 

Fig. 7. Visualization of the predicted regional tourist attendance level (dots) in the 

Tahko area during 5th March to 23rd October 2005 (Reprinted with permission from 

International Society for Environmental Information Sciences). 

In Article 2, the aim was to create more personalized information concerning a 

customer’s electricity use, and multi-phased data processing was constructed. The 

presented approach was applied using data describing almost 8000 customer’s 

annual electricity use and building characteristics. As a result of clustering, 

customers were grouped into 12 clusters. Each data row, which describes in this 

case characteristics of customer, was first classified into a neuron which contains 

the most similar customers. The neuron prototype vector presents characteristics 

of all the customers in each neuron. The training data for SOM contained 27 

variance-scaled inputs. An SOM, consisting of 100 neurons in a 10 x 10 

hexagonal arrangement was constructed. The linear initialization and batch 

training algorithms were used in the training of the map and map was taught with 

10 rounds. Gaussian function was used as the neighbourhood function and the 

initial neighbourhood had a value of 3. 

The Davies–Bouldin index was used to solve the optimal number of clusters. 

The index was calculated for SOM prototype vectors. The DB index varies 

slightly between the calculations because the initial starting point was set 
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randomly. In this case, indexes were calculated 20 times and the mean value of 

the index using different numbers of clusters was used when the optimal number 

of clusters was selected. After that, the K-means algorithm was used to cluster 

SOM prototype vectors in order to create a reasonable number of comparing 

groups. The basic version begins by choosing the number of clusters and 

randomly picking K cluster centres. After that, each point is assigned to the 

cluster whose mean is closest in a Euclidean distances sense. Then, the mean 

vectors of the points assigned to each cluster are computed, and they are used as 

new centres in an iterative approach until convergence criterion is met. 

The descriptions for each cluster are given in Table 3. Actual comparison 

groups for each customer have been created so that only similar customers in the 

‘‘neighbourhood” are grouped. An example of how to formulate a comparison 

group is presented in Figure 8, where a customer belonging to cluster 2 is marked 

with a star. The comparison group for this customer contains 87 customers who 

have similar characteristics and are located less than a kilometre from the 

customer. 

Table 1. The results of clustering. The table shows the characteristics of each cluster 

needed in order to understand the natural grouping of data (buildings). In this example, 

buildings were clustered by characteristic. 

Cluster Description 

c1 Old three-room apartments in wood-framed terraced house, sauna, circulating water heating  

c2 Two- or three-room flats in a four-storey block of flats, sauna, elevator, air conditioning (AC) , 

circulating water heating 

c3 Two- or three-room flats in a three-storey block of flats , circulating water heating 

c4 Three-room flats in a two-storey block of flats, sauna, large kitchen, no heating, unknown 

frame material  

c5 Large wood-framed detached houses, sauna, circulating water heating 

c6 Three-room apartments in a concrete or wood framed terraced house, gas, sauna, circulating 

water heating 

c7 Four-room apartments in wood-framed terraced house, electric heating 

c8 Small one- or two-room flats in a concrete framed block of flats, AC, circulating water heating 

c9 Newish small one- or two-room flats in a concrete framed block of flats, sauna, AC., circ. water 

heating  

c10 Old small wood-framed detached houses, no hot water, sauna, heated using electric 

combined with wood 

c11 Large two- or three-room flats in brick-framed small block of flats, circulating water heating  

c12 Old small two- or three-room flats in a concrete-framed small block of flats, circulating water 

heating 
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Fig. 8. Illustration of the location of the chosen customer (star) and its comparison 

group i.e. similar customers in the neighbourhood (triangle) (Reprinted with 

permission from Elsevier). 

Time series clustering has been shown to be effective in providing useful 

information in various applications. Articles 3 and 4 present an efficient 

computational approach for time-series clustering and its application focusing on 

the creation of more accurate electricity use load curves for small customers. 

