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Abstract

The information age is characterized by ever-growing amounts of data surrounding us. By
reproducing this data into usable knowledge we can start moving toward the knowledge age. Data
mining is the science of transforming measurable information into usable knowledge. During the data
mining process, the measurements pass through a chain of sophisticated transformations in order to
acquire knowledge. Furthermore, in some applications the results are implemented as software
solutions so that they can be continuously utilized. It is evident that the quality and amount of the
knowledge formed is highly dependent on the transformations and the process applied. This thesis
presents an application independent concept that can be used for managing the data mining process
and implementing the acquired results as software applications.

The developed concept is divided into two parts — solution formation and solution
implementation. The first part presents a systematic way for finding a data mining solution from a set
of measurement data. The developed approach allows for easier application of a variety of algorithms
to the data, manages the work chain, and differentiates between the data mining tasks. The method is
based on storage of the data between the main stages of the data mining process, where the different
stages of the process are defined on the basis of the type of algorithms applied to the data. The
efficiency of the process is demonstrated with a case study presenting new solutions for resistance
spot welding quality control.

The second part of the concept presents a component-based data mining application framework,
called Smart Archive, designed for implementing the solution. The framework provides functionality
that is common to most data mining applications and is especially suitable for implementing
applications that process continuously acquired measurements. The work also proposes an efficient
algorithm for utilizing cumulative measurement data in the history component of the framework.
Using the framework, it is possible to build high-quality data mining applications with shorter
development times by configuring the framework to process application-specific data. The efficiency
of the framework is illustrated using a case study presenting the results and implementation principles
of an application developed for predicting steel slab temperatures in a hot strip mill.

In conclusion, this thesis presents a concept that proposes solutions for two fundamental issues of
data mining, the creation of a working data mining solution from a set of measurement data and the
implementation of it as a stand-alone application.

Keywords: data mining application development, data mining process, similarity
measurement, spot welding, trajectory, walking beam furnace
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1 Introduction

This chapter contains an overview of this work and data ngimis a field of research in
general. The reader is introduced to data mining in Sectidwith a popular overview
that does not require much prior information of the field. Tostrate the benefits of
applying data mining and the factors that make it challepg8ection 1.2 presents prop-
erties of the measured data set making the data mining racese complex and some
application examples of recent advances. After thesemexcthe contents of this work
are presented. Section 1.3 describes the purpose and ddbpetbesis and 1.4 presents
the scientific contribution of this work. Finally, Sectiorbloutlines the contents of the
rest of this thesis.

1.1 Background

Encyclopaedia Britannica (Britannica 2005) defines dataingi as a ‘type of database
analysis that attempts to discover useful patterns orioelstiips in a group of data’. That
is an excellent short definition of the subject, but since thhole thesis is an attempt to
cover different aspects of data mining, let us take a litttrendetailed look at it. Data
mining has its background in the fields of statistics, dageband machine learning. It
emerged as an independent field of research in the 1990’k (M#6) and has matured
since then. Typing the search term 'data mining’ in the Wikidle Web search engine
Google in August of 2005 returned about 21,700,000 resutgthermore, a full text
search on the publication database IEEE Xplore returns28j@2uments. A bar chart
that presents the yearly amount of these documents is peesenFigure 1. The figure
shows a growing trend, the first (and the only one that yeashish@nt was published in
1993, while by 2004 the amount had risen to 2,168 publicatidnterestingly, both of
the previous numbers representing the amounts of docurfeemtd were made available
using data mining techniques developed for searching dentioontents.

From the definition given in (Britannica 2005) data miningjpcts necessarily in-
volve databasésand data transformation algorithms. Today, collecting stoding data

IHere the term database is used to mean an observed collettitaizo The storage of the data can be
implemented by using ascii text files, for example or an SQL-ca@nptatabase management system (DBMS).
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Fig. 1. A bar chart presenting the amount of publications including the phrase 'data mining’
found from the IEEE Xplore publication database and sorted by yea

into databases is perhaps easier than ever before, thathiesédvanced measurement and
data storage techniques available. As time passes, theiredatata cumulates into large
masses of raw data and transforming it into useful knowledgebecome a very challeng-
ing task. However, the motive for measuring is often theredsibe able to extract useful
knowledge that may not be directly measurable and thus gaigtit into the phenomena
under study. As an example, data from the daily variationwexdther is collected into
meteorological databases in order to anticipate upcomiagfther patterns. Data mining
is used to refer to the process of refining the measured dataigeful knowledge - the
process of storing and transforming measurable informatiith a variety of algorithms
into knowledge.

Figure 2 presents a top-level overview of the steps needednsform the measure-
ments into knowledge. First, measurements are made fromstticked phenomena and
stored in a database. The data mining algorithms then atoeskta from the database
and transform the measurements into knowledge, if the datimgnproject is successful.
The concept of data mining is not any harder to understanal ttia - the same logic
(with little alternations) can be found behind all studiesalving the measurement of
information.

The logic behind data mining might raise the question thaésiearch in general is
composed of designing experiments and analyzing measutetata and data mining re-
searchers study similar things, what is the difference betwdata mining and research in
some specific science? One answer to this question is thaearcher specialized solely
on data mining is seldom an expert in the application thatltite originates from. In that
case, the data miner often lacks capabilities to develompliysical application behind
the data any further, but can improve the application by idiog useful knowledge of
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Fig. 2. A top-level overview of the data mining process.

its functioning. On the other hand, the researcher speeiain the application might not
have the resources to specialize in the data mining procedgarithms and hence lacks
the capability to extract the maximum amount of knowledgenfithe data. Because of
this, data mining is at its best when a fruitful symbiosisAzn an application specialist
and a data mining specialist is formed. During the collationaprocess the application
expert has the chance to expand his/her knowledge on theitaga of data mining and
the data miner has the interesting opportunity to learn rftore an application that gener-
ates valuable data. Together they can create an improvebuesf the application under
study. The next section presents some interesting applisain various fields where data
mining techniques have been successfully applied.

1.2 About the complexity of data sets and some examples of DM
applications

The set of applications producing measurable informatiotoday larger than ever be-
fore and is expanding continuously. All measurement dagéacamposed of properties
common to most data sets and, in addition to this, applicagfmecific properties, which
vary from one application to another. The complexity of theasurement data is directly
related to the complexity of the data mining process neede@xtracting the desired
knowledge from the data. In this section some of the factmtaffect the complexity of
the measured data, and therefore the data mining solutier|aborated. The purpose is
to be able to understand the challenges posed for findingrapléimenting data mining
solutions for different types of applications. After thefew examples of data mining
solutions developed for real world applications in varifiekls are given.

The factors affecting the complexity of the measuremena det can be classified
roughly into the following categories:

— Amount of measured variableBhe amount can range from one to several thousands

depending on the application. In most cases a large numbsio#d variables is
an indication of multivariate dependencies in the datactvitian make finding the
solution more challenging. On the other hand, when measmtsrare available
from a large amount of variables, the measurements may coves data that is
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relevant for the application.

— Amount of data. It can range from a few observations to practically infinité.
larger amount of data requires a larger storage medium &ed talonger time to
process, but makes the results more reliable. If too fewrehtiens are available,
the reliability of the acquired results is questionablesdlthe amount of measured
data should increase with respect to the amount of measarabies.

— Type of data acquisitionThe solution could be developed for a static data set or
for a continuously acquired data set. In general, contislyoaperating data mining
solutions are harder to develop than static ones. Data nigipate from one source
(for example a database table, a file or a system variablepor fultiple sources.
The amount of sources increases the work needed for daggatiten and thus makes
the data mining task more laborious.

— Reliability of observed datdData that are more reliable give more reliable results. In
worst case scenarios the data set may contain a lot of migalogs, decreasing the
quality of the acquired results. Measurement accuracysis alfactor that can have
a high influence on the outcome - if the measurements are mdde iresolution it
is more difficult to generate high resolution results. Faraple, it is more difficult
to predict temperatures in a decimal accuracy if the measemes are only available
in decade accuracy.

— Type of measured variableg.he variables may come in different formats (for ex-
ample real numbers, textual, images, labels etc.) demgrudifferent amounts of
pre-processing.

— Type of dependencyn general, it is easier to model dependencies with a few vari
ables than multivariate dependencies. The same appliesdeling linear- and non-
linear dependencies; it is usually easier to find a lineaeddpncy in the data than a
non-linear.

The above list is not comprehensive in the sense that surelyetader can think of an
unlisted factor that affects the complexity. However, Hape the reader can also get an
idea of the factors affecting the complexity of the proce#bout delving deeper. Fur-
thermore, the terms listed contain a lot of cross dependsndihis means that as one of
the items is altered, it may also affect other items and fbezalso the complexity of the
process. For example, if the type of the relationship in tita ¢ non-linear, the minimum
amount of collected data should usually be larger than wiithear modeling task and the
data mining transformations have to be suitable for modetion-linear dependencies.
These kinds of qualities are reflected throughout the edtita mining chain - different
data sets demand different transformation chains.

Moreover, from the viewpoint of this work, data mining aggliions developed for
applications that are producing continuously new measentafata are of special interest.
Therefore applications developed for this genre are inited next in order to motivate
the reader on the usability of data mining in various apglicaareas. It would have
been interesting to study and present a comprehensive stdtefof-the-art data mining
applications in different fields, but that is not in the scafehis thesis. Because of
that, the following presentation is limited to an overviefasome interesting solutions in
different application areas.

In the field of medicine the benefits of data mining can be zedli for example, in
faster and more accurate treatments and diagnoses anchiiwaveMethods that output



15

linguistic rules are especially useful in this field, sinkbeyt can be more easily interpreted
by the medical personnel (Kwola al. 2002). A rule-based method regulating the inten-
sive care ventilator (delivering oxygen for the patientsvageveloped by (Kwoket al.
2002). The method achieves performance comparable toadized anesthetic control-
ling the ventilator. For the second example, an extensioa wdive Bayesian classifier
was used to accurately recognize dementia patients ing[@atiet al. 2003). Early di-
agnosis of dementia can be crucial for the treatment to ext®@fé. Finally, a radial
basis function network was used for accurate and autometécton of the epileptiform
pattern (Nurettin 2005) from features extracted from tlee®bencephalography (EEG).

In the manufacturing of goods the goal is to produce bettdrraare with less. The
results of data mining can help in this by optimizing and endting processes. An ex-
ample of an application area is the packaging of microedeatrdevices. One of the
critical factors affecting the packaging performance & phocessing of stud bumps that
interconnect the elements. An optimization of the gold stuthping process has been
obtained by using a neural network approach (Leo & Burce 0BBother example of
a neural network application is a solution developed forapgmization of newspaper
color pictures printing process (Verikas al. 2000). The system results in savings in
ink and improves the quality of the pictures. Eighteen msmthindustry experience has
proven the effectiveness of the method. In addition to tledestrial examples, this the-
sis presents two applications from the field of manufacturi@ne is aimed at improving
the quality of resistance spot welding joints and the otherquality of steel slab heating.
More information on these two applications is found in thiéofeing chapters.

Data mining methods in telecommunication systems have bpplied for increas-
ing the quality of data in communication channels among rothimgs. Fuzzy logic
based systems have been used to improve the quality of sg@iaS) in TCP/IP net-
works (Chrysostomoat al.2003) and estimating cell loss probabilities in ATM netwsrk
(Chandramathi & Shanmugavel 2003). The bit error rate ofc8daivision Multiple
Access (SDMA) networks has been decreased using neurabrietim (Benson & Car-
rasco 2001). Moreover, telecommunication networks forghlyi complex entities that
are continuously processing large numbers of transactiamtaining such a system is
a demanding task because there are so many possible caufsestjooperation that they
cannot be anticipated in the development phase. Using daiagrmethods, patterns
leading to a faulty operation can be identified in a pro-a&cthanner. One of the earliest
works on the topic was reported in (Sasisekhagtial. 1996). More recent results and
treatment of the topic can be found, for example, from (Sarttit al. 2005) and (Parish
et al.2004) (with an emphasis on developing visualization of ltssu

Data mining can produce more accurate environmental irdéon helping in defin-
ing its state and improving protection and conservationm&te sensing methods have
been developed for measuring the state of a large area witbdsts, for example from a
satellite or an airplane. Ocean components concentrai@detected using satellite pic-
tures from sunlight reflections by a method utilizing genetigorithms (Fonlupt 2001).
Forestation levels are inventoried remotely by a kNN-@tisg application (Haapanen
et al. 2004). Air pollution levels in cities are predicted in adearusing neural networks
(Perez & Reyes 2001) and wavelets (Nunnari 2004), if a ridiaktimate of the forth-
coming pollution level is available, appropriate measwa@sbe taken to act on it.

In service robotics the ultimate goal is to develop robott #ct independently and
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help humans in everyday tasks, which requires developniemntsiltiple fields. Because
of the high requirements set for the autonomous operaticohofts in varying operat-
ing conditions, the data mining problems in this field are aghthe most challenging
ones. Robot navigation methods have been developed usimgl metworks (Catarina &
Bernardete 2003) and environment recognition by selfstimilag maps (Yamada 2004).
Robust methods for controlling vehicles in autopilot motlage been developed for ex-
ample for a fighter aircraft in autopilot mode (kt al. 2001) and ship steering (Yang
et al. 2003). Among the applications that have received the mdsligity in the field is
the DARPA (The Defense Advanced Research Projects Ageregy) drand challenge
(Darpa 2005). The Grand Challenge of 2005 was to devise & wavovorking in au-
topilot mode, and was capable of driving autonomously thhoai challenging 131.2-mile
course in the desert in less than 10 hours. The winner (Sthifoiversity’s "Stanley")
completed the track in 6 hours 53 minutes and was awardedi@mlollars for it.

Context-aware applications are mobile applications thatcapable of reacting upon
the information originating from their physical surroungs. The goal of the applications
is to derive important pieces of information for adaptinghe circumstances and to help
the user communicate in a meaningful way with the envirorimEme field is still young
and there are not yet very many applications. Learning thénes of a user has been
studied for example in (Pirttikangas al. 2004), where methods for adapting profiles of
a mobile phone using association rules are presented. Signmbaps have been used
to recognize the context (walking outside / inside, in offitecoffee room) of a user
equipped with a mobile device by (Flanagatral. 2002).

Web mining is the term used when referring to data mining theldvWide Web.
Google (http://www.google.com) is a well-known exampleaofveb mining system de-
veloped for finding relevant information. Current develagmts in web search engines
try to incorporate more intelligence in them, like enginsig fuzzy logic (Choi 2003),
which do not necessarily contain the key words, but similards. Another application
area is, for example, mining web navigation patterns (Xingl8en 2004). A report on
the topic can be found from (Pat al. 2002).

The examples above presented some interesting data mippigations in various
fields of research. It is apparent from the set of examplegigita mining techniques are
abstracted from the application and can therefore be apjplipractically all phenomena
that produce measurable information. The common factotil ithea applications is the
urge to improve the understanding or functioning of the pineena under study. The
examples illustrated a tiny fraction of the existing apations and the potential of data
mining. The interested reader can find more examples with ktle effort from the
World Wide Web or from publication databases.

1.3 Scope of the thesis

This work presents a comprehensive methodology for crgéilly working data mining

applications. The thesis presents an overview of how taemaata mining application
starting from a situation in which a collection of measuratriata is available. The work
is presented by dividing the task into three subcategotie&irming the solution from the
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measurement data, 2) implementing the found solution aseandiming application and
3) extending the application to operate in environmentsreZhnew observations become
available continuously. These three subcategories aepémtient from each other in the
sense that any of them can be applied independently. Onatteely, a complete data
mining application can be built from scratch by followingetmstructions in the listed
order.

First a methodology is presented that can be used for oiiggrize data mining pro-
cess in such a way that it is more feasible to find a workingtesmidor the phenomena
under study. The developed process divides the task irferelift phases according to the
process presented later in Section 2.1. The functionafith® process is then demon-
strated with a case study where resistance spot weldinglsigime analyzed. The case
study compares in detail the amount of work needed for ingizre-processed resis-
tance spot welding signals using the developed processhanamount of work needed
for utilizing the signals using a traditional data miningpess. After this, the knowledge
acquired using different models developed using the psaes demonstrated. The re-
sults of the modeling task illustrate how to identify a walglprocess and how to predict
the quality of a welding spot using the shape of the voltagkamrent signals measured
during a welding event. The case study uses a static data sktnhonstrate how an
appropriate solution can be found before further impleatéon.

The second part of the thesis describes how to implementehelaped solution as
an independent application in an environment where new uneagents are constantly
available. First a component-based application framewcaked Smart Archive (SA),
designed for implementing data mining applications is @nésd. The implementation
using the framework is based on the data mining processidedcin Chapter 2 and
allows the applier to flexibly apply the data mining algomith using a variety of tools.
In addition to this, the framework includes a component tzet be used to detect novel
measurements. This component is especially useful whekingpwith continuously
expanding data sets. The architecture, the componenisyiementation and the design
principles of the framework are presented. A case study eoimgthe implementation of
a data mining application build from scratch to an applaatbuilt using the framework
is presented. The application predicts the temperatursteef slabs as they are heated in
a steel slab reheating furnace.

Finally, technology for the component in the framework tinakes it possible to utilize
past and newly measured observations more efficiently gepted. Using the technology
it is possible to form a measure of similarity between twotidirnensional measurement
series (trajectories). This information is useful whenmafj the novelty of a new obser-
vation, for example, and can help in finding similar obseoret from the past or when
deciding if the observation is novel enough for storing it.

In conclusion, the goal of this thesis is to present a metlogyoand a framework for
building fully working data mining applications from measment data. Following the
methodology it is possible to first efficiently find and testadaining solutions. After a
suitable solution is found, it can be implemented as an iaddpnt data mining applica-
tion using the software architecture and framework deedriin this work. The frame-
work is especially suitable when implementing applicagionan environment producing
continuously new observations and possibly requiring & kegel of customization.



18
1.4 Contribution of the thesis

This thesis contains a contribution in all the parts it cord@nd as a whole. This section
first lists the contribution in each of the individual partalahen of the work as a whole.

During the data mining process the measurement data iscp#ssrigh a chain of
algorithms that constitute the data mining process. Thikwomposes a method for better
management and implementation of the data mining procabssequorts a case study of
the method applied on the development of a solution for awptding application. The
approach developed here enables a more systematic prage$siata and facilitates the
application of a variety of algorithms to the data. Furthere) it manages the work chain
and differentiates between the data mining tasks. The geapway of managing the data
mining process is discovered to especially suit team-teggbdata mining tasks in which
a group of researchers are forming a solution for a data mipinblem.

The case study of applying the method to a resistance spdtngeduality estimation
project illustrates the advantages of the method compardiakt traditional run-at-once
approach. Solutions for predicting the quality of a weldappt and solutions capable of
identifying the welding process were created using thegeecThe application-specific
results were formed in cooperation with the workers paréiting in the project (Heli
Junno, Eija Haapalainen, Lauri Tuovinen and our colleagudsarlsruhe) and, to be
sure, the sole purpose of presenting them in this work is ésent the applicability of
the developed data mining process, not to delve into thelslefaesistance spot welding
improvement. Furthermore, these results may be used latbeitheses of colleagues.
The proposed method of managing the data mining processharchse study have also
been partly reported in (Laurinegt al. 2004b). The application-specific results acquired
using the process have been reported in (Laurgteth 2004a, Junnet al.2004a,b, 2005,
Haapalaineret al. 2005). Work reported in (Haapalainehal. 2006) has been submitted
for evaluation.

The contribution in the second part of the thesis involvesrttethods developed for
implementing the data mining solution in an environmentdpigng continuously new
observations. Using the novel application framework regmbin this work, it is possi-
ble to build high-quality applications with shorter deyatheent times by configuring the
framework to process application-specific data. The adwms of a framework-based im-
plementation are demonstrated in a case study which comgiadramework approach
to implementing a real-world application with the optiontafilding an equivalent ap-
plication from scratch. A data mining application that ideato accurately predict the
post-roughing mill temperatures of steel slabs while theyleeing heated is developed.
The application anticipates the core temperature of a staklbefore it exits a steel slab
re-heating furnace, which is a solution that has not beeriqusly available on this scale.
This information can be used to help heat the slabs more aieduito preset temperature
targets. The results of the model have also been reportddauriben & Rdning 2005,
Laurinenet al.2001) and the application framework has been partly redanté_aurinen
et al.2005).

The contribution of the component of the developed framé&wtioat enables the uti-
lization of past measurement data is an efficient algoritleretbped for calculating the
similarity of two measurement trajectories. The algoritisnuseful for calculating the
distance between trajectories where the measurementdbameobserved in varying in-
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tervals and contain one increasing measurement dimerfsioexample time. The algo-
rithm outperforms the existing algorithms under these d@ts. The algorithm has been
partly reported in (Laurinest al. 2006).

The previous paragraphs reported the contribution of ti@sis on the parts that make
up this work. However, the most significant contribution leé twork is the compilation
of the developed and applied techniques into a single eftitg novelty of the entity lies
in the fact that, arguably, no consistent methodology feating data mining applications
has been put forward in such detail to date. This contribuigosignificant, especially
in developing data mining applications applicable to ex@lmeasurement data. Follow-
ing the presented methodology it is possible to build a lyighistomized data mining
application working in an on-line environment.

1.5 Quitline of the thesis

The contents of this thesis are organized in such a way tfanits a logical entity. The
reader can follow through the thesis starting from Chapi@n@ get an overview of how
to build a data mining application starting from the acqdiineeasurement data.

Chapter 2 elaborates on how to form a data mining solutiom faacollection of mea-
surement data. It explains the method for managing the dmiagrprocess developed in
this work, a case study in applying the process on a resistspat welding application
and the results generated using the process. After thigt€ha presents the software
architecture and framework developed for implementinglat&m as a data mining ap-
plication.

In Chapters 2 and 3 the tools required for creating a fullykivay data mining appli-
cation were presented. In addition to this Chapter 3 refortsxample of a data mining
application that has been implemented using the develapetkfvork for implementing
data mining solutions. The application is based on datecitl from a steel mill and the
results of the application are presented in detail. A comsparbetween implementing
a solution from scratch to implementing it using the framewis presented. After that,
Chapter 4 describes a technique that can be used to utilstenpgasurement data, the
presentation focuses on describing the developed algoatid illustrates the efficiency
of the method using the steel slab data set and an artificials#d. Finally, Chapter 5
discusses the presented concept and summarizes the work.



2 From measurements to a data mining solution

This chapter introduces a systematic way for finding a datangisolution from a set
of measurement data. The developed approach, called ggEmidata mining process,
enables more systematic processing of data. It verifiesatweracy of the data, facilitates
the application of a variety of algorithms to the data, masae work chain, and differ-
entiates between the data mining tasks. The method is bast#t storage of the data
between the main stages of the data mining process. Theaetiffetages of the process
are defined on the basis of the type of algorithms appliedaa#ta. The stages defined in
this research consist of the measurement, preprocessatgyé extraction, and modeling
stages. An easy-to-apply method for implementing and magage work flow of the
data mining process is presented, which should make it neaglle to find a properly
working solution to a given problem.

Section 2.1 covers the general properties of the concepbtafirong a data mining
solution and implementing it as an application. The segbi@sents the commonly used
classification of algorithms for refining the measured data knowledge and relates it
to the solution and implementation tasks. Furthermoreséution presents work related
to the proposed concept. After that, different ways of oizjag the algorithms that con-
stitute the DM process are presented in Section 2.2 and tpoged process is presented
in Section 2.3. The proposed method is compared to the ofipgpaches of managing
the solution formation phase in a comparative analysis oti@e2.4 and a case study in
Section 2.5. Finally, work related to the data mining predsgpresented in Section 2.6,
with a discussion in Section 2.7.

2.1 The data mining process

This section discusses the general properties of the marfeinding a solution to a
given data mining problem and implementing it as an apptioatA data mining solu-
tion consists of transforming the measurement data withriatyeof algorithms in order
to discover useful knowledge, as stated in the first chaftiee process of creating and
implementing the solution is all about organizing this @®& so that it becomes more
manageable and can be controlled more easily. In order tdecemn organization that is
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suitable for most data mining processes, a process thaffisiently abstract, with com-
mon properties for all data mining projects, needs to be ddfimThereafter the process
can be tailored to the specific needs of individual data ngipirojects.

Figure 3(a) shows one way of organizing the application ligreent process at the
topmost level. The figure presents a straightforward flonagk$ where a data mining
solution is first created based on the measurement data arehfter the found solution
is implemented. It is desirable that the implementation lmampdated based on further
research results (marked with the dashed line in the figureg work spent on seeking
the solution consist mainly of determining the most sugadligorithms needed for ex-
tracting knowledge from the data. The implementation warksists of designing and
implementing software that contains the functionality feé best solution. In some data
mining projects it is enough just to extract the knowledgarfithe measurement data and
report the results, ignoring the implementation. In theases the topmost view of the
process consists only of the solution development phase.

When expanding the process to the next level, it has beenvaustrat the quality and
success of the solution is determined by the outcome of thsaf algorithms that the
measurements are passed through. A common practice igocae the individual data
transformation algorithms into different classes basetherstage of the data mining pro-
cess that they are applied in. The typical stages of the psirog chain are identified to be
the acquisition of measurements, pre-processing, feaiiraction and modeling. Figure
3(b) presents the layout of this transformation chain. Fnom on, this basic layout of the
different phases of the data mining process is called tHer&rce architecture” because
it can be found behind most data mining solutions. Moredver,reference architecture
can be found behind both phases of the application develojppnecess, the solution and
the implementation. This is because the algorithms tham fitre data mining solution
are organized using the reference architecture and thier¢a¢ implementation is based
on the found solution. Now it is evident that the referenahidecture is an abstraction
that can be used for both, creating a data mining solutionimptementing it as an ap-
plication. This thesis presents and develops this conddyis.chapter studies the process
of searching the data mining solution in more detail and @rap continues from there,
elaborating how the found solution can be efficiently impderted. It is argued that the
concept has not been presented so far anywhere else to ¢hefieetail exhibited in this
work.

There exist previous research results in all of the subfiglidswork is composed of,
but it is hard to find anything similar that would integratettininto a concept similar to
this. In order to be able to report other concepts in the fiakelterm "concept” should be
first defined in this context. Unfortunately the term is sotedts that it is somewhat am-
biguous. However, a sufficient overview can be accomplidghyestudying previous work
reporting approaches for performing data mining projents@esenting implementation
principles for some parts of it. There were hardly any coteépund from the previous
work in the field falling in the same class as the ones predeptesenting the complete
process, taking the project from data to a deployable auijic.

There are many studies presenting data mining approacteteat! where descrip-
tions on the implementation of the DM application developiygrocess are not given,
but a more general organization of the tasks of the DM satut@ymation process is
elaborated. Many of these studies include the referenddétecture and some additional
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Fig. 3. An overview of data mining solution development. (a): Topmost view bthe steps in
data mining application development. (b): The data mining process ciracterized using the
classification of algorithms into different stages. This layout is calledhe reference architec-
ture.

phases in them, depending on the study. One of the earliddiest known references on
the subject is Brachman & Anand (1996). They define the psooBsnowledge discovery
in databases (KDD) to include the phases of data cleanindehaevelopment, data anal-
ysis and output generation. A domain model for the analyzexhpmena is developed
using a variety of tools assigned to these stages. Thesksraselimportant, especially
at the time of their publication, but the work does not take@aadetailed stand on the
organization of algorithms or their interactions and is redated to application develop-
ment. Pyle (1999) defines the data exploration process lodadhe stages of exploring
the problem space, exploring the solution space, spediftie implementation method
and mining the data. The primary contribution of the workniglata pre-processing and
it does not contribute to the organization of the process lenel more detailed than that
(nor on the application deployment phase). Chapwtaal. (2000) defines the CRISP-
DM reference model to include the phases of business uraaelisy, data understanding,
data preparation, modeling, evaluation and deployments @tncept comes closest to
the one presented in this thesis. The largest differendeetother approaches reported in
the literature is that CRISP-DM also gives ideas on the depémnt phase, noting that the
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creation of the model is generally not the end of the projectthat in many cases it is
the customer who carries out the final implementation. CRI8Pprovides guidelines

for the deployment phase in a very general form, in four déffé stages: planning the
deployment, planning monitoring and maintenance, prodpaifinal report and review-
ing the project. The work does not present guidelines orilédtaiews on the practical

implementation of any of the subjects, but the advice andajuies are of high qual-
ity. What further distinguishes this work is that this workr{&t Archive) gives detailed
guidelines on the implementation of the application, butarthe quality assurance of
the deployment. These important advice can be found fron5€HDM, although on so
general a level that they are hardly of any practical use wtbik just briefly explains

"what", not "how" or "why".

As can be seen, these studies have a view into the DM procaisis tixtended from
the reference architecture-centric view presented inthi@sis. This means that they also
include phases like problem definition as part of the conagpereas the approach pre-
sented in this thesis concentrates on the core parts of tieegs in which the actual DM
algorithms are applied, which are the parts that can be etelgrimplemented and de-
ployed. The other parts are more application dependentessdtéchnical, in the sense
that they are directly involved with the application in thefidition phase of the DM
project where more human interaction is needed betweeniffieeetit parties managing
the project. After the project definition is ready, it is tlesk of the data miner to find
a working solution and implement it - this is where the refieges architecture is used.
Therefore this thesis did not comment on the tasks in thdagin interface outside the
reference architecture. It would certainly be interestimgtudy application independent
methodologies for the other phases as well, but as has batexl seven though they are
very important, they are not in the reference architectuaeis the backbone of this thesis
and are hence excluded from this work.

Itis logical to define the term "approach” or "concept" in @plécation- or algorithm-
independent manner. In spite of this, some authors defingetheas an approach using
some specific modeling technique for extracting knowled§ye.example can be found
from Man & Kwong (2000) where approaches using decisiorstrgenetic programming
and some other methods are presented. This differs quittafmentally from the way
the term approach is viewed and presented in this thesigewhe approach is abstracted
from specific data transformation techniques. It is alspissing to see that some studies
even manage to neglect to report the concept of data minidgancentrate merely on
case studies or individual methods even though the titleldvoaply otherwise, as for
example Parag (2003) and Kudyba (2004). Could this be a bigjrttie general concept
is not yet strong or uniform enough? Is the field still so yoongliverse that the concept
is not yet well established or standardized?

There are on-going attempts to creating standard notata@nsresenting DM mod-
els and data. Two notable projects are the Predictive Modeklp Language (PMML)
by Savaseret al. (2005), and Java Data Mining (JDM) by Hornick (2005). PMML is
an effort to standardize the components of a DM process 0éifig-format to describe
models and data. Based on the examples provided with PMMsiMeB.0, the approach
seems to be very suitable for presenting models, but it istdélte how well it suits for
presenting data sets i.e. how well XML works for presentiagé sets of data. JDM
is an Application Program Interface (API) developed speaify for Java for interacting
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with DM algorithms. JDM provides interfaces and some impatations of algorithms
working through these interfaces. The API offers the pdlisitof using algorithms im-
plemented by third parties, as long as they support the ABithlr of these projects deal
with the DM process or requirements related to the DM appitioadevelopment. Nev-
ertheless, it is obvious that these methods would be vetgldgitools to be used at the
practical implementation level.

The roots of data mining probably lie more in statistics aathputer science than in
mathematics. But then again, mathematical notation carsée for formalizing the DM
process. A substantial contribution to the subject usingthematical approach has been
developed under a school of research studying rough setgghRsets based approaches
to different aspects are available in several sources. rfmilarBusse & Ziarko (2003)
relate the concept to data mining and define the term as a fonatoematical theory
modeling knowledge of a domain of interest in a form of eqlgimae relations. They
note that the main application area is in creating comppitecessible models from data
- which sounds promising. The technique is based on preggimtformation using ap-
proximately defined sets in which the approximations areifiper (the smallest possible
set containing the target set) and lower (the largest plessét contained in the target set)
approximations of the target set in question. If a methodefample a classifier, is pre-
sented using rough sets and the approximations are goodlertbe prediction error will
be small. There are plenty of tools for implementing DM pisses based on rough sets.
An extensive list of tools and research papers is availailed rough set database system
Suraj & Grochowalski (2005), maintained by the rough setsetp. Examples of these
are "KDD-R: rough sets-based data mining system” (Ziarke8)@&nd "LERS: A knowl-
edge discovery system” (Grzymala-Busse 1998). The firstpgototype system aimed
mostly at calculating probabilistic rules and the lattedésigned for inducing rules from
data sets. Some of these systems could be extended to pfeseaincept presented in
this thesis. Rough sets are suitable for modeling knowlesigtransformations formally,
but may not be that good for designing and presenting thenagton of the sub-tasks of
the DM process, architecture, application framework obetating the implementation.
This is largely due to the fact that this is not the purposeafjh sets. Also, parts of this
thesis could be reported using the terms and language adapte the rough sets theory
and it might be interesting to make further studies in thé&maiHowever, rough sets theory
is a mathematical formalism and a language of its own andjib@sl to keep in mind that
a description written in that language is understandable loyited audience only.

Other techniques related to this work include, for examgheapproach based on flow
graphs and approaches based on granular computing. Flplvgaae used for modeling
information streams between entities. That is also a higél labstraction of what the
DM process efficiently is. Zdzislaw (2005) is a somewhat wadaottom-up attempt at
presenting the concept of data mining using flow graphs. Tk \@oes not relate the
individual algorithms or variables it presents to the DMgess more generally, but there
could be a lot of potential in it. Granular information presag and its relation to data
mining are explained in Pedrycz (2000), for example. The@ggh is based on present-
ing the information with granules abstracted from the ddthe size of the granules is
dependent on the application. Basically, the DM process$dcoe explained also using
this notation.

As can be seen, there exist many methods and techniquesngfuby field from dif-
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ferent perspectives. It would have been interesting to fistldy presenting a concept
describing the process of moving from measurement data &pplication at the same
level of detail as this work. In spite of extensive searcBash a concept was not found.
Therefore, this work was also related to what has been domevhat could be done in
this area, too, using the existing methods and techniquesheAconceptual level the
CRISP-DM (Chapmaet al. 2000) is one of the few and maybe the most similar in this
sense to this work.

2.2 About the interactions in the data mining process

The process presented by the reference architecture lsygote-processing the measure-
ment data with algorithms designed, for example, to idgmtifssing values, combining
data originating from multiple sources and extracting iodgiods from time-series sig-
nals. The feature extraction algorithms are then used tesfivam the data set into a
selective subset of variables. The features formed canrlexémple information that is
difficult to measure directly or can be formed only after b tneasurements that an ob-
servation is comprised of has been made. Examples inclustigive values of signals
(e.g. minimum, maximum), variables formed based on othgaebkes (e.g. body mass
index) and reduced dimension of the observation space iargenAfter forming the
features meeting the requirements set for the applicatioieustudy, the modeling (also
called classifying in some contexts) algorithms are appdie the feature data. The mod-
eling algorithms implement the final step in the process angui the knowledge that
can be further exploited. Examples of modeling algorithmesreeural networks, statis-
tical classifiers and regression methods, among othersd @oo extensive descriptions
of the various methods and principles of applying them iradaining projects can be
found from textbooks and articles, for example Haatdhl. (2001), Hastieet al. (2001)
and Martinez & Martinez (2001).