Modelling was based on Self-Organizing Maps (SOM) and clustering methods 

(K-means and hierarchical clustering) capable of handling large amounts of time 
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series data. The proposed approach was applied to a data set consisting of hourly 

measured electricity use, for 3989 small customers located in Northern Savo, 

Finland. Each customer was represented within the data set with a yearly time 

series of hourly resolution, i.e. 8784 distinct time points.  

However, the clustering of a large amount of time series data set demands for 

the computational resources. Thus, a reduction of the data was required. There are 

three different approaches for this task: 1) raw data based approaches, 2) feature-

based approaches and 3) model-based approaches. The raw data based approach 

was used in Article 3 and the feature-based approach in Article 4. It was found 

that there was a clear advantage in terms of performance when the clustering was 

based on raw data. Thus, the clustering process was applied to a portion of the 

initial time series, corresponding to 5% of the initial length, i.e. 489 time points 

out of the 8784 initially included in the time series. The feature-based approach 

was also evaluated and the procedure and results are described in Article 4.  

Moreover, the use of Self-organizing Maps (SOM) was considered as a 

suitable intermediate step before the clustering process because it also reduces the 

size of the data and makes the computational procedure more efficient. 

Computational efficiency and noise reduction are among the most important 

factors. In this case, SOM was combined with two different clustering algorithms: 

K-means clustering and hierarchical clustering. The lattice of the SOM was 

chosen to be hexagonal and the map size was 20 x 20.The clustering resulted in 

19 clusters describing different electricity user groups and their hourly electricity 

use behaviour. 

Article 5 presents an application where data mining was applied to solve the 

correspondence between unit processes in an industrial pulp plant. The aim of this 

was to combine data-based analysis and life cycle profit modelling in order to 

impute the missing information of process life cycle profit models. Raw process 

data coming from several sensors is useful especially in the development and 

optimization of process performance. In this case, computational methods such as 

variable selection and neural networks were used to create a model of sodium 

hydroxide consumption in the pulp bleaching process. 

The data processing chain that was used consisted of four phases: data 

collection, pre-processing of data, variable selection, and modelling of the process 

using the multi-layer perceptron (MLP) algorithm. After these phases, the neural 

network model that was created was applied to the life cycle profit model. The 

purpose was to produce a more accurate and reliable estimation of the material 

flows between process units or correlations between individual process variables.  
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In the modelling phase, the number of MLP hidden neurons was fifteen, the 

learning algorithm was resilient back-propagation (trainrp) and the performance 

function was the mean squared error (MSE). The trainrp is a network training 

function in the Matlab Neural Network Toolbox, that updates weight and bias 

values according to the resilient backpropagation algorithm. The transfer function 

selected was sigmoid tangent for the hidden layer and linear for the output layer. 

The model was evaluated using K-fold cross-validation where the original data 

set was partitioned into K subsets. Of the K subsets, a single subset was retained 

as the validation data for testing the model, and the remaining K-1 subsets were 

used as training data. The cross-validation process was then repeated K times (the 

folds), with each of the K subsets used exactly once as the validation data. 

Statistical indicators were used to provide a numerical description of the 

“goodness” of the model. Indicators such as the index of agreement (IA), root 

mean squared error (RMSE) and coefficient of determination (R2) were calculated 

for each K-fold subset and finally the results from the all the folds were averaged 

to produce a single indicator. Figure 9 contains the plot of the predicted versus 

observed values of sodium hydroxide (NaOH) and the LS fitting line. The 

equation of the LS fitting is presented in the upper left corner of the figure. 

Fig. 9. The plot of the predicted versus observed values of sodium hydroxide (NaOH) 

and LS fitting line. The equation of the LS fitting is presented in the upper left corner 

of the figure (Reprinted with permission from Elsevier). 
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Raw process data from several sensors was used to create a more accurate life 

cycle profit model of pulp bleaching. Such a model is a tool for the development 

and optimization of process performance. Correspondence analysis using a neural 

network (MLP) was used to create a model of sodium hydroxide consumption in 

the pulp bleaching process. The validation results showed that the MLP model is a 

good estimator of sodium hydroxide consumption, giving better understanding of 

the factors affecting the behaviour of the process. 