It has been observed that in some applications it is enougippdy the modeling
algorithms directly on the measurement data and ignore itegmcessing and feature
extraction steps. In the context of the reference architedhis can be described as a
special case where the pre-processed and feature dataleguadasurement data. It has
also been noticed that this thesis does not delve into the dieacquiring or planning
the collection of measurement data, since it is highly ddpahon the application under
study and is quite independent from the rest of the stepseinléita mining process. The
assumption is made that the data is readily available; itbeastored, for example, in a
relational database or flat file system.

The reference architecture can be found in the underlyinggss of obtaining most
of the existing data mining solutions. Researchers arenaripe their data mining chain
(whether on purpose or unintentionally) according to thiscpss. From the viewpoint
of the process defined by the reference architecture, tmereva factors that affect the
quality of the outcome when seeking a suitable data minihgtisa (ignoring the effect
of the quality of the observation data):

1. the selection of the data mining algorithms,
2. the method of managing the interactions between theidigus.
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The existing research has concentrated largely on studiim@lgorithms that filter
the data into knowledge, while less attention has been patidet methods of managing
the interactions between these algorithms. However, theagement of the interactions
between the algorithms should not be neglected. The waytefdotion can be thought
of as an infrastructure on which the algorithms run and whéwvell managed, it gives
the practitioner better possibilities for developing tleadmining process. Using a well-
managed interaction method, the practitioner can teshste sets of data mining algo-
rithms and better asses the quality of individual algorghimence the overall quality of
the solution can be expected to be higher.

One of the traditional approaches of implementing the &dton has been to combine
the algorithms developed for the different stages, run #ta through the chain in a single
run and observe the output. This approach has its advantdgaseverything functions
smoothly, but may lead to suboptimal performance if soméefagorithms in the chain
fail.

In this section the algorithms and interactions that ctuistithe data mining process
are formalized using notations familiar from set theorytfemng able to present and study
the effect of interactions between the algorithms morerltyled.et us start by marking
the measurement data set wih and the set of all possible data mining functions trans-
forming data from one form to another with Now the data mining task is to select an
ordered tupleZ (where.# C F) so that it gives the most satisfying mapping fré@to
Xn, whereX, marks the result of the data mining process. Because there-a? inter-
mediate results betweefy andX, the cardinality of# is n and the individual functions
transforming data can be marked with fo, ..., f,, wheref; € #.,i = 1,...,n. In order to
define the data mining process using this kind of notatior,rmanre symbol is introduced
- the special operation of storing the transformed datagsesented with the symbsel,
wherei is an index showing the number of the data storage operafiba.data mining
process can be stopped and continued from a storage locatithis sense the storage
location is like a "pause" button for the process. Furtheantine practitioner is assumed
to be able to observe the (intermediate) results of the peoaely from a storage location.

The reference architecture (presented in Figure 3(b)) eathelscribed in this context
by categorizing the ordered tupl& into smaller sets of ordered tuples?, #¢&, ¢,
where the symbols represent the tuples for pre-procestatyre extraction and mod-
eling transformations, respectively. Figure 4(a) presem implementation of the data
mining process using the developed notation. The circléisarfigure signify operations
and the arrows indicate data transfers between the opesatiche first algorithm in the
chain, f1, accesses the stored measurement data, which is therotransfusing the al-
gorithms f; (i = 1,...,n—2), until the last algorithm in the chaify, outputs its results,
which are stored for later use and observat®. (For clarity, the intermediate transfor-
mation results Xz, ..., Xn_1,) have not been drawn in the figure. The classification of the
functions based on the reference architecture is also megbén the figure, although the
results of the pre-processing and feature extraction stegenot be observed, since the
only storage location is the end of the process.

Using this method of processing measurement data, it istess$that the data is pro-
cessed from the storage location, without intermediategtopoints, until the end of the
chain has been reached. Consequently, in order to obtaneshiés of the functiorf; in
the chain, all the functions prior to it have to be calculat€his makes the results of the
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Pre- Feature Classifying
processing extraction

Fig. 4. The closed data mining process and its dependencies. (a): The cldsgata mining
process. The transformed observations are not stored until ta end of the chain. (b): The
dependencies between transformations in the closed data mining @cess are illustrated using
the arrows pointing backwards.

functions highly dependent on the performance of the pte/fanctions in the chain. As
a result, for the chain to be able to produce a correct ougduthe algorithms have to
function properly. Therefore, when the data miner is ushig approach and wishes to
observe results of the process, only the final restjtéstored using the operati®a) of
the process can be observed. Because of this, it can be ahadlgrging task to identify
functions in the chain that are possibly not functioningreotly. For obvious reasons,
this method of processing the data shall hereafter be egf¢oras the "closed data mining
process".

Figure 4(a) does not comment on the amount of dependendiesdxe the functions.
Figure 4(b) illustrates the dependencies between theitdlgm when using the closed
data mining process for managing the connections. The depeies between opera-
tions are marked with the curved arrows with black tips. Asacasa see, the function
fi(i=1,...,n—1) is dependent on the output of the previdusl functions in the chain.
In general, the cumulative number of dependencies (the ahuarrows pointing back-
wards) at théth function in the chain ii'j;ll j-

What could help make the functions less dependent on thetditeéput of earlier
functions in the chain and give the data miner the posgihilitobserving intermediate
results? One solution is to add intermediate storage paintee data mining chain.
Figure 5 presents the other extreme of approaching the megieation of the data mining
process, hereafter referred to as the "open data mininggsbcHere, the data is stored
after the application of each function in the process. Nasvdperationf; in the chain is



Fig. 5. Open data mining process. The transformed observations are sted after every trans-
formation.

directly dependent only on the data read from the storage goand the data miner can
evaluate the performance of each function in the chain. Aenaeguence, in order to be
able to calculate the functiofa (i = 1,,n), one does not need to calculate all the functions
f1,..., fi_1 prior to f; but just to retrieve the datX;_1, stored using the operatignand to
apply the functiorf; on that data. The cumulative amount of dependencies fotium§

in the chain using the open data mining process is

The obvious difference between these two processes isrthiaeilatter the result of
the functionf; is dependent only on the dat4, ;, while in the former it is dependent on
Xo and the transformationf, ..., fi_1. The difference between the interaction methods,
or approaches, might seem small at this point, but the fatigwections will demonstrate
how large a difference it can make in practice.

The third alternative for implementing the data mining @s& using this notation
would be to develop categorizations of the functions andgptorage locations between
the sub-chains of functions. Using this approach the guestould be how to divide the
process into sub-chains of functions? However, the reteremchitecture already pro-
vides a logical categorization of the function chain. Tlsathie topic of the next section,
which proposes a solution for this challenge.

2.3 Proposed data mining process for managing interactions

The data mining process proposed in this thesis is a cramsafthe closed and open
interaction methods presented in the previous sectiomefihie it is called "semi-open
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Fig. 6. The proposed semi-open data mining process. The transformed ebrvations are stored
after the main phases of the reference architecture.

data mining process". The approach groups the functiondagical order reflecting the
reference architecture and lets the applier observe ietdiate results of the process.

Figures 6 and 7 present the semi-open data mining procesguiiittions transforming
data are ordered into sub-chains, denoted®y.# & and%. These sub-chains present
the categorization of functions in the reference architegstthat is, pre-processingA),
feature extraction.Z &) and classification?’) operations. The data storage operations,
too, are now presented in two categories: local and glolbahge operations. The data
stored using a local operation are visible to the functimssdie a chain of functions and
the data stored using a global operation is visible to altfiams (including functions in
other chains). After the data have been processed in a @ib-iths stored ¢, s, and
s3) and the results are viewable globallyThe storage points defined in this process are
placed after the pre-processing, feature extraction assit/ing chains.

Each sub-chain in the process is organized as shown in Figuka arbitrary number
of functions is laid in a chain processing the datg {nput into the sub-chain. The sub-
chain is connected to the world outside by connections taléte it processe{) and to
the storage locatiors() where it stores the results. The sub-chain contains(@gte- 1)
local storage operationg), which enables the observation of the results of the swairch
but are not visible to functions outside the chain.

The arrows with black triangle tips are marking again theesiglencies between the
operations in Figures 6 and 7. The sub-chains of functiomslependent only on the data
stored after the previous sub-chain in the process hasgsedéts output. That is, the pre-
processing stage is dependent only on the measurementtaafaature extraction stage

IHere the term "globally” resembles the same term used in pnogpiag i.e. the data is accessible globally
by all appliers.
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Fig. 7. Intermediate results from the sub-chains can be observed by platg a temporary data
storage point in an appropriate position.

on the pre-processed data, and the classification stageoie feature data. Therefore,
the number of global dependencies is always four and is ewtignt of the amount of

dependencies inside the sub-chains. The sub-chains cdotal dependencies, similar
to the dependencies in the processes presented in Figuoeart{ 5 depending on the
amount and placement of the local storage operatipnslf{a local storage operation is

placed after each function in the chain, the sub-chain iaraegd as the open data mining
process (Figure 5) and if no local storage points are preseatsub-chain is like the

closed data mining process (Figure 4(b)).

Why is this layout of the data mining process any better thanctbsed or unclosed
layouts? It can be considered better for a number of reagirss.of all, the reference ar-
chitecture is clearly present in this layout. All the resbars involved in data mining are
familiar with the reference architecture because it is #wattto procedure for organizing
the data mining chain. Reflecting it in the layout lowers theshold for getting familiar
with the data mining process in hand. That is, a person nalitarwith the underlying
application can still understand the management of the matang process with a little
effort when studying a process implemented with the familgdierence architecture in
mind. Furthermore, the semi-open process supports thécapph of a variety of algo-
rithms on the data and differentiates between the data mtasks. In particular, the ease
of application of a variety of data mining algorithms is argdhe most important proper-
ties when seeking for a data mining solution. That is becthesguality of the solution is
highly dependent on the quality of the set of algorithms golbn the data. In that sense
the selection of the data mining process is analogous totgedehe training algorithm of
a classifier - with a properly designed data mining procégspptimal (or near optimal)
solution can be found in less time than with a less effective. o
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2.4 Comparing the semi-open approach to the closed and unded
approaches

In this section, the proposed semi-open approach is compatée closed and unclosed
approaches. In general, the open and semi-open processeshie each other more than
the closed process. They both contain intermediate stqrais and, in practice, the
semi-open process can be made almost similar to the opeegsrbyg placing local storage
points after all the functions in the sub-chains. The mdifedénce between the open and
semi-open processes is that the semi-open process is ransparent. It categorizes the
functions in clear order according to the reference archite, while when using the open
process, it is harder to draw lines between the differegestaf the process. On the other
hand, the closed process is a kind of black box, measurergenits and results come
out, without the possibility of observing intermediateiacs. The following subsections
present a more detailed comparison using different factidie comparison is especially
suitable for considering the practical applicability oéthrocesses. The closed approach
is marked usingl(, the open approach withl { and the semi-open approach witH {§.

2.4.1 Independence between the different stages of the datang
process.

The level of independence between the functions comprikiegata mining chain varies
according to the applied data mining process, as was exulamthe Section 2.2. Here
the topic is treated once more, with a more practical pointiedv. The properties of

the closed approach are first related to the issue of indepeedunder the item marked
with 1, then the properties of the open approach under Iteand finally the semi-open

approach under iterl .

| In the closed approach, the output of a function is direcpehdent on each of
the functions applied prior to it - in this case the chain isnesk as its weakest
link. In other words, if one of the transformations does notkproperly, none of
the transformations following it can be assumed to work priypeither, since each
of them is directly dependent on the output of the previoasdformations. On the
other hand, if the functions in the chain all work as they $ti@nd the chain can be
easily implemented, using this approach demands the ldashastration.

Il In the open approach, all of the functions are independetitie=) in the sense
that they are only indirectly dependent (through the steragint) on the output of
the previous functions in the chain. From the standpoinhefapplier it might be
good that the functions are so independent from each otherth®other hand, it
takes much more work to manage the storage locations thae iother approaches,
since all the storage locations are visible to all the fuortiin the chain. More effort
has to be put toward developing the naming conventions adhgné clear which
data belong to which part of the process, especially if thalmer of functions in the
chain is large.

Il Inthe semi-open method, a function is directly dependelyt@mthe data stored
in the local or global storage location immediately priotthe function, not on the
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functions inside the previous chain of functions. The opena prior to a certain
function do not necessarily have to work perfectly, it isegiothat the data stored in
the global storage location are correct. The transparehttyegorocess is high and
the naming convention is clear. One difference compareldg@pen approach is the
management of interactions, in the semi-open approach #magement becomes
more natural because the logic behind the reference actiniée(and hence, behind
the solution under study) is familiar for practitioners.

2.4.2 The multitude of algorithms easily applicable to thatd.

The multitude of algorithms that can be applied and testetherata with a little effort
in the development phase is a very important factor from thadpoint of being able
to find the best possible solution. Here it is emphasizedtti@tlgorithms areasily
applicable, because in theory any algorithm can be impléadeon any tool if enough
resources are given. The efforts needed for experimentitigarcertain algorithm or a
chain of algorithms is highly dependent on the method usechémaging the interactions
between the algorithms. The amount of work needed to chaage pf the algorithm
chain is elaborated in the following for the closed (itEopen (itemll ) and semi-open
approaches (itertl ).

I In the closed procedure, the functions must be implememedway where the
data can flow directly from one function to another. This carchallenging from
a software engineering point of view, especially if the alfpons have been imple-
mented using different tools. Because of this, changingcti@n of functions is
generally more demanding than with the two other approaahdshe applier might
not want to test so extensive a set of functions on the data.

Il Using the open procedure, itis easy to insert new functiotiss chain. The chain
works like a linked list, where the addition of a new functisrequivalent to adding
a new function and storage location between the functiorerevthe new function
is to be added. The number of functions is not limited to thogglemented in a
certain tool, but is proportional to the number of tools timplement an interface
for accessing the storage medium where the data has beed.skar example, one
of the most frequently used interfaces is the databasefactefor accessing data
stored in a SQL-compatible database. Therefore, if a SQhptiant database is
used as a storage medium, the number of algorithms is lirtotdte number of tools
implementing an SQL interface - which is numerous.

Il Also, in the semi-open approach, the number of functiongidimited to those
implemented in a certain tool, but is proportional to the bemof tools that im-
plement an interface for accessing the storage medium. W&tiiglishes it from
the open approach is that the different organization of theage clearly groups the
functions into pre-processing, feature extraction andsilcation, where each type
of a function is naturally added to a respective section éngtocess. Furthermore,
because the applier has the freedom of adding a local stpmgebetween any two
functions inside a sub-chain of functions in the referemchitecture, the individual
functions are as easily replaceable as with the open proeedu
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2.4.3 Specialization and teamwork of researchers

The different phases of the data mining process requireat geal of expertise. There-
fore, in general it is harder to find persons who would be esgarall of them, than to
find an expert specialized in some of the stages of the DM pecBespites this, even
if the researcher would be specialized in a certain field tee /nsust also apply or know
details of many, if not all, of the other steps in the data mgrihain, to be able to under-
stand the process and to conduct the research work. If tregsds managed carelessly,
the applier has to delve too deeply into details, which tesolwasted resources, since it
takes some of her / his time away from the area she / he is $igedign. Furthermore,
when a team of data miners is performing a data mining projectight be that every-
body is doing a bit of everything. This results in confusiarthe project management
and de-synchronization of the tasks. It is perhaps thisifeahat makes the biggest dif-
ference between the open (contrasted under itgamd semi-open approachis, while
the closed approach)(remains a black-box.

| A good question is how to manage the data mining process wéiag the closed
approach. In particular, in situations when more than osearcher is participating
in the project, there is no obvious solution for it. One altgive is to give each
data miner the freedom of developing his or her own procgsdiins. In this case,
each of them has to posses the functions needed in all thepbé&the process. Or,
alternatively, the researches can try to develop a methaadintaining the function
chain collaboratively. In any case, it will be hard to distiie the data mining project.
Il When using the open method, it might be hard to stay fully imied of the stage
of development of the process. Because there are no clags between the stages
of the data mining process, it is harder to allocate resauocethe different stages.
It will be also harder to tell who is involved in the differestages of the process.
When functions are added to or removed from the process, lmv@yinvolved with
the process has to stay informed on the changes.

[l The proposed method facilitates the natural managemeheafdta mining pro-
cess. Researchers can be allocated to work on the datanetevheir specializa-
tion. Each stage of the data mining project is clearly alled#o its own independent
sub-chain. When a team of data miners are working on a prdfeetyvork can be
naturally divided between the workers by allocating theddbred after global stor-
age points to suit the expertise and skills of each personth&unore, the experts
can freely add and remove functions, as long as the data iglthal storage point
after the respective sub-chain remains unchanged.

2.4.4 Data storage and on-line monitoring

Data storage and monitoring of the results are importanesg/hen observing the quality
of and utilizing the results of the data mining process. Tadcquired in the different
phases of the data mining process can be stored in a cohemgiwhen, for example, a
standard database is used to implement the data storage. t#hdata can be accessed
through a standard interface after the transformations,cam peek in on the data at any
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time during the storage points specified in the process. Whieilg & SQL-database, for
example, as a storage medium, one can select the monitadtg ftom a set of read-
ily available software. The closed-, open- and semi-opgragthes contain different
amounts of storage points by definition, which is a factot thectly affects the monitor-
ing of the results. With the closed approach the monitoriffgrd largely from the open-
and semi-open approaches. The following items relate theoaphes to the monitoring
issue.

I The process has only two data storage points, the measurdatarand the results.
So, by definition, these are the only stages that can be meditehen applying the
closed data mining process. This can be convenient in siaggécations, but in the
development stage of the application it is hard to obseryardarmediate results.

Il The results of each function in the data mining process aredfor observation.
This will increase data storage demands, but gives the draeaf observing the
results of each function in the chain. Again, possible potd might be caused by
improperly designed naming conventions, making it hardisbirijuish the stage
which the functions belong to.

Il The results of each stage of the reference architecture@edgor global ob-
servation and a selective number of results (decided by ppéea) of individual
functions in the chains are stored for local observationis Tillakes it possible to
observe the quality of the process at a glance in the diffestages presented in
the reference architecture or in detail through the locadaste points. Individual
observation points can be placed after functions that neeler development.