4.5 Interpretation of results 

A major step in the data mining process is analysing and interpreting results. The 

data is analysed with respect to the end user’s objective, and only the relevant 

information is identified and presented as a final result. This suits perfectly the 

development of information services where only information is provided to 

customers. In successful approaches, the information systems, computational 

methods and technology must be hidden behind the service. A basic principle for 

bringing the results of data mining to the end users is that the presenting format is 

somehow familiar, easily understandable and tailored for each end user group. 

Citizens, decision makers and planners are good examples of such end user 

groups. The methods of presenting and providing new information vary in each 

group. Although the computational approach is complex, the final results should 

be unambiguous and they have to give a clear answer to the end user’s problem. 

Usually the interpretation of results involves the visualization of the extracted 

patterns and models or visualization of the data given by the extracted models. 

Statistical and numerical evaluations are also widely used. The purpose of result 

interpretation is not only to represent the output of the data mining operation 

graphically, but also to filter the information that will be presented to end users. 

Moreover, it is necessary to evaluate the result interpretation: whether the results 

were satisfactory and if some extra analysis or data mining tasks were needed 

(Fayyad et al. 1996). 

Articles 1–5 present different kinds of result interpretations. The daily visitor 

attendance model, presented in Figure 10, was targeted at managers of the service 

companies, restaurants and grocery shops operating in a certain tourist centre. The 

time series in the figure clearly show the distribution of the tourist numbers for 

one year. The web-based information service allowed managers also to look at 

visitor attendance levels in a time series format weekly, monthly or over some 

other desired time period. 
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Some pictures of the service’s graphical user interface are illustrated in Figure 

11. 

Fig. 10. The daily visitor attendance level model for the Tahko area (from 1st Dec. 2003 

to 30th Nov. 2004) was used to plan different kinds of activities (waste management, 

shop opening times, number of employees, etc.) (Reprinted with permission from 

International Society for Environmental Information Sciences). 
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Fig. 11. Snapshots of the graphical user interface of the prototype for predicting 

visitor attendance levels in tourist centres. The predicted visitor attendance level is 

depicted by the blue line and the observed level is shown by the red line. 

In Article 2, the end users of the refined information were households. The new 

information produced was more personalized electricity use. In detail, the service 

would provide households with information about electricity use and additionally 

a comparison with similar households. This comparison provides the opportunity 

to understand one’s own electricity use on a more concrete level. In other words, 

the household would know how much electricity they use compared to all the 

similar households in the neighbourhood. Thus, the final visualization format of 

the results consisted of a simple bar graph describing the annual electricity use of 



60 

the customer and comparison group for three years. An example of this graph in 

presented in Figure 12 where the electricity use is presented in proportion to the 

floor area of the buildings. 

Fig. 12. A comparison of the annual electricity use in proportion to the floor area 

between the chosen customer and his comparison group. The actual comparison 

group contains only customers of cluster C2 who are within 1 km from the chosen 

customer (Reprinted with permission from Elsevier). 

The multiphase pre-processing and clustering process was totally hidden and only 

the relevant information was provided to the end user. The proposed method was 

used to find customers that consumed more electricity than average, which was an 

appropriate basis to target and to create personal electricity saving guidance. Such 

guidance brings some additional value for this information service and makes it 

more personalized. The characteristics of the comparison groups (building 

characteristics) were used to create customer-specific tips how to save electricity. 

For example, guidance for customers in the c2 cluster, where most of the 

customers live in a block of flats, contained information as follows: 

– Switch off TV completely, don’t leave it on standby. 

– Use task lighting for close work and leisure activities. 

– Use energy saving bulbs for lighting. 
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– Defrost your fridge and freezer on a regular basis or whenever necessary. 

– Use electrical appliances which are rated as the most energy efficient 

appliances according to EU Energy Labelling. 

On the other hand, electricity saving guidance for customers in cluster c10 

would focus more on the renovation and efficient heating of an old house, 

checking and improving insulation of walls and roofs, or even changing the 

heating system to a more efficient one. 

In Articles 3 and 4, time series clustering methods were used to create new 

load curves that were utilized in the planning of an electricity distribution network. 

The characteristic of electricity use for one customer group is presented in Figure 

13. The usefulness and validity of the results were checked together with the 

researcher and an expert from the energy company. The result format illustrated in 

Figure 13 was useful in this task. After this, new load curves were provided to the 

energy company using the same file format that is used in their own network 

information system for operational asset management. In this way the easy 

deployment of data mining results was possible and concrete benefits were 

noticed (Articles 3 and 4).  
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Fig. 13. Presentation of one customer group’s (105 customers) electricity use load 

profile. The upper diagram is the distribution of the annual electricity use, the centre 

diagram is the type of customers in this group and the lower diagram presents the 

daily load profile.  
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4.6 Knowledge deployment 

The final phase of the data mining process is knowledge deployment, meaning the 

use of data mining within a target environment. In the deployment phase, insight 

and actionable information can be derived from data and given to the end users. 

Discovered knowledge should be organized and presented in a way that the end 

user can use. Depending on requirements, this step can be as simple as generating 

a report or as complex as incorporating the discovered knowledge into operative 

systems and decision making (Cios et al. 2007). 

Close co-operation with end users is a key element in successful data mining 

and knowledge deployment. In this thesis, a few examples of knowledge 

deployment are presented. The annual model of the Tahko skiing resort and the 

online system providing daily predictions of the number of visitors in the area 

was used to plan waste collection, to minimize the number of taxis and to decide 

the optimal opening hours of supermarkets. The end user groups like taxi owners, 

municipal authorities and shop owners were able to use this information via an 

Internet service (Article 1).  

In another case, the results of data mining were deployed by producing 

personal electricity saving guidance for energy companies’ customers. This 

information contained both comparisons with similar customers and customer-

specific electricity saving guidance according to the customers’ dwelling type. 

There were two kinds of dissemination plan to this personalized information: the 

use of the Internet service, and adding this information to the electricity bill 

(Article 2).  

The hourly measured electricity use is now also available for small customers 

like households. This data describing thousands of customers’ electricity use 

behaviour was used to improve existing load profiles. Using time-series clustering 

methods, new load curves were developed and used in the planning of the 

electricity distribution network. The new load curves were provided to the energy 

company using the same file format used in their own network information 

system for operational asset management. In this way, easy deployment of the 

data mining results was possible and concrete benefits were observed (Articles 3 

and 4).  

In the case of the pulp making process (Article 5), data-based analysis and 

life cycle profit modelling was combined in order to impute the missing 

information of LCP models. Computational methods such as variable selection 

and neural networks were used to create a model of sodium hydroxide 



64 

consumption in the pulp bleaching process. Afterwards, such a model was 

adopted in the LCP model of the process and used as an estimator of the actual 

sodium hydroxide consumption. Using this model, impacts of the sodium 

hydroxide consumption on process life cycle profits were clarified and the 

knowledge created was deployed in process development. 

In general, knowledge deployment is a necessary step on the way to 

successful data mining approaches or online applications. This step completes the 

data mining process and contains discussions with end users. In the examples 

presented above, the benefits of the complex data mining process were also 

identified.  
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5 Discussion 

The aim of this thesis was to introduce the concept of intelligent information 

services in the environmental field and to present and apply computational 

methods for the enrichment of multidimensional data in environmental 

applications. Moreover, novel examples were developed and new significant 

information was provided to different kinds of end users. The data mining process 

in each case consisted of data acquisition, pre-processing, modelling, visualizing 

and interpreting the results, and sharing the new information that was created. As 

a final step, knowledge deployment was carried out in close co-operation with 

end users. 

In this thesis, different data mining methods were applied to present novel 

ways to integrate divergent data sets in three main application fields, namely 

sustainable tourism (Article 1), the efficient use of energy and electricity (Articles 

2–4), and eco-efficient pulp bleaching (Article 5). These are examples of 

intelligent data processing, which is a core part of information services. Table 1 

presents a summary of the data processing tasks in each article and a description 

about knowledge deployment. 