2.4.5 Time savings and computing costs

Executing the data mining chain can require a lot of proogspbwer, especially when
the number of observations or dimensions in the measuredagatgrows or the amount
or complexity of the functions in the chain increases. Tfwes it is important that the
data mining process is designed in such a way that it de@eadendantcalculations.
Here the termredundant calculatiomefers to an identical execution of a function in the
chain i.e. the same input data is given for the function, & thee same parameters and
outputs the same results in two or more executions of thexcMghen working with large
data sets, this issue may result in significant computatjperdormance differences. The
properties of the three approaches with relation to theeisauy highly and are described
next.

| Using the closed method, all the functions in the chain mestdiculated when
one wants to observe the output of the process. This resultsriecessary waste of
resources and a lot of redundant calculations if only a piatthie processing chain
has been changed.

Il The data mining chain does not need to contain any redundéntlations when
using the open approach. Only the functions in the chainepiastto the changed
data have to be recalculated.
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Il When the data in the global storage locations have been atdcubnce in the
semi-open process, it does not need to be re-calculatedsudiga prior to it has
changed. Depending on the amount and location of the looedge points, further
time savings can be made.

Now that the numerous benefits of the proposed method hangibesented, we could
ask what are the drawbacks of the proposed method? The ahimg that needs more
resources is the care and effort one has to put into defingnterface for transferring
the intermediate results to the database. On the other kfathés work is left undone,
one may have to put twice as much time in tackling with the flawshe data mining
process. It might also seem that the calculation of the wtiate mining chain using the
closed process is faster than using the semi-open prodaes,the data do not need to
be loaded from a permanent storage media. That is true, Bikitown from practice
that the data mining chain needs multiple executions bdfodéing the desired solution.
When using the developed method it is necessary to run ontyop#éne chain. Finally,
it can be said that the selection of the management methogisject-wise decision.
For some projects the closed approach might be appropfiaitexample when creating
early mock-ups of data mining solutions. In general, whewinmgptowards larger and
more complex data mining projects with many research werkarolved in them, the
advantages of the proposed process become clearer.

2.5 Case study: A data mining solution for spot welding quaty
control

This section illustrates the benefits of the proposed methquactice. The semi-open
process is applied to a data mining project analyzing théitgua spot welding joints,
and a detailed comparison to the closed approach is madercamg the amount of work
required for acquiring pre-processed data.

The spot welding quality improvement project (SIOUX) wawa-year, EU-sponsored
CRAFT project aimed at creating non-destructive qualiseasment methods for a wide
range of spot welding applications. Spot welding is a wajdechnique widely used in
the electrical and automotive industries, for example, netmeore than 100 million spot
welding joints are made daily in the European vehicle inguatone (TWI 2005). Non-
destructive quality estimates can be calculated basedesttape of the signal curves
measured during the welding event (Laurineinal. 2004a, Junnceet al. 2004b). The
method results in savings in time, material, environment] salary costs - which are
the kind of advantages that the European manufacturingstngdishould have in their
competition against outsourcing work to cheaper countries

The data collected consist of information regarding thede@Imaterials, the quality
of the welding spot, the settings of the welding machine, dredvoltage and current
signals measured during the welding event. To demonstratddta, Figure 8(a) displays
a typical voltage curve acquired from a welding spot and FE@{b) shows the resistance
curve obtained after pre-processing the data.

The project was conducted by two teams of researchers, biee ohe consisted of
three to four members (based in Oulu) and the other one ofdviour members (based
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Fig. 8. Examples of measured and pre-processed data. (a): The voltagegnal of a welding
spot measured during a welding event. The high variations and the ftaregions are visible
in the curve. (b): The resistance curve acquired after pre-proessing the voltage and current
curves (current curve is not displayed here).

in Karlsruhe, Germany). The major responsibility of the Ban team was in developing
the pre-processing algorithms, a method for computatipeatimating the nugget size of
a welding spot and the platform where the final implementatibthe project prototype
was implemented. The responsibility of the Finnish team miase on developing fea-
ture extraction and classification methods for procesdiiifgation and a database system
for storing the data. The fact that the project was disteédugeographically and many
researchers participated in it made the good managemeh¢ afata mining process es-
pecially important.

2.5.1 Pre-processing spot welding data

The data transformations needed for pre-processing sgymeés consist of removal of
the flat regions from the signal curves (welding machinetiuiy), normalization of the
curves to a predefined interval, smoothing of the curvesgusifilter, and calculation of
the resistance curve based on the voltage and currentsignal

The transformations were implemented in software writfmcsically for this project,
called Tomahawk. The software incorporates all the algor required for calculating
the quality estimate of a welding spot, along with a datalfasestoring the welding
data. The software and the database are closely connecteiddependent. The basic



37

TOMAHAWK
Plug-in 1: Plug-in n:
Transformation Transformation
1 n
N~ - \ y - Quality
Welding data measure
v
) )
Plug-in 2: Plug-in 3:
Transformation P Transformation
2 3
— —

Fig. 9. The operating principle of the original implementation of the Tomahawk software. The
architecture is a realization of the closed data mining process.

principles of the system are presented in Figure 9. The itgos in Tomahawk are
implemented as a connected chain. The algorithms are qalligdins and the processed
data is transferred from one plug-in to another, until the @frthe plug-in chain has been
reached. Hence, the result of applying all the algorithmbesdesired output of the data
mining process. When the program is executed, the chain gfipkiis executed at once.
This is an implementation of the definition of the closed dataing process.

The ultimate goal of the project was to have all the plug-eedy and working for all
kinds of welding data as seamlessly as presented in Figie®ever, in the production
phase of the system, when the plug-ins were still underackvelopment, three major
issues that interfere with the daily work of the local depet@nt team were identified
based on the criteria presented in Section 2.4 as follows:

— Independencdt cannot be guaranteed that all parts of the pre-procesggugithms
would work as they should for all the available data, at Iasing the development
stage. However, the researcher extracting features frenpité-processed data is
dependent on the results output by the pre-processing seguddecause of this,
if the data pre-processed using the closed data mining gsoseused in feature
extraction, the persons developing the feature extraeligorithms cannot be certain
that the features are based on correctly pre-processed data

— Specialization and teamworkThe expert developing features based on the pre-

processed data might not have the expertise to correcthprnoeess the raw data
in the context of Tomahawk, which would make it impossibleton/her to perform
her/his work correctly.

— The multitude of algorithmeasily applicable to the data. In the development phase,

it is better if the range of algorithms tested on the data tsemolusively limited to

the algorithms implemented in Tomahawk, since it would neja lot of effort to

implement algorithms that are also available elsewheréugsips just in order to be
able to test them.

The solution was to develop Tomahawk such that it would algmpsrt the semi-open
data mining process - a plug-in capable of storing and deétiggore-processed data was
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Pre-processing in TOMAHAWK
Plug-in 1. Plug-in 8:
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Fig. 10. The closed- and semi-open data mining processes in the context afmahawk. (a):
The application of the closed data mining process on the pre-procsig of the raw data using
Tomahawk. (b): Tomahawk after the modifications that made it sugort the developed, semi-
open, data mining process for pre-processing data.

implemented. Figures 10(a) and 10(b) present the influehtteeee developments. Fig-

ure 10(a) displays the pre-processing sequence prior tadjustments. In this phase of
development, all the plug-ins were calculated at once, hed lhad to be properly con-

figured to obtain properly pre-processed data. Figure 1€k{b)vs the situation after the

adoption of the semi-open data mining process. The preepsiitg can be done in its

own sequence, after which a plug-in that inserts the dateti@ database (a global stor-
age operation) is applied. Now the pre-processed data leaissbe@red in the database and
is available for further use at any given time.

It is easy to see how the first and second issues are resolirgithe proposed ap-
proach. The pre-processing expert of the project takesafgpeoperly configuring the
pre-processing plug-ins. If the plug-ins need to be re-goinéid or re-programmed for
different data sets, the expert has the required knowlealge it. After the application
of the re-configured plug-ins the data can be stored in theldpgd database. If it is not
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possible to find a working combination of plug-ins at the euatrstate of development,
the data can still be pre-processed manually, which woutdbedfeasible when using
the closed process. After this, the expert working on theppoeessed data can load the
data from the database and be confident that the data thet éxpearking on has been
correctly pre-processed. The third issue is also easy W@ safter the modifications, the
set of feature extraction algorithms that can be applietieadiata is no longer limited to
those implemented in Tomahawk, but is extended to toolsa@ming a database interface
implemented in them, for example Matlab and most statisioftware packages. This
drastically expands the range of available algorithmschvlim turn makes it also faster
to find an algorithm suitable for a given task. As soon as ablgtalgorithm has been
found from the set of readily available choices, it can belemgnted in the Tomahawk
framework.

The case study is finished by presenting a comparison of éips sequired for acquir-
ing pre-processed data in the SIOUX project using the claseidsemi-open approaches.
The purpose of the comparison is to demonstrate how largekaittavould be for the
researcher working on the pre-processed data to pre-grdcesdata using the closed
approach before the actual work could be started.

If one wants to acquire pre-processed data using the clggedach, it requires taking
the application and configuration of eight plug-ins. Figlitéa) shows one of the config-
uration dialogs of the plug-ins. This particular panel has fnumerical values that must
be set correctly and the option of setting six check boxes.t®tal number of options the
researcher has to set in the eight plug-ins for acquiringectly pre-processed data is 68.
The 68 options are not the same for all the data sets gathetkd project, and it requires
advanced pre-processing skills to configure them correttigrefore, it is a rather com-
plicated task to pre-process the data, and it is even mdieutiifor a researcher who has
not constructed the pre-processing plug-ins. The needrtfigtme the 68 options of the
pre-processing sequence would take a lot of time and egpeatiay from the work done
in feature extraction and classification phases, and stélsgpoor confidence that the data
is correctly pre-processed.

To acquire the pre-processed data using the semi-openaabprone only needs to
fetch the pre-processed data from the database. Figurd §idlws the configuration
dialog of the database plug-in, which is used to configuredtta retrieved for analysis
from the database. Using the dialog, the researcher woikinthe pre-processed data
can simply choose the pre-processed data items that wikkée i further analyzes. The
researcher can be sure that all the data loaded from theadatditas been correctly pre-
processed by the expert who is responsible for pre-praggssirom the standpoint of
the pre-processing expert, it is good to know that the sezpiehpre-processing plug-ins
does not have to be run every time that pre-processed dateded, and that correctly
pre-processed data will surely be used in the further stefhpealata mining process.

In conclusion, when using the closed process, a researesigomsible for the feature
extraction could not always be certain that the data has beeactly pre-processed, or
that all the plug-ins have been configured the way they shadiath resulted in confusion
and uncertainty about the quality of the data. The semi-qgpeoess, on the other hand,
allowed a notably simpler way to access the pre-procesdedmsulted in time savings,
and ensured that the analyzed data was correctly pre-medes
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Fig. 11 Dialogs used for configuring the data mining chain of Tomahawk. (a):Applying the

closed data mining process on the pre-processing of the raw data fomahawk, an example of
a dialog that has to be configured in order to pre-process the measement data. (b): Fetch-
ing pre-processed data using a plug-in developed for supporting thsemi-open data mining
process.
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2.5.2 Feature extraction and modeling results

This section of the study presents the fruits of the appticadf the developed process.
Because of limited resources, it was not possible to condwittailed comparison of

the proposed process to the other approaches in the featmaeteon and classification

stages. The conditions in which the data mining process wpbea would have also

made a thorough comparison quite difficult - the data set wparaling throughout the

project and different sets of features were formed and @xgeted upon as the project
progressed and a varying number of researchers were patiigj in the project. The fine

results that were obtained, presented in the following twussctions, should be enough
to convince the reader on the efficiency of the proposed peooe the feature extraction
and modeling parts of the data mining chain. Subsectior8 Zaesents the preliminary
results of the project acquired using Bayesian networkdsé&etion 2.5.4 presents the
results when the data set was expanding to its full scale ame ®f the steps taken for
finding the solution to this data mining task.

2.5.3 Non-destructive analysis of welding spots using Bagesietworks

At the start of the project only a small set of welding spotadiadm a previous project
done by the project partners was available. The data seisted®f 192 welding exper-
iments, where the signal curves from voltage-, current-@mdpression force measure-
ments and the diameter of the welding nugget were availétlenis phase a very simple
approach was used to study the nature of the interactiongeetfeatures extracted from
the signals and the welding spot size, in order to get a gragpiiking with and analyz-
ing spot welding data. The reasons for the variation in thieliwg spot diameters were
studied using Bayesian networks and the features used stuldg were extracted from
histograms calculated from the available signal curvesibanet al. 2004a).

The features used in this study were extracted from the driatos calculated based
on pre-processed voltage-, current- and compression &goals. Unlike the data sets
gathered later on, a measurement of the compression forsealsa available. Figure
12(a) presents an example of a voltage histogram of a wektiog The lower and upper
qguartiles and median are plotted in the figure using vertinak. After calculating the
guartiles and median for all the signal curves, a histograthese values was calculated.
In order to be able to use the tool used for creating Bayesétnwarks (Ramoni & Se-
bastiani 1997a,b) the data had to be classified, becausedhanly worked on classified
data. The classification was based on the distributionseofjtiartiles and medians of the
signal curves. As an example, the histogram presentingistébaition of the lower quar-
tiles of the voltage curves is plotted in Figure 12(b). Bagedhis histogram, the quartile
values were assigned to four distinctive classes, markaith agthe figure using vertical
lines. Figure 12(c) presents the distribution of the resporariable, the diameter of the
welding nugget. An expert in welding technology gave theglanits for the nugget size
- diameters smaller than 4.0 millimeters (49 observatiang)of poor quality, diameters
ranging from 4.0 millimeters to 5.275 millimeters (88 ohs#ions) are of good quality
and diameters larger than 5.275 millimeters (55 obsems}iare of excellent quality. The
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Fig. 12 Some of the histograms used with the Bayesian network. (a): Hisgpams generated
from the voltage curve of a welding spot. The three tall vertical line in the plot mark the
lower and upper quartiles and the median. (b): Histogram of the lowe fractiles of the voltage
curves and their classification. (c): Histogram of the diameters ofhe welding spots and their
classification.
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Fig. 13 The structure of the first Bayesian network used in the study. d = welding spot
diameter, v = voltage,c = current, f = compression force.lq = lower quartile, med= median,
uq = upper quartile.

expert also agreed on the classification of the quartilesaettian used as features.

Bayesian networks were used to study the relationshipsdegtvthese features. It
proved to be a suitable tool for this task, since it enabledsthdy of the effects of the dif-
ferent variables on the diameter in the form of easily urtdedable probabilities. Figure
13 shows one of the Bayesian networks applied. The nodesaldrvariables and the
edges between the nodes the interactions between the leariathe network structure
was generated using an automatic search algorithm implkeghénthe software (Ramoni
& Sebastiani 1997a,b). The algorithm established the adiores between the variables
based on the data measured from the welding events and thesfeaalculated from the
data. In this particular network structure the welding sgiaimeter is interacting with
the median of voltage, the upper quartile of current and et quartile of compres-
sion force. The disconnected nodes did not have an effedi@weélding spot diameter
according to the search algorithm.

The welding spot diameters can be studied by examining tes @robabilities of the
diameter from the Bayesian network. These probabilitiescatculated conditionally on
the values observed from the other variables. Table 1 shome ®f the most interesting
class probabilities of the welding spot diameter based erctimfiguration of Figure 13.
It can be read from the table for example, that the combinationed= 2, c_uq= 2 and
f_ug= 1 leads almost certainly to a high quality welding spot. Catthf v_med= 2,

c ug=1andf_ug= 2, itis questionable if the welding spot is of good qualithelrest
of the configurations did not contain a significant numberlidfeyvations in class number
one (poor quality), which is why they are not listed in theléab

The rules presented in the table can easily be implementedattical applications
because of their simplicity. For the same reason it is alsy && humans to understand
them. The more equally distributed probabilities are casesich the quality assignment
of the welding spot is not certain. These situations can batified using these results
and appropriate actions can be made.

The probabilities and results presented above were usectsemt some of the most
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Table 1 Probabilities associated with the Bayesian network. v_megltage median,
c_ug = current upper quartile, f_uq = force upper quartile/welding spot diameter,
n(obs) = number of observations in the configuration.

Variables and their classes Welding spot diameter n(obs)

v_med cuq f uq d=1 d=2 d=3

1 1 3 0.986 0.007 0.007 1
1 2 3 0.993 0.003 0.003 1
2 1 1 0.002 0.002 0.995 3
2 1 2 0.739 0.087 0.174 23
2 1 3 0.498 0.498 0.003 2
2 2 1 0.001 0.001 0.999 10
2 2 2 0.588 0.294 0.118 34
2 2 3 0.499 0.499 0.001 6
2 3 1 0.001 0.001 0.998 6
2 3 2 0.25 0.375 0.375 16
2 3 3 0.498 0.498 0.003 2
2 4 2 0.001 0.499 0.499 6
3 1 2 0.001 0.997 0.001 5
3 2 2 0 0.904 0.095 41

interesting results acquired in this small experiments@mnéation and analysis of all com-
binations of variables and their respective probabilitiesiid not have served the purpose
of this work. However, these results show the idea and sosudtseof the study. Using the
probabilities assigned with Bayesian networks, it is gasgi discover combinations that
lead to different sizes of the welding spot and therefore tsdifferent quality classes.
The problem with classified data is that, if there are mangsda but few observations,
not enough observations may fall into the different configions of the classes to allow
reliable conclusions to be drawn. Fortunately this was ne¢régous issue in this study.
The main contribution of this experiment was to demonstnate feature data were uti-
lized using the developed process in devising a methodgtegiplicable in the field. The
results of another experiment, where the feature data settifzed in a similar manner,
but with self organizing maps Kohonen (2000), can be fouathf(Junncet al. 2004b).

2.5.4 Development of process similarity measurement teghas

The ultimate goal of the SIOUX project was to develop a pregdentification method
capable of recognizing resistance spot welding proce&stierent processes are applied
for manufacturing different products and each processiresdifferent settings to be ap-
plied in the controller of the welding machine. The logic imehthe data mining task was
to first collect data sets representing different spot wejglirocesses and to store them in
a central database. After this, when starting a productf@rew product, possibly at a
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different site, and initializing the process, the databamdd be remotely queried using
data from a few sample joints from the new process. Based @sunements from these
sample joints the database should then return controlténge from the most similar

process that it contains. Furthermore, the controlleirgtshould be returned from a
controller configuration resulting in high quality weldifmjnts. The new process could
then be initialized based on these settings. This decreéhseset-up time of new pro-
cesses, because the controller settings leading to godityguealding joints do not have

to be searched manually, only fine tuning is necessary.

Before delving further into process identification, it ispartant to understand what
exactly a welding process is in this context. All resistaspet welding applications can
be considered different processes. In this project, dataveere divided into different
processes based on three conditions:

1. Type of applicationExamples of applications are welding car parts or constrgct
electrical switches.

2. Type of materialsFor example joining two objects made of 1.0 mm thick uncoated
steel is considered to be a different process from weldiggtteer two 1.25 mm thick
objects made of aluminium.

3. Type of welding controller.Manufacturing products using different welding con-
troller model / welding controller combinations.

All combinations of these conditions were considered diffi: processes. During the
project, samples from different processes were gatherédtamned in a database devel-
oped for storing welding data. The process data set kepeasang to the very end of
the project, which made it more and more important to use @sic data mining pro-
cess for managing the data mining task. The data mining psodeveloped here made
it possible to analyze the new data as it became availablécanddate the results and
algorithms developed.

As the project progressed, the set of features and appléssifiers developed also
kept increasing, alongside the fact that the available skttavas continuously extended
with new batches of data from new welding experiments. Atghé of the project, alto-
gether 54 geometrical and statistical features were dxrtildfcom the two signal curves
and the data set contained 20 processes used in the praaetifichtion task. The data
set consisted of measurements from 3,879 welding spots thétquality assured using a
destructive test.

The geometrical features were extracted from pre-prodegsiéage and current sig-
nals. These features were developed in order to identiffrémsition points of the curves
as precisely as possible. These features are marked ingih&l & Figure 14(a), which
shows an artificial curve simulating the real data. Figur@)lgdhows an example of these
features calculated on a real signal curve - as can be sedgatuees are often overlap-
ping in reality, which can be considered a characteristadityuof the curve. The statistical
features included the median of the signal, and the aritiimetans of the signal values
calculated on four different intervals based on the tramsipoints. These features are
marked using the horizontal lines in Figure 14(a). In additthe means of the signal val-
ues inside ten intervals of equal length were used as fegtasedemonstrated in Figure
14(b). This adds up to 12 geometrical and 15 statisticalfeatthat were extracted from
both of the signal curves.
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Fig. 14. lllustrations of features extracted from the signals relevant to he resistance spot weld-
ing application. (a): The geometrical features on an artificial voltaye curve. The line segments
A-D below the curve demonstrate the intervals based on the traritson points on which means
were calculated. (b): Ten means of a current curve calculated on tervals of equal length.
(c): An example of how the geometrical features often partially ogrlap in practice. On this
voltage curve, the features 'peak’ and 'max’ overlap.
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Table 2 Comparison of the classification accuracy for the 11 HWH peses with dif-
ferent classifiers and feature setsing features extracted from the voltage and current
signals. LDA = linear discriminant analysis, QDA = quadratic discrimant analysis,
Mahalanobis = Mahalanobis discrimination, LVQ = learningator quantization and
KNN = k nearest neighbors.

Method / feature LDA QDA Maha- LVQ, kNN, kNN,

set lanobis 200 k=5 k=10
code-
books
All features 94.33 - - 64.78 73.43 74.03
All features, nor- 94.33 - - 92.84 92.45 90.45
malized
10 means 87.16 96.12 95.22 85.07 98.51 97.91

10 means, nor- 87.16 96.12 95.22 93.43 97.01 93.13
malized

Table 3 Comparison of the classification accuracy for the 11 HWH peses with differ-
ent classifiers and feature setsing features extracted from the resistance signeDA
= linear discriminant analysis, QDA = quadratic discriminganalysis, Mahalanobis =
Mahalanobis discrimination, LVQ = learning vector quamion and KNN = k nearest
neighbors.

Method / feature LDA QDA Maha- LvVQ, kNN, kNN,

set lanobis 200 k=5 k=10
code-
books
All features 77.61 - - 45.97 56.72 57.31
All features, nor- 77.61 - - 85.37 86.87 86.27
malized
10 means 70.15 71.94 72.84 80.9 86.87 84.78

10 means, nor- 70.15 71.94 72.84 77.31 84.48 79.7
malized

During the creation of the feature set alternative feature® also tested and process
classification experiments were run using the expandinmfesset, for example using
self organizing maps (Junnet al. 2004a). At the point when the final set of features
was available, 11 different processes welded at Harms+&/@adrmany) were obtained
for classification. Using the developed data mining prodiesresearchers could retrieve
feature data directly from the global feature storage peoictapply different classification
methods on the feature data.

The applied approach made it easier to test a represenssivef classifiers. The
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set of tested classifiers contained linear discriminantyaisa(LDA) (McLachlan 2004),
guadratic discriminant analysis (QDA) (McLachlan 2004)ai\lanobis discrimination
(similar to LDA and QDA, but uses Mahalanobis distance)ria®y vector quantization
(LVQ) (Hastieet al. 2001) and k-nearest neighbors (kNN) (Hagti@l. 2001) classifiers.
Uniform randomly selected two thirds of the data was usedaising data and the re-
maining one third as an independent test set. In later sudress-validation was used
to confirm the results. During the experimentation with thelassifiers and features, a
feature / classifier combination capable of classifyingghecesses correctly with a high
level of accuracy was found. The results are presented ile§&mand 3. The percentages
in the cells mark the ratios of correctly classified processkee cells left empty mark
nonworking classifier and feature set combinations. The {dNi¥sifier was the most ac-
curate one, with a classification accuracy of 98.51%. Atslage it was also discovered
that the features calculated from current and voltage suowgperformed the features
calculated from resistance curves. Using the resistanue @iased signals the maximum
accuracy of classification was only 86.87%. Because of thesdts the process clas-
sification study was carried out using only the current arlthge signals, whereas the
project partners kept using resistance curves for othgrgses.

After these intermediate results, the next significant sadlee in the task was to update
the results with a batch of data consisting of nine more meegsupplied by another man-
ufacturer (Stanzbiegetechnik, Austria). After this ppihe set of processes was extended
no more and thus the final data set consisted of 20 differegssses. Classification tests
were continued using the same set of classifiers as with teessful tests with the 11
processes from HWH. The difference compared to the prevasis was that this time the
feature set was extended with five and ten principal compsriermed from the original
features. The results of these tests are displayed in TablEhé kNN-classifier using
three closest neighbours and the ten means of the signalaigegain outperformed the
other classifier, with a classification accuracy of 98.53%.

The results obtained exceeded clearly the requirementsrsgassification accuracy,
and the method was now taken for further implementationthenrstudies were and are
still being actively continued, even though the project alasady been completed. It is
not a big effort to utilize the features calculated usingdkeeloped data mining process
in these studies, because they remain in the global sto@ge phey are now utilized in
studies developing the application even further and inqutsjwhere data sets are needed
for testing new classification methods. An example of thi& $sudy that presents a more
detailed comparative study of performance (Haapalagtesl. 2005). The results of a
feature selection study in which a feature set was founddatiains approximately only
half the amount of features of the kNN-classifier presemtettiése results, but achieves
higher classification accuracy is reported in (Haapalagtexh. 2006). A third example is
a KNN-based method that does not only classify the process/dp gives an estimate on
the similarity of the closest matching process (Juanal.2005).
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Table 4 Comparison of the classification accuracy for the 20 proesssith different
classifiers and feature sets. LDA = linear discriminant arsi$, QDA = quadratic dis-
criminant analysis, Mahalanobis = Mahalanobis discrimiioen, LVQ = learning vector
guantization and KNN = k nearest neighbours classifier, pamg@pal component.

Method / feature LDA QDA Maha- kNN, k=3 kNN, k=5
set lanobis

All features 92.96 - - 84.13 84.52
All features, 5 62.46 75.23 72.37 83.2 82.51
pc’s

All features, nor- 92.96 - - 94.74 94.89
malized

All features, nor- 71.05 85.45 86.3 93.5 92.41
malized, 5 pc’s

10 means 90.87 96.36 97.14 98.53 98.07
10 means, 5pc’'s 82.12 94.27 94.35 97.76 97.06
10 means, nor- 90.87 96.36 97.14 95.43 96.13
malized

10 means, nor- 76.16 89.32 88.31 94.58 94.12

malized, 5 pc’s

2.6 Related work

Extensive searches of scientific databases and the World Web did not bring to light
similar approaches applied to the implementation of tha dahing process. However,
there are studies and projects on the management of the dateyprocess, as was noted
already in Section 2.1. These studies identify the maingagthe process in a manner
resembling the reference architecture and give a genetiid@wof the steps that should
be kept in mind when carrying out the process. It was alsodchetelier that CRISP-
DM is a process model proposed to serve as a standard refefenappliers of data
mining (Chapmaret al. 2000). Several studies testify to the usefulness of CRISP-D
as a tool for managing data mining ventures (Hetzal. 2001, Liu & Han 2002, Silva
et al. 2002). The approach proposed in CRIPS-DM was expanded in RA8/(Moyle

& Jorge 2001), which proposed a methodology for performioipborative data mining
work. That study also comments on the implementation of thMe @Pocess, which in
that case resembles the open DM process. Other propos#ifismany similarities to
CRISP-DM, for the data mining process were presented ine(RgB9) and (Brachman
& Anand 1996). Nevertheless, these studies did not takeral gia what would be an
effective implementation of the data mining process in ficac This study proposed an
effective approach for implementing the data mining pre@esd presented its relation to
alternative ways of implementing the process, pointingtbatobvious advantages of the
method proposed here.
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2.7 Discussion

This part of the thesis proposed a semi-open approach foagiag the data mining
process. Itis based on the stages present in the refereigteature that is found behind
most data mining solutions. Using the proposed method ibssible to differentiate the
steps of the data mining process logically and to test diffedata mining chains with
lesser efforts. This is important when seeking a solutiepgeeially in situations where
the solution needs to be sought from among many alternatiesise study presenting
how the developed data mining process was applied on aaesesspot welding project
illustrated the applicability of the developed process.

Furthermore, the question this part of the thesis tried &wen is: "what is a good
practice or procedure for conducting the transformatiodata mining process is com-
posed of?". As it is known, there are as many ways of pragfidata mining as there are
practitioners. In that sense the researchers applyingndiiag tools are like artists, at
least they have a lot of artistic freedom in conducting ttlseaech, as they must have, for
being able to find the transformation chain leading to a fyatig solution. Nevertheless,
it was discovered that there are common practices of magdlgeinteractions between
the different data mining algorithms - arguably the bestvkmds the one referred to as
the "closed approach”. And as we also know, and as the reduhe study show, manag-
ing the steps of a data mining project is very important fershccessful outcome of the
project.

How useful is the presented contribution in practice wheplémenting a data mining
process? First of all, it is important to acknowledge thearsthted fact that some kind
of data mining process management would be necessary indatastmining projects.
After that it is the task of the practitioner(s) to select amoe suitable for their project.
For some projects the closed approach might be the apprematution and for others
the open method might work better. In this thesis it was disoed that the developed
semi-open approach is highly usable, at least based on thparative analysis and the
resistance spot welding project in which it was applied.hiewelding project, the semi-
open approach was compared in detail to an alternative appihe closed approach) on
the data pre-processing part of the transformation chadrtampplicability on the rest of
the process was illustrated with the fine results acquirdlddrmproject. It was not possible
to present a detailed comparison on all of the stages, foréasons. The first is that it
was thought that it is enough to present the comparison antyata pre-processing, and
based on that, the reader could see the analogy to the ottieropshe processing chain
and draw the same conclusions as in this thesis - the projapgedach was more suitable
for conducting the research. The second reason, and par@esmportant one from a
practical point of view, is that as in most projects, inchgithis one, resources are limited.
In order to be able to determine the most optimal data miniogess for a data mining
project, one should conduct the project using a represeatsat of different approaches
for managing the data mining chain - which would mean coridgdhe project several
times. That is only rarely possible. However, the fact tleg proposed approach is
based on the transparent reference architecture andsheability was presented from
multiple viewpoints and a case study should support theseieof the proposed process,
and hopefully lowers the threshold of adapting it to oth@jgxts as well.



3 From the solution to a data mining application

The previous chapter presented an overview of data mininggsises and the data min-
ing process developed, called semi-open data mining pspémsthe purpose of imple-
menting the work flow required for finding a solution for a givéata mining problem.
Implementation of the solution as an independent data miapplication is a challeng-
ing and complicated task, and the applications are oftelh fiooim scratch. This chapter
presents a component-based application framework, catteatt Archive (SA), designed
for implementing data mining solutions as independent DMliaptions. SA provides
the functionality common to most data mining applicationd ¢he components for uti-
lizing history information. It is especially suitable faomplementing DM applications
processing continuously acquired measurement streanvgg 84, it is possible to build
high-quality applications with shorter development tirogsonfiguring the framework to
process application-specific data. A detailed case studydafta mining application pre-
dicting the post-roughing mill temperatures of steel slah@resented and a comparison
of implementing the application from scratch and using $rechive is given.

The chapter is organized as follows. A general introdudiiaihe topic is given in Sec-
tion 3.1. Functional requirements analysis of the propsitiiat the developed framework
must be capable of managing is presented in Section 3.2. fingges of the compo-
nents used in the architecture are described in Sectionr@l3he architecture itself in
Section 3.4. The case study is then presented in SectionFhally, related work and
discussion are presented in Sections 3.6 and 3.7.

3.1 Introduction

A data mining (DM) application without an underlying framesk is like a computer
program without an operating system. Without a proper fiaomnk a considerable portion
of the implementation time of the application will be spemplementing functionality
common to all applications in the DM domain. However, theursthnt work would
not be necessary if a sufficiently generic framework thatatte easily tailored to meet
application-specific needs were available. The need tolggwecomponent-based data
mining framework is emphasized in (Berazdlal. 2002). The authors note that decision
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support systems have specific needs that cannot be promkehlgssed by conventional
information systems. This part of the thesis introducespotieation framework, called
Smart Archive (SA), for implementing data mining applicais utilizing continuously
measured data streams.

SA is a domain-specific but application-independent fraotkw This means that
the framework supports operations required by most DM apptins, but is not tied
to any particular application. Creating an applicatiomgstA requires implementing
application-specific algorithms using the interfacesrefficby the framework and config-
uring the framework to use the measurement data the apphicdatdesigned to process.
The framework takes care of transferring and storing datavd®n application compo-
nents and implements some of the basic functionality requof application-specific
filters. The full potential of SA can be realized in on-lineppations generating mul-
tivariate time series data simultaneously from multiplgtess. It has been observed after
practical experiments that this set of applications is tlstrdemanding to implement.

The benefits of using a framework for application generasimnumerous because a
typical DM application has to handle a large number of vdeisland transformations. For
one thing, the development time spent implementing funetity common to most or all
similar applications can be significantly decreased to #éreht of increased resources for
application-specific development. The quality of the agailon is likely to increase, since
the code of the framework is already tested and the applicapecific code is called
through well-defined interfaces. More advantages of usifigraework are described in
the case study presented in Section 3.5.

The architecture of SA is an instance of domain-specifiorsoft architecture (DSSA)
(Hayes-Rothet al. 1995). The principle of DSSA development is to create a saréw
architecture based on a functional requirements analy#ieedarget application domain.
Components common to potential applications within the @ionare identified based on
the requirements analysis. After that, software architecthat is sufficiently abstract for
modeling the interoperability of the components is forme&lis version of the architec-
ture is called the reference architecture.

The overall principle of data mining is the measurementgpeessing-feature ex-
traction-modeling cycle, as was observed in the previoapiEr. The generic reference
architecture for data mining applications can therefor@batified as the one presented
in Chapter 2 (page 22), Figure 3(b) and this was also the nefmsanaming the figure
"reference architecture".

3.2 Functional requirement analysis

As was stated in the introduction, the development of théitcture is based on an
analysis of functional requirements. Functional requeatranalysis is used to specify
what the developed framework must be capable of achievimgrefore, it is important

to state what the framework is developed for. The analysspeaformed for the domain
of data mining applications that are implemented for prsicescontinuously observed
measurements. Furthermore, much of the analysis was éaspyr the application under
study (the walking beam furnace, results of the applicati@presented later in Section
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3.5).

First the types of requirements set by the application weedyaed. After that, the
requirements were abstracted so that they could still bptadao the needs of the ap-
plication, but also to any other data mining applicationobging to the same class or
subclass. Because the application under study was so canitptesafe to say that most
of the data mining applications are in the same class of cexitplor in a subclass of
it. Therefore, the framework developed could be used to émeint any data mining
application in the same class (or in a subclass).