In the continuous monitoring approach for predicting the number of visitors 

in recreational centres, regional mobile telecommunications data, weather 

conditions, traffic density, restaurant sales, and information on the use of 

accommodation facilities were combined into a new online information service 

(Article 1). In the second example, real estate characteristics and customers’ 

hourly electricity use were used to create more personalized information on 

energy use. With this information, customers can compare their own electricity 

use to similar customers in order to change their energy use behaviour (Articles 

2–4). Furthermore, in the third example, measured process control data is used in 

modelling the pulp bleaching process and in completing missing information 

concerning alkaline chemical use and its correspondence to other process 

parameters (Article 5). 
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Table 2. The summary of data processing tasks used in Articles 1-5 and description of 

the knowledge deployment. 

Article I II III / IV V 

Problem Major timely 

variations in tourist 

numbers do not 

allow sustainable 

activities of service 

companies 

Electricity users 

cannot know amount 

of electricity used 

compared to other 

customers 

Current electricity 

use load curves do 

not perform well for 

all customers  

Factors affecting use 

of bleaching 

chemicals (alkaline) 

is not clear 

Data collection Distributed 

continuous data 

acquisition system 

(online, web-based) 

Data set from public 

registers and energy 

company 

Time-series data set 

from an energy 

company 

Data set from a 

process control 

system 

Pre-processing Creating derivative 

variables, 

transformation using 

variance scaling  

Transformation 

using variance 

scaling  

Temperature 

compensation, 

reducing size of 

data, transformation 

using variance 

scaling 

Variable selection 

with correlation 

analysis, 

transformation using 

variance scaling  

Modelling Integrating variables 

to regional model 

using SOM, and 

predictive modelling 

using MLP 

Compressing data 

using SOM, 

clustering SOM 

prototype neurons 

using K-means 

Time-series 

clustering using 

SOM and K-means 

Solving the 

correspondence 

between variables 

using MLP 

Interpretation of 

results 

Annual visitor 

attendance graph 

and continuous 

predictions for the 

next seven days 

Simple bar graph 

describing 

customer-specific 

electricity use and 

comparison with 

similar customers in 

neighbourhood  

Report containing 

descriptions of new 

load curves. 

Summary of 

validation and 

statement of 

performance of new 

load curves  

List of process 

parameters affecting 

alkaline use and 

neural network 

model 

Knowledge 

deployment 

Planning waste 

collection, 

minimizing the 

number of operating 

taxis and deciding 

optimal opening 

times of 

supermarkets 

Personal electricity 

saving guidance for 

each customer, 

customer profiles for 

energy company 

New load curves 

implemented in 

energy company’s 

network information 

system and 

evaluated by experts

Relationship model 

between alkaline 

and other process 

para-meters used in 

life cycle profit 

model 
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5.1 The concept of intelligent information services 

The applications presented above are examples of data-driven problem solving. 

Data processing and computational methods, together with case-specific raw data, 

form a solid base for the development of new intelligent information services. 

The concept of such services is described in Figure 14. The main idea behind the 

concept is to use intelligent information systems (Brooks 1991, Valera & Velastin 

2005) and data mining to produce services where the end user can have only 

refined information instead of owning the systems, software or educated 

personnel capable to implement data mining or handle such systems. Thus, the 

solution (meaningful information) to the end user’s problem is crucial rather than 

the way it is produced.  

Fig. 14. The concept of intelligent information services. In general, services can be 

divided into three categories based on 1) data acquisition, 2) main content and 3) type 

of results. 

This thesis presents examples for three types of intelligent information services, 

which are briefly described in Figure 14. First, the case of predicting the number 

of tourists in a certain recreational area was based on a continuous monitoring 

service. The system consisted of distributed data gathering and streaming data 

that were refined for short-term prediction using SOM and MLP methods. The 
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results of data processing were provided to companies, authorities and citizens 

using a web-based interface. Secondly, hourly electricity use data were used to 

group similar customers using time-series clustering methods. A data set 

including over 4000 customers’ electricity use data for 2008 was clustered using 

SOM and K-means. Finally, load profiles for 56 groups were constructed and 

given to an energy company who implemented them in their own electricity 

network information system. Thirdly, measured process data was used to solve the 

correspondence between the use of bleaching chemicals and process conditions. 

The MLP model was developed and used in an accurate process lifecycle profit 

model.  

The computational methods used were suitable for different kinds of 

multidimensional data analysis such as clustering, regression and prediction. 

These methods are already known and widely used in data mining tasks but 

combining several methods together and constructing continuous systems is 

innovative. Information services are widely available but in the environmental 

field many application areas can be still found. Weather forecasts are examples 

that are familiar to everyone and contain computational intelligence but there are 

also many other environment-related data sources available that would enable 

new applications. 

5.2 Innovative use of data 

Many organizations know the potential value of information and also the costs 

related to acquiring, storing, processing and using this information. Forward-

looking companies consider information as a strategic asset that can be leveraged 

into a competitive advantage in the markets served by the company. For example, 

managing information concerning industry trends, legislative regulations, the 

competitor situation, and the behaviour of the process or one’s own customer is a 

key in helping an organization stay abreast, make operative actions more 

effectively and react to competitor threats and environmental concerns (Detlor 

2010). Innovative use of data resources and outsourced information management 

provides a solution not only for the creation of “meaningful information” but also 

for reducing costs. In this context, novel intelligent information services have a 

broad market.  

Another important development issue is the development of intelligent 

information services, such as online monitoring services, together with data 

acquisition and the system architecture providing the services. In the 
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environmental field, sensor networks have been widely established. This means 

that there is a computer accessible network of many spatially distributed 

measuring devices to monitor environmental conditions at different locations. 

Web services have been used as a standard way to create distributed applications 

and manage data. This development has given birth to the term “Sensor Web,” 

which refers to web accessible sensor networks and archived sensor data that can 

be discovered and accessed using standard protocols and application program 

interfaces (Open Geospatial Consortium 2007). 

Fig. 15. Sensor Web concept produces measured data via web accessible sensor 

networks and then utilises comprehensive information refinement services in order to 

fulfil end-users needs. This figure presents parts of this system in a general level. 

The concept of Sensor Web is constructed by Open Geospatial Consortiums 

(OGC) Sensor Web Enablement (SWE). Sensor Web concept (Open Geospatial 

Consortium 2007) produces data via web accessible sensor networks and then 

utilises comprehensive information refinement services in order to fulfil end-users 

needs. Figure 15 presents idea and the parts of this system in a general level. The 

web accessible sensors are the key of the Sensor Web concept.  

The members of SWE are building a framework of open standards for 

exploiting web-connected sensors and real-time sensor systems. The aim of 

Sensor Web Enablement is to develop applications or systems where all sensors: 

– report position,  

– are connected to the web, 

– are readable remotely and  

– metadata of sensors is registered.  
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As well, the remote control of sensors should be possible (Open Geospatial 

Consortium 2007). SWE standards include solutions for encoding observations 

from a sensor (O&M), describing sensor systems and processes (SensorML), 

supporting real-time streaming of data to and from the sensor systems (TML), 

filtering and retrieving sensor system information (SOS), and publishing and 

subscribing alerts from sensors (SAS) (Open Geospatial Consortium 2007).  

The main aim and vision of SWE to define and approve the standards 

foundation for plug-and-play web-based sensor networks, supports well the 

concept of web-based intelligent information services described in this thesis. For 

example, system accessibility, interoperability and scalability are improved using 

the described standards. In general, this is the way to produce more generic 

approaches. Among the technical benefits achieved, the open and standardized 

way to operate also helps in commercializing information services. In open 

ideology, service specifications and technological approaches are published and 

made freely available to interested user groups (Usländer et al. 2010). 