The following description of requirements set for the typégpplications the frame-
work should be capable of handling was created by abstrattie requirements set by
the walking beam furnace application. The framework hastodpable of receiving and
processing multivariate measurements from multiple olagiems and their environment
in the pre-processing phase inside a given time cycle. Thécagion has to be able to
keep track of the live objects continuously producing measent data e.g. monitoring
when an observation sequence is complete. After that, #itere selection component
has to be capable of selecting data only from the variablasttie application is actu-
ally using. Because different models might contain différeatures and variables, the
feature selection component must give the user the freedaondiguring the variables
that are included in the feature formation phase of the eefss architecture. The ap-
plier must also be free to use and experiment with differeature extraction methods,
therefore the feature extraction methods of the comportenild be configurable. The
model of the framework must also be easily replaceable byhendoecause it may be
necessary to update the parameters, the model, or evenlacadpe model with a new
one. Finally, because the types of applications the frameigsaeveloped for are produc-
ing data continuously, the framework must contain a meamaifior handling and storing
cumulatively acquired history information from the prosesder study.

After this description of the requirements a list of guideb for the framework was
drawn up. The list is based on two general guidelines recamdedt for component-
based data mining frameworks: transparency and usabiéitgdet al. (2002). The five
most important requirements that were identified are:

1. The architecture should implement, and, preferablgrekthe reference architecture
and preferably be easily extendable with new components.

2. The architecture should be able to utilize history infation.

3. The architecture should be customizable to suit appicegpecific needs. The com-
ponents used for tailoring it to application-specific negtuisuld be separate from the
core architecture.

4. The architecture should be suitable for processing eoatisly observed multivari-
ate time series data from multiple entities.

5. The architecture should be transparent and easily uiadielable to practitioners of
data mining.

These instructions were kept in mind when shifting towamrksighing the architecture
and implementing the framework, as described in the nexiosec
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3.3 The components of Smart Archive

Before going into the presentation of the overall architexzbf SA the individual compo-
nents that make up the architecture are discussed. The camizcare divided into three
categories:

1. components common to software architectures in general
2. components specific to data mining architectures
3. components specific to SA.

Data processing units common to most software architecneones that store, trans-
form and transfer data. Storage components are also reterasstorage unitsdata sinks
or data warehousesThe termdilters, transformationsandoperatorsare used for trans-
formation components and components transferring datetaeed to apipesanddata
streams A component that is present in fewer architectures, butastrframeworks, is
theinterfacecomponent that makes the components less dependent onatigpli For
the sake of coherence, the remaining part of this descnipises the term filter to refer to
transformation, the term pipe to components transferriaig dnd the term sink to refer
to components storing data.

Components specific to data mining architectures are the pmesent in the reference
architecture. The data pre-processor was responsibleefforming elementary opera-
tions, such as data cleansing and integration, ensuringthy quality data is fed into
subsequent components. The feature extractor filterecktiaetal extract information that
is not necessarily directly measurable, but may increasednformance of the model.
Examples of commonly used features are averaged time sgriesipal components and
Fourier coefficients of signals. The model was a componermnfithe feature data for
extracting desired knowledge. The model is often used tcipate the future behavior
of a phenomenon (predictive models); examples of modeliathods include statistical
classifiers, neural networks and regression models.

The components specific to the architecture of SA handlettiiage and utilization of
information of the history of the phenomena being studidtk ihcremental history com-
ponent archives completed measurement series in a nondaduway. In this context,
the non-redundant data storage means storing data in suahrzeemthat no two observa-
tions (or series of observations from an entity) resemi®isch other too closely are stored
in the database. In practice, when observing quantitigsatieameasured using real num-
ber precision, it is very unlikely that any two multidimeosal observations turn out to
be exactly the same, but a level of similarity can be caledafhe selective data storage
component provides filters for determining the similarigtlieen measurements already
archived in the incremental history component and comglateasurements considered
as candidates for archival. If the candidates are obseovezsemble existing history ob-
servations too closely they will not be archived. The altwni for determining similarity
can be, for instance, the k-nearest neighbors (kNN) algoritvhich has been developed
for the resistance spot welding application (Juenal. 2005), or the trajectory similarity
method presented in Chapter 4 of this thesis and in (Lauebhah2006). The component
returning similar data compares on-going measurementttarchived data and pipes
the most similar data found in the incremental history backe component calling it.

The basic components presented so far are organized iger lanits that are used to
build the SA architecture. The components (units) of SA arglémented according to
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Fig. 15. Components of Smart Archive. (a): The implementation principle ofa Smart Archive
component at the generic level. (b): The implementation of the comgnent for storing histor-
ical data selectively.

the pattern shown in Figure 15(a). Each component condistgpot and output pipes,
an interface, a generic filter, an application-specificrfidad a data sink. The data is
input into the component using the input pipes, after whidk fied into the filter specific
to the component through an interface common to all compsnérhe interface gives
the applier the freedom to customize the application-s$jpdidter for application-specific
purposes. From the filter the data is piped to the data sinKrandthe sink to the other
components of the architecture. Using standard data €deapnology for implementing
the sink allows the applier to access the data in a mannepé&mdtent of SA. Implement-
ing the sink using, say, a table in an SQL-compatible databaables direct access to the
data through an ODBC / JDBC interface.

Finally, an example of adapting the generic component ferirtiplementation of an
application-specific component is presented in Figure)Y15(be example shows the im-
plementation of the selective data storage componentitie® components can be imple-
mented in a similar manner. The data is entered into thetsedetata storage filter using
pipes originating from the feature and history componenhit filter provides the generic
functionality of the selective data storage algorithm,sas retrieving the data being
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currently processed from the feature component and artligéa from the incremental
history component. If the similarity measure implementethie application-specific fil-
ter notices that the incremental history does not contaia degsembling the feature data
being processed, the data is piped to the sink. Finally, titeus pipe transfers the data to
the incremental history sink.

3.4 The architecture and operation of Smart Archive

A software architecture extending the reference architectvas developed using the
components presented in Section 3.3. The component artthigeis based loosely on
the pipes and filters architectural pattern (Buschmetnal. 1996), which is suitable for
organizing the cooperation of separate components higifheident on data flow. The
pattern divides data processing tasks into a number of séigliprocessing steps using
filters to transform data and pipes to transfer the data hetweeps. The data processed
by SA typically originates from entities producing sequesof observations. There are
therefore three kinds of data in the system that the pipasfiea on-going measurements,
completed measurement series (a completed observatidrgrahived measurement se-
ries.

The architectural layout of Smart Archive is shown in Figliée The architecture is di-
vided into live and history sections. Units in the live senthandle the processing of data
from on-going entities, that is, entities that can be exge:th produce more measurement
data. The organization of the data flow in the live sectiotofe$ the reference architec-
ture. The history section processes completed and archiessurement series. When
measurements from an entity are completed, the completadurements are transferred
from the feature component to the selective data storagepeoemt. If the incremen-
tal history component does not contain measurements teabarsimilar, the completed
measurements are archived. Archived data can be retrievsalutilized in models using
the component returning similar data.

The components of SA are updated in sequential order. Tleefidat and the order
in which data are transferred during an update cycle areaga using the numbers and
shapes above the pipes in Figure 16. The pipes transferaitagficom on-going measure-
ments are marked with circles, the pipes transferring ceteglmeasurements with boxes
and the pipes transferring archived measurements withatids

The processing starts by checking the measurement comiptorsse if there are new
entities or new data available from the on-going entitiethesystem. If so, the new data
are transferred to the pre-processing unit (pipe no. 1) dhadeature extractor (2) and
the model (3). In order to be able to utilize archived datanttoelel also needs data from
the history sink. Therefore the feature data is piped to tmeponent returning similar
history data (4) for the purpose of determining the subsatdfived data most similar to
the on-going data. Archived data is retrieved (5) and retditio the model (6 & 7). After
that, the model gives its analysis based on on-going measunts and knowledge from
archived measurements. The results of the model are thed fwthe results unit (8).

The sequence so far was all about analyzing data from orgguwitities. The last three
steps of the sequence perform the archiving of data. When #asunement sequence
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Fig. 16. The architectural layout of Smart Archive. The components areshown as rounded
boxes and the pipes connecting them as arrows. The sequentialdar in which data is pro-
cessed during an update cycle is shown as numbers above the pipes.

from an entity is finished, pipe no. 9 transfers the completedsurement series to the
selective data storage component. The component thenedeiithe data will be piped
(10) into the incremental history sink. The last pipe in teguential order transfers the
results of the completed measurements into the history(&ihk

One more property of the operation of Smart Archive needgtddscribed in order to
understand and replicate its functioning: a basic explanatf the data model that was
used to implement it. Figure 17 presents the entity relatigndiagram of this data struc-
ture. The figure contains entities representing the commsrfeund in the architecture,
attribute$ of the entities and the relationships between the entifitgities that would
not exist without other entities are called weak entitied are drawn using double boxes
(features, model and history data). Attributes that arévedrfrom other attributes are
distinguished with dashed circles. Each entity, exceptifermeasurements, is composed
of application-dependent attributes and system attriboézded for the operation of the
system. The application-specific attributes are drawnvbéhe entities and the system
attributes above them. Three of the system attributes itotesa set of key attributes (de-
noted by underlined attribute names) that are used to dissh the processed data items
from each other: the identity code of the observation (id)etstamp that tells the time
when the measurement was entered in the system (time_séathjg) measurement num-
ber (m_no). The identification code and time stamp are sgfa@atory; the measurement
number is used to distinguish measurements in the eventvtbair more measurements
from the same observation occur at the same time. The lasisyatribute (is_last) tells
if the measurement is the last one from the measuremens s¥rém observation, mean-
ing that the observation can be considered completed ansféraed to the history data,
for example. The application-specific attributes are usestdre the results of the vari-
ous stages of transformations applied to the measuremextis by the application (var
1, var 2, ..., var i). The diagram contains attributes formecessed data items (pp 1,
pp 2, ..., pp i), features (feature 1, feature 2, ..., feaiyreutputs of the model (output
1, output 2, ..., output i) and features stored in the histtata (feature 1, feature 2, ...,
feature i). The relationships between the entities areesgifanatory, but a few words on

1in statistics an attribute is usually called a variable, atatbase terminology it may be called a column and
in engineering in some cases a feature.
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Table 5 An example presenting the format in which the feature datddcioe stored.

id time_stamp m_no is_last featurel feature2 feature 3
261174 154656000000 O 0 13,1 18,9 A
151275 187833600000 O 0 10,1 19,1 quick
261174 1062241200123 0 0 18,1 18,1 brown
261174 1062241200123 1 0 11,1 19,20 fox
151275 1062241200456 O 0 1,14 20,5 jumps
190304 1079654400789 0 0 9,20 28,1 over
261174 3310416000000 O 1 9,14 1,0 the
151275 3343593600000 O 1 3,14 15,92 lazy
190304 3373574400000 O 0 65,35 89,79 dog.

the cardinalities of the relationships are necessary. andirtality and ordinality of the
relationship are marked on both sides of it and are used &riténg the maximum and
minimum number of entities the relationship consists oft &ample, pre-processing a
measurement may involve using data from 1 or more measutsr(rearked by (1,n) in
the diagram), but one measurement is pre-processed pyeicisme pre-processed mea-
surement (marked by 1). The history data does not necesstaik any information from
a feature (marked by (0,1)), but if it does, it stores theuieags it is (marked by 1). Also,
the model does not have to utilize any history data but mdig@tn arbitrary amount of
it (marked by *) and an arbitrary amount of history data maydiated to each output of
the model (marked by the other * in the relation).

Finally, to make the idea clear, the data structure of arviddal entity filled with
a few measurements is demonstrated in Table 5. In this casdata structure is the
one used with the feature and history components, but tleeptasented originates from
the feature component. The table contains data from threeredtions, with id codes
261174, 151275 and 190304. The id code can either be acquoedthe attributes
of the measurement entity, or if the entity does not have antification attribute, it is
given by the system. The time stamp in this case is a millisec@lue based on the
UNIX time of the current date. The table shows the measuré&rsarted in ascending
order using the time stamp. At the time 1062241200123 twosomements from the
observation with id code 261174 have been made and thus thelistinguished using
the m_no attribute. The last measurements from the obgamsawith id codes 261174
and 151275 take place at the end of the table and thereforaghsurement series from
those observations form a completed observation and mdhieg to the history data
can be considered. Measurements from the observation dAtiode 190304 are still
to be expected because the is_last column does not contaivathe 1 for any of the
measurements. Finally, the number of features is definetdéyser who configures SA
and in this case it is three. The types of features are notddriy the system, they can
be for example in numerical, date or textual format.

The architecture meets the requirements laid down in thetifumal requirements anal-
ysis in Section 3.2. It instantiates and extends the referemchitecture. The history
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section stores data selectively and provides data moslasitoion-going measurements
to be utilized in models. The architecture can be configuoddlfill application-specific
needs with its facilities for creating application-spexfilters. It is suitable for process-
ing continuously observed data from multiple entities drelorkings of the architecture
and its components are easy to understand.

3.5 Case study: A data mining application for predicting
temperatures of steel slabs

This section presents a rather elaborate study on an afipfickesigned for predicting the
post-roughing mill temperatures of steel slabs while theyteated in a walking beam
furnace. This information can be used in fine tuning the hgadif the steel slabs more
accurately into their predefined goal temperature. Thetioreand results of the applica-
tion are described here. A feedforward-type neural netisfitted on the measurement
data measured from the furnace in an adaptive fashion.

In addition to presenting a promising data mining applmatithe presentation illus-
trates the motivation and importance behind developingméwork that can be used for
implementing continuously operating data mining appiarsg. The results presented in
this section can be acquired by implementing the data misoigtion from scratch or
by using a framework. As is presented in the case study, tpgementation based on
the framework developed here is more efficient than that pfémenting the application
in an independent stand-alone style. These results showah®al application can be
constructed using the more theoretical results of thisshes

The application, the data set and work related to the agjaitare described in Sub-
sections 3.5.1 and 3.5.2. Subsection 3.5.3 describes hawt uchive was configured
for this application. The general properties of the neustivork method that was se-
lected for predicting the temperatures is then describ&lilvsection 3.5.4 and the results
of applying the method are discussed in Subsection 3.5.hse®tion 3.5.6 illustrates
the advantages of using SA for implementation by compaltiegrnplementation of the
application from scratch and using Smart Archive.

3.5.1 Description of the application and the data set

Steel strips are produced from steel slabs in hot rollingsm®ne part of the production
process consists of reheating the steel slabs in a slabtieddéarnace to a predefined
temperature, usually between 1200and 1300C. After this heating, the steel strips are
formed by rolling the slabs. The first mill the steel slabslgotigh is the roughing mill.
After the roughing mill, the temperature of the slabs, noWechatransfer bars, varies
between 1050C and 1170C. The transfer bars then go through a few more procedures,
the most important ones being rolling in the finishing millslaooling. The end products
are steel strips hundreds of meters in length. The strip tithibes subjected to further
treatments, such as cold rolling. Figure 18 presents theps schematically.
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Fig. 18 Hot strip mill. Slabs are heated in the furnaces, roughed in the rouging mill, trans-
formed into steel strip in the finishing mills, cooled and coiled into a roll. The figure illustrates
temperatures of interest and the location where the post-rouging mill temperature is mea-
sured.

The two most commonly used types of reheating furnaces arevéitking beam fur-
nace and the pusher type furnace. This work looked at theingalleam furnace. The
main difference between these furnace types is the way éts shove in them. In the
pusher type furnace, the slabs are in constant contact hattilaor of the furnace and
each other. The slabs that are inserted into the furnace thesslabs in front of them
forwards. In the walking beam furnace, the slabs move on topils that convey them
forward and do not allow them to touch each other.

The walking beam furnace is divided into independently calable zones. The first
zones of the furnace work on the heat produced in the nextszare the active heating
zones where propane or carbon monoxide is burnt to heatahs.sThe last zones, called
soaking zones, are used to fine tune the temperatures toshiedlgoal temperature set
for each slab. It is important to adjust the parameters oktmes in such a way that the
slabs are heated to the predefined temperature as accuaatpbssible. This will lead
to a higher rolling quality of the slabs and to a higher qyatit the finished product, the
steel strip.

The high operating temperatures of the furnace make theatwh of measurement
data difficult, and it is simply impossible to collect infoation about some measures.
One such undetectable measure is the inner temperatureteélastab. However, the
post-roughing mill temperature measurement of the surfacgerature of the transfer
bar can be used as an estimate of the inner temperature.slwadik, a neural network
model was developed to predict the mean temperature of dinsfer bar based on the
initial information of the slabs and on the measurementseriszin the furnace and its
operating environment while the slabs are still in it. Thegision of heating control can
be increased when a prediction of the transfer bar temperetavailable while the slabs
are still being heated. When heating control is more pretlisgemperature deviations of
the slabs in the different heating categories decreaseuabtof the further treatments,
including the finishing trains, is easier. The time it takassthe slabs to pass through the
furnace possibly also decreases.

The data used in the work consists of two data sets measwmdafhot strip mill. The
first one was used to test a prototype and the second to tesiftiaare implementation of
the model. The data set for the prototype was collected iadh@mer of 1999 and consists
of observations from 3,200 steel slabs. The data set useftwese development consists
of observations on 200 slabs recorded in the summer of 2001.
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The preliminary variables used in the model were selectetherbasis of expert in-
formation. In the later modeling phases, the set of varghlas reduced even further.
The total number of variables measured at the hot strip imall &ire relevant to this ap-
plication is about 150-200. This number was reduced firstaogfally selecting the most
important variables from the production database togetlithran expert. At this stage,
there were still about 50 variables left. To gain more undeding of the relationships
between the different variables, the interactions werdistlusing a Bayesian network.
First, the connections of the network were identified usisgarch algorithm that gener-
ates the network structure automatically (Ramoni & Sebasfi997a,b), like in Section
2.5.3, but this time the network contained a considerabfjelaset of variables. Then, the
final model was formed with an application expert based orathematically generated
model. Figure 19 shows the constructed network. The nod#wifigure stand for the
different variables, while the arrows indicate the intéiats between them. The vari-
ables were also grouped into larger units to portray higiezllabstractions, such as the
interaction between the slab dimensions and gas flows. Tiheections between these
abstractions show how the abstractions interact. The mktwas especially useful for us
researchers, who are not experts on the production prdagss) modeling. More details
about the work with the Bayesian network can be found fronufireenet al. 2001) and
(Laurinen 2000).