The public sector has become one of the biggest information producers and 

users. Public organizations manage information about maps and satellite images, 

legislation and case-law, statistics and company, population and patent registers 

which are used as raw material for products and services provided to citizens 

every day. Well-known examples of such services are navigation services, real-

time traffic information, weather forecasts sent directly to mobile phones and 

credit rating services. The availability of content in digital format via the Internet 

makes it possible to re-use it in new ways and add new value by combining 

different sources (Commission of the European Communities 2009). Mobile 

telecommunications and restaurant sales data are examples of privately owned 

information that offers new value when combined to create information service 

providing tourist attendance predictions. Additionally, building characteristics 

were obtained from the public registry, the population information system, and 

combined with privately maintained electricity use data. Both approaches 

generate new value to the data owners when data sources are combined and used 

in a novel application. 

However, the public sector has not published all their data and some efforts 

should be focused on creating open markets and technical approaches allowing 

flexible access to data. Furthermore, private companies produce and maintain 

information useful to other parties. Facilitating the re-use of costly produced 

information in the public and private sectors and co-operation with other 

companies may generate new businesses and jobs. 
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5.3 Commercializing intelligent information services 

The commercialization of intelligent information services and information- based 

products is not an easy task. This is emphasized especially when multiple data 

sources are the base of one service or application. This facilitates information 

sharing among a large number of participants who may be close collaborators, ad 

hoc partners or even competitors (Mentzas et al. 2007). The needs of the end user 

force each organization and data provider into closer collaboration. On the other 

hand, concerning successful services, this leads to a situation where profits or 

other benefits have to be shared between all the stakeholders. 

The accessibility, usability, accuracy, and richness of information are 

significant factors with a direct impact on the transaction and quality of the 

services. The information systems behind the services have to support business 

models based on trading, processing and providing refined information products 

to a variety of customers. Moreover, the packaging of services is important and 

solves problems in both the development of services and their marketing 

(Hyötyläinen & Möller 2007). In other words, the service providers (sellers) need 

to communicate clearly what they have to offer and the customers (buyers) need 

to know what is available (Kafentsis et al. 2004). 

The general concept of intelligent information services was presented in 

Chapter 5.1. This concept was clarified during the research work presented in 

Articles 1–5. Moreover the commercializing aspects of such services have been 

studied during this work as a result of close co-operation with companies and 

other collaborators. One possible business model is that the company acts as a 

service operator and acquires the data from partners, then processes and analyses 

the data and provides only the refined information to the customer who deploys it 

in his own business process and gains new added value from it. Figure 16 

describes the process of intelligent services and tasks where the service operator 

has to focus on his core expertise (dashed line). Problem identification and 

knowledge deployment should be discussed thoroughly in close co-operation with 

the customer or service end-user groups. In contrast, data acquisition, data pre-

processing, modelling and visualizing the results are the main tasks of the service 

operator. 
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Fig. 16. In the development of the intelligent information services, the end users 

should lead the problem identification and planning of the knowledge deployment. 

Other parts of the process are carried out by the service provider. 

This kind of intelligent information service was presented to produce predictions 

of the number of tourists in a recreational area. In this context, the use of mobile 

communication network data gave real additional value because it was used as an 

estimator of the number of people in some geographical area. In fact, the 

Research Group of Environmental Informatics acted as a commercial service 

operator and tested the overall information service. The online web-based service 

provided refined information and prediction continuously. 

This innovative use of data was also illustrated when dwelling characteristics 

combined with customers’ annual electricity use were refined into personalized 

energy saving information. Using clustering analysis, a large number (thousands) 

of dwellings were grouped and used for detailed comparison information.  

Building a business model is a method of describing the architecture for 

flows of products, services and information. As well, it includes a description of 

the various business actors, their roles in the value chain and the potential benefits 

for each actor. Furthermore, the business model presents sources of revenues. 

Many business models for web-based information services have been developed 

during recent years and they are evolving to produce interesting new variations 

(Rappa 2010, Chesbrough 2007). 

The basic categories of business models on the web are 1) brokerage, 2) 

advertising, 3) infomediary (information intermediate), 4) merchant, 5) 

manufacturer (direct), 6) affiliate, 7) community, 8) subscription and 9) utility. 

These models are implemented in a variety of ways or several models are 

combined to build the final Internet business strategy (Rappa 2010).  