The number of data points was reduced by including only tlekisg zones in the
model, since the opinion of an expert was that this is a gcantiisty point for producing a
working model. Moreover, slabs with post-roughing mill fgenatures less than 110D
were excluded because these slabs may have been standiregrolidr table too long be-
fore roughing. This waiting time cannot be anticipated wltile slabs are in the furnace.
Twenty percent of the slabs fell into this category. Funhere, the application deals with
possible missing values of variables by checking whetrentbasurement from that vari-
able is within the range set for the variable. If not, it isleeyed by the lower limit of the
variable if the measured value is lower than the lower limivih the upper limit value if
the measured value is higher than the upper limit. If the nnegsent is completely miss-
ing, it is replaced by the median of the range. There are atse womplex methods for
replacing missing values, including methods based on tionéig the missing value on
the existing values (Ramoni & Sebastiani 1997b). Finallg, input and target variables
of the neural network were scaled to a range from -1 to 1, wbéahmake the training of
the network faster and help in initializing the weights Maist(1995b).

3.5.2 Work related to the application

In theory, a model based on physics and mechanics could tstraoted to predict the
post-roughing mill temperature instead of the proposedaieietwork model. Unfortu-
nately, this alternative is far from reality. The constrantof a physical model to predict
even the simplest process can be very difficult (Gong & Yacl2@@nnoxet al. 2001).
Taking into account the fact that the operating conditionthe furnace are not constant
and that steel slabs with varying metal concentrations asatell in the same furnace, it
would be risky and very demanding to construct a physicalehodeural networks, on



64

the other hand, are a suitable tool for process modeling tasjuiring a highly non-linear
approach (Lennogt al. 2001). Other alternatives for neural network models ineltite
finite impulse response (FIR), auto-regressive with exogsivariable (ARX) and mov-
ing average with exogenous variable (ARMAX) models and iogitatistical classifiers,
like for example those used in Chapter 2. The disadvantagieest alternatives is that
they are perhaps not capable of capturing non-linearitiealey well as neural networks
(Gong & Yao 2001, Lennoxt al.2001).

An extensive survey of the existing applications in thissadiel not reveal any applica-
tions of this kind. However, there exist quite a few neuraek applications in the field
of steel production. The research most similar to this has lone on slab temperature
prediction studies by Gorni (1997) and Nilsson (1998). Tipgraach proposed by Gorni
built a neural network model from information obtained frédmermometers installed in-
side special slabs run through the furnace. The use of thesmbmeters is, however, so
expensive that not many slabs can be run through the furaadeexcessive observations
are not economically feasible. It may also be a false assamftat the data gathered
with these few slabs would be representative. Moreoveragiproach hardly allows for
longer term changes in the environment, since these spalz cannot be run through
the furnace continuously. Nilsson (Nilsson 1998) predihts same post-roughing mill
surface temperature of transfer bars in her paper as tlgangsdoes, including the neu-
ral networks. The purpose of her models is to use the predidt set the parameters
of the mills, which is different from the goal of this solutigmore accurate heating of
steel slabs). Her model is based on a data set available fiahtlae slab has exited the
furnace, including surface temperature and other measmsmand hence it cannot be
used to control the heating of the slabs while they are insidéurnace, which is acquired
using the proposed model. Her results are, however, coibleai@the presented results
at some level, since they predict the same temperature. fBuokicpion accuracy, i.e. the
root mean squared (RMS) error reported by Nilsson was 13.RIM8 for the presented
neural network prediction was 7.9 and that for the mediderét prediction 7.5. For the
predictions of the last observations, the respective galere 8.5 and 7.3. The benefit of
the developed model in comparison to hers is that it doess®tuay data recorded after
the slabs exit the furnace. It should be noted, however ttigatlata set and the process
used are different, which makes the results mutually qugpatate.

The proposed solution is based on sensor data gatheredeofrdim the furnace and
stored in a production database. The data used by the maddlecacquired from the
database at the production line, and the use of the modelrdesquire the installation
of any additional instrumentation. The model can be run asgbahe existing plant data
system, which makes it affordable.

Other neural network applications at hot strip mills in@uan application control-
ling the heating furnaces (Kiret al. 1998) and applications developed for predicting the
rolling forces at finishing mills (Lee & Lee 2002). Applicatis for predicting the tem-
perature after the last finishing stand based on informatieasured from the finishing
mills and the transfer bar have been developed in Vermeailah(1997) and applications
controlling the shape of the strips in Feche¢ral. (1994) and Yacet al. (1995). More
information about data mining applications in hot rollingppesses can be found from
review papers like Jamséa-Jounela (2001), Takahashi (20@lL$chlangt al. (2001).
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Fig. 20. Configuring Smart Archive for the steel slab temperature applicdion. (a): Configu-
ration of SA at the architectural / operational level. (b): The pre-processing component. (c):
The feature extraction component. (d): The model component(e): The history sink.

3.5.3 Configuring SA for the application

A short description of the application-specific coding of@tArchive is given because
it is not necessary to go too deep into application-specétaits that cannot be applied
anywhere else. The outline of the configuration is easy teerstdnd by looking at the
architecture and components presented in Figure 20. THeafpn-specific data orig-
inating from the four SQL-compliant database tables is m@nwith clouds in Figure
20(a). The first source contains temporal measurementstfierenvironment, the sec-
ond and third spatio-temporal measurements from the emvient and the slabs, and the
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fourth contains static measurements from the slabs. Tfierahe measurements pass
through the pre-processing, feature and model componéike dive-section of Smart
Archive. The work required for configuring SA for the apptioa after constructing the
processing chain was to configure the application-spedificdiof the components. The
first pre-processing task performed by the applicatiorci§ipdilter of the pre-processing
component is data integration (marked in Figure 20(b)).alatginating from the four
sources is integrated so that it forms measurement serigkiagh variables are targeted
on the positions where measurements from the slabs haveaoegeired in the furnace.
After this the application-specific filter detects and pssEs possible missing values.
Now each measurement (row) from the slab contains appragiynd50 dimensions. The
filter in the feature extractor is used to reduce this din@maity (Figure 20(c)), so that
measurements only from selected variables enter the madthe! filter also handles the
scaling of the data. From the feature extractor the comgleteservations (containing
on average 81 rows) are output to the history sink (Figure0éo that data from past
observations can be used for training the model. The datatine on-going observations
are passed to the model component (Figure 20(d)), whichespile neural network im-
plemented in its filter and gives a prediction (result), vahis then output to the history
sink. The prediction accuracy of the model is observed usiegorediction data stored
from the processed observations, and if the predictionracgudecreases below a certain
threshold, the model parameters are re-trained.

3.5.4 The model used for predicting the temperatures

The development of a data mining solution for this kind oflaggion is a non-trivial task
for a number of reasons, as was described in the functiogairement analysis in Section
3.2. However, the model selection method was not the bestlgene, since the model
that was applied was selected solely on the basis of intudtia previous experience with
similar problems. A feedforward-type neural network wasdisn the prediction, since
it was known that it resembles regression models and is tapdliorming non-linear
prediction surfaces for multivariate data mining tasks.

A feedforward neural network consists of connected dataegesing units called neu-
rons with each connection having an adjustable weight. Bugans are organized into
layers called the input, hidden and output layers. The ddfed into the input layer, fur-
ther transformations are done in the hidden layer(s), aaddbult of the transformation
is read from the output layer. The number of hidden layersrendons, as well as the
design of the connections between the neurons, defines hivwheaetwork can adapt
to the data. More detailed descriptions of the functionihg eedforward network can
be found from various text books, such as Bishop (1995) aadsR{1999).

The weights of the network are estimated from the data. Thiemeance of the esti-
mation technique determines how well the weights capte®éhavior of the phenomena
under study. The techniques are divided into two generagoaites: deterministic and
stochastic methods. Deterministic methods have beenrdsig find a local minimum
from the initial settings of weights in the network. The blesdwn deterministic method
is the back-propagation of error using derivatives catealaccording to the error of the
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network to tune the weights to optimal values. More soptaséid methods include the
conjugate gradient technique. Stochastic algorithms baea designed to find a global
minimum from the search space. They incorporate a form aloamess, allowing the
optimized parameters, i.e. the weights, to change into redueg that may be quite dis-
similar from the previous values. This ultimately leadshe most optimal settings for
the weights, but may require considerable computing timenfples of stochastic algo-
rithms include simulated annealing (description avaddbt example in Masters (1995a))
and genetic algorithms (description in Press (1999)).

The method of estimating the weights in this work was a comige between the
fast deterministic algorithms and the computationallgmsive stochastic algorithms. A
mixture of these two methods, called hybrid learning, wasdusln hybrid learning, a
stochastic algorithm is used to estimate a good globalisgapint, and, after that, the
deterministic algorithm is used to estimate the parameten®e accurately using these
starting points. After estimating the weights using thestd®inistic algorithm the final
set of weights is assigned to the set of values giving the gi$brmance (possibly on a
validation data set).

When working with continuously acquired data, the estimatedyhts of the neural
network can be kept constant or they can be re-estimatedhvgitiitable periods. Models
in which the weights are re-estimated as the data changesléed adaptive models. The
two basic ways of estimating the weights adaptively aretbattd on-line learning. In
batch learning, more than one observation is collected la@dveights are re-estimated
using this data set. In on-line learning, the weights areatguiafter every new observa-
tion. The advantage of using adaptive estimation is obvithesparameters of the model
are kept up to date.

A completely different question is the question of when aaysiste approach is needed.
Applications have shown that an adaptive model can outparfostatic model, but the
decision to use adaptive modeling must be made based ond¢nempiena under study. If
the operating environment is not likely to remain constantt is too difficult to collect
a representative data set, then the use of adaptive modegljastified. An example is a
model that predicts the temperature of steel strips aftefitlishing stands on a hot strip
mill Schlanget al. (2001). An adaptive neural network achieved a mean prediiror
of 1°C. When re-training was discontinued and the static versias adopted, the error
grew to 8C. The cost of adaptivity is the more complex implementatbthe models
because of the larger number of parameters to tune. A dacisist be made regarding
when the parameters are re-estimated and how much dateadisargbe estimation, and
there might also be constraints on the time available fastanating the parameters.

3.5.5 Results

In order to use the feed forward neural network model wittetseries data, a windowing
function for the observations was used. The observatiotiswihe time window were
then used to train the network parameters and to predicethpdrature of the slabs in
the soaking zones of the furnace. The prototype and the adtinplementation used
somewhat different time windows, as will be described later
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The actual modeling work was started with a prototype madé Matlab and its
neural network toolbox. The neural network was selectedi¢ctude 29 input variables
and one hidden layer with 12 neurons wigmh activation functions. The input variables
were selected at this stage after experimentation witlewifft input variable sets. They
were the same variables as shown in Figure 19, except thatdterial percentages and
unconnected variables were left out. A deterministic fregralgorithm (the conjugate
gradient method) was used to estimate the network parasnefére time window that
makes up the training data was selected to contain infoomdtom so many slabs that
it contained at least 150 data points, which meant inforomatiom about fifteen slabs
(time series measurements of the slabs contain differentiata of measurement points
because the heating time of slabs is not constant). The netparameters were re-
estimated every time a slab went through the roughing miile predictions were filtered
using a mean filter. For a single slab, many observations esa#able in the soaking
zones, and hence many predictions, too, were given. The latireuaverage of these
predictions was used as the predicted temperature, metir@hthe first prediction was
used as such, while the second prediction was the mean ofgharfd second predictions
and so on.

The performance of the model was estimated by calculatiifgreint error statistics for
the predictions. The statistics are calculated from thelabsvalues of the last prediction
errors of the slabs before they exit the furnace. The mean was 8.0C and the median
error 5.6C. The median error was considerably smaller, because #utction error for
some slabs was large, and this increased the mean. The fageeatatistics showed the
proportion of predictions that were closer than the respet¢emperature. Predictions
within 5°C (47% of the slabs) can be considered very good, predictiotisn 10°C
(73% of the slabs) good and predictions outside the rangd 114% of the slabs)
poor. The product expert considered the prediction acguwathe prototype good, since
it is sufficient for setting up additional treatments of thedgucts, and further studies,
including pilot implementations of the model, should be maginally, the Figures 21(a)
and 21(b) show examples of the predicted (dashed line) arduned (continuous line)
values.

Software implementation of the model was started afteressgfal implementation of
the prototype. Transferring the Matlab model to the proidndine was not considered, as
it would have been hard to fit it together with the informat&ystem, and the robustness
of the solution would hence have been questionable. A feedfal-type neural network
library with hybrid training algorithms was written, and anvironment in which data
from the production line database could be tested off-lias developed.

The structure and the parameters used by the training #igoof the network were
tested more extensively at this stage. Since there is n@prineory for constructing the
network structure, a semi-automated empirical approachusad. The approach is based
on testing a large number of neural network model candidgesrated by using a set
of rules. The parameters chosen this way were the inputhlasathe number of hidden
layers, the number of neurons in each hidden layer and themeders of the training
algorithm.

All of the tested models included a particular set of inputiadles. In addition to
this set, every model contained input variables selectédmm randomly from a set of
candidates. After selecting the input variables, the nurobkidden layers was selected,
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Fig. 21 Prediction of the prototype (dashed line) plotted against the meased post-roughing
mill temperatures (solid line). (a): The most erroneous data set & with the prototype. The
vertical axis shows the post-roughing mill temperature in Celsius ad the horizontal axis the
number of record in the data set. The slabs are in chronological ordr. (b): Enlargement of a
set of data from Figure 21(a).

and either one or two hidden layers were used. Then, the nushbeurons in the hidden
layers was defined. The first hidden layer was randomly ssldct contain a number of
neurons from the range of¥Bn — 1.2n, wheren is the number of inputs. If the network
also contained a second hidden layer, it was selected taicomtnumber of neurons in
accordance with the first hidden layer in the same manneur&ig2 shows the structure
of the final neural network model with the input variables.

Finally, threshold rules were used to decide when to retteemetwork and when to
stop the training. It was not necessary to retrain the nétwaless prediction accuracy
decreased below a certain value. Because of this, the vgeigire re-estimated after the
average absolute prediction error of five consecutive stxbbseded 9C. These values
were determined by testing different rules for updatingwiegghts. The training of the
network was completed after the training algorithm had igpghe deterministic training
algorithm to a certain number of starting points initiatlagsing the stochastic algorithm.
The number of starting points varied from model to model,heesrodels and training
parameters were randomly generated. After finding suitablaing parameters, it was
not necessary to use cross-validation or other technicurestdidying the training error
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because the large number of tested models (>2000) ensufaiesti parameter quality
of the best performing models. Parameters resulting in-fitterg or over-generalization
of the model would result in poor prediction accuracy anchadéquate model, since each
model was tested using the time series data, where eacltiwedian be considered to
be a prediction for validation data.

The models were calculated on multiple clients connected tiatabase containing
pointers to uncalculated models. After a client finishedcagulations, the prediction
statistics for the calculated model were entered back healtatabase. The best perform-
ing models were then selected from the database, and thésresue analyzed in more
detail.

The subfigures in Figure 23 show the predictions of the nenatalork plotted against
the measured values. In a perfectly performing model, the itiothe figure should lie
in the diagonal line. The two outer lines are°C5away from the theoretical optimum,
representing the limits of acceptable deviation. As we @mnfrom Figure 23(a), most
of the predictions are within the 16 limits, but some clearly exceed them. These points
outside the limits are mostly predictions from single slalfsgure 23(b) presents the
predictions for the last observations on the slabs befa ¢kit the furnace.

Cumulative median filtering of the predictions of each slab was applied to find out
if it would help to bring the predictions outside the limiteger to the optimum. Figures
23(c) and 23(d) show these points plotted in the same marmmnir Bigures 23(a) and
23(b). The median filtering brought the predictions of edelb €learly closer to each
other and removed most of the large errors in the lower path®fplot. Figure 23(c)

2Cumulative median filter means in this context the applicatiba éunction that returns the median of
the predictions available at a point in time. As the slab ddbe exit of the furnace, the value of the filter
approaches the median of the predictions for that particledr.



71

1150

1145

1140

11385

Predicted temperature

" Predicted tem perature)

1115

1o

1100

Measured tem perature Measured tem perature
1100 N0S 110 11E 110 1128 13 1N3E 140 11as 1150 1on Vs Mo MmE N0 NS NI NI 1140 1148 1180

@ (b)

1145

1140

1135

1130

B
" Predicted temperature!
Predicted temperature

11285
1120
1115 | 1115
1119 |

1105 |+

1100 +

Measured temperature . Measured temperature
oo NM0s N0 115 1A 1E N30 135 man nas nso oo M0 Mg ME N0 1S NI NI 140 1148 1180

(c) (d)

Fig. 23. The measured values of the post-roughing mill temperature haveden plotted on the
x-axis and the predicted values on the-axis, and some random noise has been added to the
measurements to distinguish the points more clearly. Plots 23(a) d3(b) are plots for the
neural network prediction of the best performing model. In plots 23(c) and 23(d), median
filtering has been applied to the neural network prediction. Figures23(a) and 23(c) contain
all the observations from the soaking zones, while the Figures 23(and 23(d) only contain the
last observation from each slab.

shows that the points outside the limits are grouped togethe present an observation
on one slab. It is likely that the errors originate from a slaht has remained on the
roller table for an abnormally long time after exiting therface and has therefore lost
some of its temperature before entering the roughing miie ime the slabs stay on the
roller table cannot be anticipated while they are heatetlit limiusually standard. In the

operation on the production line, the model is informed &f delays, and the effect can
hence be controlled. At the time of this work, the informatwas not available off-line at
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Table 6 Statistics for the prediction error of the software implenaion of the neural
network model predicting the post-roughing mill temperat he column titled "normal”
shows the statistics for the neural network prediction,adblemn "median-filtered" shows
the corresponding statistics for the median-filtered peédn, and the last two columns
show the same statistics for the last observations of tHessla

Normal Median- Last measurement Last measurement
filtered only only, median-filtered
Mean 5.9C 5.6C 6.3C 5.5C
error
Medianer- 4.5C 4.0C 49C 3.9C
ror
Standard 5.2C 5.0C 5.7C 4.9C
deviation
RMS 7.9 7.5 8.5 7.3
<5°C 54 % 55 % 52 % 56 %
<10C 80 % 80 % 80 % 79 %
>15C 6 % 5% 9% 5%

the set of data extracted from the plant information syst@nednstructing these models.