Business models like information brokerage, infomediary and utility are 

suitable for the intelligent information services presented in this thesis. Brokers 

are market-makers, bringing buyers and sellers together and facilitating 

transactions. Brokers provide information services for business-to-business (B2B), 
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and storing Data processing Modeling and 
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Knowledge
deployment and 
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sharing
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business-to-consumer (B2C), or consumer-to-consumer (C2C) markets. An 

information broker collects data and refines it into valuable information. Usually 

a broker charges a fee or commission through subscription or on a pay-per-use 

basis. Consultancy services, such as special data analyses, are sometimes 

combined with information services. In this case the revenues come from 

consultancy fees (Rappa 2010). 

The infomediary business model deals with data about consumers and their 

consumption habits, which is valuable information, especially when that 

information is carefully analysed and used, for example, for targeted marketing 

campaigns. Furthermore, this information is useful in the utility sector where 

added value is achieved by cost savings from improved planning of operative 

systems and actions. Independently collected data about producers and their 

products are useful to consumers when considering a purchase. Some firms 

function as infomediaries (information intermediaries) assisting buyers and/or 

sellers (Rappa 2010). 

  



74 

 



 75 

6 Conclusions 

The innovative use of stored data is one of the main elements in the creation of 

future information services. Thus, there should be more emphasis on the 

development of effective data processing methods. Furthermore, it was noticed 

that final end users, such as citizens or decision makers, should be taken into 

account in the data refining process at a very early stage. In this way the approach 

is truly customer-oriented and results in the fulfilment of the concrete needs of the 

end users. The collaboration of actors in the environmental field and the new 

technology gives a solid basis for new environmental information services. There 

is an opportunity for at least three types of services, namely 1) continuous 

monitoring services, 2) data analysing services and 3) the creation of intelligent 

software components to perform the core parts of data processing platforms. 

Research work during this thesis has raised many new questions and ideas for 

future work, and the following list contains some of the main recommendations:  

Data is the origin of information services. More effort should be directed 

towards the free availability of public data and overall accessibility.  

Data providers should enter into co-operation more in order to see new 

possibilities to use costly collected data. 

Open and standardized software approaches are needed for the technological 

solutions used as service platforms. 

New approaches and additional value can be achieved by combining different 

computational and data processing methods.  

The end user is interested only in finding a solution to his problem. Services 

should provide only the required information to the end user and other 

functionalities or technology should be hidden. The service operator is 

responsible for taking care of the technological platform and data 

maintenance. 

Fortunately, the recommendations above are already seeing some concrete 

improvements, at least in the Finnish environmental sector. The collaboration 

between public organizations and companies has started. One example is the 

creation of the strategic centre for science, technology and innovation of the 

Finnish energy and environment cluster called CLEEN Ltd. This consortium has 

started, for example, a research program focusing mainly on measuring, 
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monitoring and environmental assessment. The aim of the MMEA research 

consortium is to develop new tools, standards and methods for environmental 

measurement, monitoring and decision support for the national and international 

markets. In general, the overall purpose is to promote new environmental data-

based applications and services to improve the energy and material efficiency of 

infrastructures and industrial processes (Cleen Ltd. 2011). Furthermore, 

international progress has also been made in this field. The European 

Environment Agency has created a shared environmental information system 

(SEIS), which serves policy-makers and provides reliable and increasingly real-

time information for determining the most appropriate course of action (EEA 

2011). 

When looking at overall progress from the technology point of view, one new 

example is the SensorML, which is approved as the Open Geospatial Consortium 

standard, providing models and XML encoding for the description of sensors and 

measurement processes. The standard helps to describe a wide range of dynamic 

and stationary platforms and both in-situ and remote sensors. This standard also 

enables the development of plug-n-play sensors, simulations, and processes that 

are seamlessly added to decision support systems (Open Geospatial Consortium 

2011). 

The examples above illustrate the progress being made in the field of 

environmental measurement and monitoring, but these are just the beginning. The 

service business in this sector is still quite small and plenty of possibilities are 

waiting for competent and progressive companies or organizations. More benefits 

can be discovered by courageous collaboration between organizations, by 

exploiting computational methods for data processing and by the use of the latest 

technology. 
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