Table 6 shows the same statistics for the prediction resslisere calculated for the
prototype, the only difference being that these statistiese also calculated for predic-
tions from all of the observations instead of merely the \@dties. The average of the
absolute error values of the unfiltered neural network meged 5.9C and that for the
filtered model 5.6C. The median error was 46 for the neural network predictions and
4.0°C for the filtered values. The statistics calculated fromlds observations of the
slabs are comparable to the prototype statistics.

The prediction accuracy of the model is sufficient for a tewgamplementation at the
production level. The large prediction errors in 5% of thedictions are problematic,
however, and studies are being made to eliminate this probking prior information,
for example. The presented results have been also repartedifinen & Réning (2005).

Furthermore, although the application is functioning ampkd, there are a lot of ideas
for future development as well. Firstly, among the most inguat ones is the usage of
spatio-temporal information from the slabs, which is vémyited at the moment. Chapter
4 discusses an interesting possibility of using trajecttata and provides a brief intro-
duction on how data formed by the slabs could be used foexétig most similar heating
trajectories. Secondly, the method that is used for adgtie neural network into the
data could be further developed. At the moment the adaptegidone in a batch learning
mode after the prediction error exceeds a certain threshisdthg the incremental learn-
ing mode could be a viable alternative. Last, but certaimiyleast, is the usage of the
history component for augmenting the training set. Thergre presented in Chapter 4
can be used for this task as well.
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3.5.6 A comparison of the two ways of implementing the apation

Two versions of the application were implemented. Bothieasgive similar results, but
are implemented in different styles. The first version of pheduction line implemen-
tation of the model was started by building it from scratckd #me second version was
based on SA. With the first version, most of the implementatibthe algorithms and
communication between the software and data sinks wasyhagiglication-specific. In
its most advanced form the version used an SQL-compliaabdat to communicate data
between the application-specific algorithms. The algor#ftonnected to the database re-
trieved the data processed by the previous algorithm in tlagncand output their results
to the database. The implementation of this version did olbdvi any existing frame-
work. The second version, which used SA for the generic djo&1s was implemented
as already described in Subsection 3.5.3. In the secon@nréte application-specific
parts were implemented in the application-specific filterd the overall structure was
implemented using the framework offered by SA. The toolslifse implementing both
versions included Java for implementing the filters; MySQid ®racle were the sup-
ported data sinks, and SQL queries (through a JDBC conmgatiere used to pipe the
data.

Although software components for the pre-processingdfeagxtraction-modeling cy-
cle could be identified (with careful examination) from tleusce code of the first im-
plementation, almost all of the code was fully applicatiaitared. During the laborious
implementation of the model, the need for a generic framkviarconstructing individ-
ual data mining applications became more and more evidenfortuinately (or not), the
tailored implementation was finalized before the develapméSA was started and only
after that the application was re-implemented using it. TWpside of carrying out the
implementation twice with different approaches is thaffiéis a chance for comparison.
The two approaches are compared using criteria reflectmgtidelines of the require-
ments analysis of Section 3.2. The following categorizapesents the evaluation, with
the implementation from scratch denoted wlitand the implementation using SA with
1.

The presence of the reference architecture:

I The implementation is an application-specific adaptatidh@reference architec-
ture where the reference architecture is not particulamysent. Feature extraction
filters are hard-coded as part of the base application. Thi#ehis hard-coded as
part of the application.

Il The reference architecture is the backbone of the systenisaridarly present.
The amount of work needed for data pre-processing is appidely the same as
in the first implementation, but the implementation of thelagation-specific filters
can be kept separate from the framework using the interf&@ture extraction and
model filters are adapted to application-specific needgubmminterfaces.

Use of history information:

I There is no support for history information. The user mugtlément his or her
own components for utilizing history information, whichiges the threshold for
utilizing it.
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Il The architecture of SA supports the utilization of histanformation. The user
has the possibility to take advantage of the facilities d@nitifying similar measure-
ments from long observation periods.

Level of transparency:

I Almost no transparency. It is quite difficult, even for a merdamiliar with the

reference architecture, to understand how the componériteesystem relate to
each other. The documentation of the software requiresrdenting all operations
used in transforming data (about 10,000 lines of code) topamed.

Il The level of transparency is high. A person familiar with théerence architec-
ture can understand the workings of the system at a glandg.application-specific
filters need to be documented.

Usability:

I The implementation meets the application-specific needsaamks well as long

as no major changes are made to the furnace data system. Wipraidimg becomes
necessary, it must be carried out by hard coding the changesdpplication-specific
manner.

Il The framework is tailored to the application-specific nesiad works well. It is

easy to adapt to new requirements, with the option of usiitd ffarty components
developed for the SA framework.

Implementation time:

| Itis hard to tell exactly how much time it would take to implent the application,
since different versions of the implementation built froonegch have been made in
an iterative cycle. If the implementation was started frawragh again, it would
take about six months to implement the solution.

Il 1t takes about one and a half months to implement the apjaicapecific filters
and a week to configure the information flow of the architestor the application.

Software quality:

I Bugs are equally likely to appear in all the parts of the cdBecause of this, all

of the code has to be tested.

Il Bugs are more likely to be present in the application-spefilfers because the
application independent framework has been extensivelgdein its development
phase. Therefore, only application-specific filters nedokttested, which is a much
smaller task than testing all of the code.

From the standpoint of implementation, the most importativaatage was the de-
crease in implementation time and the increase in qualityno&t no time was spent in
designing the architecture and operation of the softwanegsSA is based on the refer-
ence architecture. In fact, one of the largest design tasisstovdecide in which filters
to place the application-specific code, which is not a veryl lakecision (using the refer-
ence architecture). Creating the application did not megeiding an application-specific



75

code for handling the data flows and hard coding the set ofibas as part of the appli-
cation. These time-consuming tasks could be implementgurdgyerly configuring SA.
The amount of time spent tracking bugs decreased and thecbufgbbe traced by default
to an application-specific code. It is also much easier tda@ixphe application logic to
the customer using the framework than with the fully-talbapproach.

The ability to use history data is an important feature fromgtandpoint of modeling.
In this particular application the production conditiormywso much that using a training
set containing data from a limited time frame does not negégdead to optimal results.
When the training data could be extended with similar measents from longer periods
of history it would be more likely that measurements resémgithe current production
conditions will be present. However, the studies on augmetthe training set with sim-
ilar data are still in an early phase and will be continuedratie completion this thesis.
During this work techniques that can be used in the historggament for selective data
storage and retrieval were developed (as is described ipt€&hd), but not yet utilized in
the application.

3.6 Work related to Smart Archive

The field of data mining architectures is still rather unexetl, since very few earlier
architectural studies reporting the reference architecas part of them were found in
the literature. However, architectures that can be adagoechplement the reference
architecture do exist, along with architectures and fraorka/in other fields overlapping
in some aspects with data mining architectures. A data miaichitecture supporting
the reference architecture is reported in Ahne¢@l. (1998). The work approaches the
problem from a data warehouse (DW) perspective and does notide a framework for
implementing DM applications. Other DW-centric studies presented in Marifiet al.
(2000), Charet al. (2000).

Architectures for processing data streams or data feedshean developed in Roodyn
& Emmerich (1999), Luet al.(2000), Fernandez (1998), Hsiuatal.(2002). Roodyn &
Emmerich (1999) presents an architectural style for thegirition of multiple real-time
data feeds on Windows NT platforms. The design includesead&ta object manager
and a historical data object manager and the idea of appfiliegs on the data feeds
for "filtering those information from the data feeds so asauce the information over-
load". These properties reflect the ideas behind data mappgcations, but it is obvious
that the authors have not had data mining applications irdmihen designing the ar-
chitecture. For example, the design does not mention tlyestiound in the reference
architecture and the history component has no intelligéocselective data storage or
similarity detection. The proposal by Let al. (2000) (called iFlow) is also a component-
based framework for streaming data processing. What is camtmaohis work is the
property of utilizing continuously observed data streand the architectural style of us-
ing pipes to connect components. Fernandez (1998) has a djfftrent design in his
architectural style for object-oriented real-time systerdowever, he notes that "design
decisions can be evaluated based on mathematical analyse-time behavior previous
to testing activities" and applies his system for "realdidata acquisition and alarm mon-
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itoring of industrial processes". Finally, Hsiumegal. (2002) present a framework called
VERTAF for embedded, real-time systems development. Tdradwork shares some of
the motivation of this work, offering components and ingeds for implementing embed-
ded systems. None of the authors mentioned above have gedeloeir designs for data
mining applications. They do not include the reference igecture in their descriptions
nor do the designs contain mechanisms for selectively gedag history data. These con-
tributions are valid in their respective fields of applicati but contributions similar to the
contributions presented in this work were not identified. tmother hand, any of these
designs could be further developed for presenting an &cthital style and framework for
implementing data mining applications. However, even ésth designs were developed
further to make them suitable for data mining applicatidgiris,questionable whether they
would achieve the same quality as a framework built solefydfia mining applications.
It is clear that a consistent comparison is not possible.

3.7 Discussion

This part of the thesis presents an application framewodkaachitecture for implement-
ing data mining applications and an application for predgthe post-roughing mill tem-
peratures of steel slabs. The main points of the functioeglirements analysis were
presented in order to motivate the design solutions betiiadramework. The compo-
nents and architecture of the SA framework were explainesieh a level that people
interested in experimenting with the architecture can enmnt it and adapt it to their
applications and tools. The benefits of the SA framework ipliagtion implementation
were outlined in a case study in which a method for predictivey post-roughing mill
temperature of steel slabs was developed. The predictisdaae using neural networks
while the slabs were heated in the walking beam furnace. AeBiay network was first
used to visualize and clarify the interactions between tréous variables affecting the
heating process. After that, an adaptive neural networkeineds applied to the data,
with a mean prediction error of 5.6. The results were accurate enough for a tentative
application of the model on the production line. A compamisbimplementing the appli-
cation using a fully-tailored approach and implementatising SA was analyzed. The
major benefits of using SA for implementation were a reductio development time,
higher quality, extensibility and a more transparent syst&ucture.

In the previous chapter of this thesis the process of findidgta mining solution from
a measurement data was discussed - which is a challengikgntaself. Nevertheless,
finding the solution is often not enough - for example in daiaing projects developing
on-line applications the project is not completed until sb&ution has been implemented
as a data mining application capable of on-line utilizatdrmeasurement data. The
search for the solution and implementation of the foundtsmiuare two different tasks
linked by the data mining solution. They also require verffedent specialization: the
data mining process requires advanced knowledge of thetidaisformation functions,
while the implementation phase requires advanced knowletlgoftware engineering. It
is often the case that people skilled in data mining are nekéied in software engineer-
ing. This may be part of the reason why there exist a lot ofistudiherein a good data



77

mining solution for an issue has been found, but it has nat beplemented as a practical
application. On the other hand, if the challenge of finding&adnining solution is posed
to skilled software engineers capable of implementing tiet®n, they might not have

the skills for finding the solution. This part of the thesieggnted an application frame-
work and architecture that can hopefully be used to lowethheshold for implementing

the solution found as a real world application.

A lot of the contribution presented in this thesis was insgiby the steel slab tempera-
ture application and the needs it has imposed for the datagnprocess and framework.
These results illustrated the capabilities of a real wodthanining application that can be
implemented by using the developed approach. This is of sitimportance for justifying
the usability of the contribution of this thesis. The pumos$the application-independent,
theoretical work presented here is to facilitate the comatind implementation of data
mining applications. These results have shown that theadetbgy is valid and applica-
ble in practice - based on the results acquired after imphtimgethe presented solution.

The development of the presented SA framework that was wsdthplementing the
solution was an iterative process in which the applicatiath & central role. The work was
started by hard coding the solution as an independent apiplicreading the measurement
data from flat files, which was a task that consumed both tinteatience. Shortly
after that implementation, it was clear that the requireim¢see Section 3.2) set by the
application were not being met using the approach. Afteriteng the application to
meet some of the requirements it became evident that thécapph should give more
freedom for changing the algorithms and variables it is gisifihis led to re-thinking
the application and changing the way it is designed. The n@woach was to design
and implement the application in a top-down approach inkstéshe bottom-up approach
applied up to that point. The application framework presétin this chapter was created
for that purpose, using the reference architecture as abbaek Finally, the application
was implemented using the framework. After this, the apgpiccn had grown to meet
all the requirements set for it. It had evolved from a platfedtependent, hard-coded
application that is reading flat files, to a platform-indegemt, re-configurable application
that can be tailored to be run both in the information systéthe steel plant as well as
in the simulation environment run in the research laboyat@f course, it would have
been much better if the framework would have been availdbdady when starting the
implementation of the first version of the application. Thaiuld have avoided a lot of
unnecessary implementation work. But, on the other hardrémework would not exist
if its importance had not been learned the hard way.

Furthermore, the data mining process presented in Chaptértts thesis was not
available during the creation of the steel slab temperatppdication because it was cre-
ated in the project studying the quality of the spot weldioigts only after the slab tem-
perature application had moved to the implementation antbfyping phase. There is
no doubt that using the semi-open data mining process fourieaelection and model
testing would have been very fruitful in this applicationvesll. Partly because of that,
the features and model of this application might not be ogltinthere are possibilities
for improvement in feature and model selection that areftaffuture work. However,
the parameters of the neural network were selected withatadehe performance of the
application meets the requirements set for it.

Future development work on the topic has already begun. Bgipls given to devel-
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oping the incremental history component of the frameword mraking it easier to link
it to the other components. The history component of theecuirdevelopment version
contains the base technology needed for detecting sityilgmi novelty) from the mea-
surement data. Future work also consists of developing anowed, more product-like,
version of the framework. The current version is easy toyappt configure for a person
experienced with the framework - the results and principleseasy to understand by any
data miner. The future version should also be easy to applyanfigure by persons not
so experienced with the framework. Finally, the framewoik lne made easier to recon-
figure. At the moment, applications can be constructed byigaring the framework to
application-specific needs and then running them on topeoptatform provided by the
framework. Future research and development work will beesiid on runtime configu-
ration of the framework. This will allow for the changing it components and filters of
the framework runtime, which will result in a greater cafigpto react to changing con-
ditions. The current version supports only runtime recaméitjon of the parameters of
the application-specific filters, such as the parameterseféeural network. The current
version, its capabilities and future development ideaswensidered so promising that
funding for a new research project developing these prigssof Smart Archive, and new
applications, has been granted by the National Technolagngy of Finland (TEKES).



4 Similarity detection and an efficient algorithm for the
history sink

This chapter describes an efficient algorithm for simifadétection. Before presenting
the algorithm, Section 4.1 gives a short overview of whatlsirty (and novelty) detec-
tion is and what it can be used for. The algorithm developexpdicable fortrajectory
data and can be used for increasing the performance of ttehiomponent of Smart
Archive. Section 4.2 explains what trajectories are andtwha to be considered when
calculating similarities between them. Section 4.3 thasents the algorithm, which can
be applied on all kinds of trajectory data in which one diniemsf the data is increasing.
Section 4.4 shows that the complexity of the algorithm isdinwhen the measurement
dimensions are increasing and Section 4.5 presents anieahjgistimation of efficiency
under more general conditions. Finally Section 4.6 presantk related to the algorithm,
and a discussion of the algorithm is given in Section 4.7.

4.1 Principles of similarity and novelty detection

Similarity and novelty detection are rather broad termsopReface situations in which
they apply them throughout their everyday lives. Recogigizhe events of meeting new
people, hearing new songs or visiting new places are nagdeahples of everyday ap-
plications. Another example is the capability of the humadybto recognize organisms
that do not belong there, for example viruses. For livingaoigms, similarity and nov-
elty detection and the capability of responding to novelnévés more or less natural.
However, the basic principle behind all similarity and nibyeletection, be it human or
computational, is the same - the level of similarity of a ntawmi is based on a comparison
of the item to an existing collection of items. The degredimilarity of the new item can
be evaluated based on the evidence acquired using the dsompaAfter this, the item
is considered novel if it fulfills some application-specifide. In some cases the query
item could be defined as novel if it is different from all thents in the collection. In the
case where all new observations are defined to be novel, gesrdefined as novel even if
an exactly similar item is already in the collection. Thiads to noticing the connection
between similarity and novelty detection. Novelty detectis obviously a special case of
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similarity detection. Itis a two-class problem in which thteserved item is either novel or
not. Because novelty detection methods incorporate diityilmeasurement and in many
cases similarity measurement methods enable output itnconis precision, the degree
of novelty (or similarity) can be calculated. This degreesiofiilarity is then transformed
into binary output (novel or not) or could be used for otherpmses as well. This touches
on one of the key problems in novelty detection - where is itie dirawn with regard to
how dissimilar an observation has to be before it can be dernsil novel?

What are some typical applications of similarity and novelgtection? The general
logic behind the applications is to compare a query observab the observations in a
database, as stated above. For example a data storageatpplwould compare a new
observation to the observations in a database and decitteédise new observation only
if itis novel. The same principle could be used in retrieving most similar observations
from the database and to use them for example to expand thimgralata set of a classi-
fier. Information about the novelty of the new observationld@lso be used to calculate
a statistic describing the confidence of the classificatidh@new observation - a novel
or dissimilar observation may lead to unexpected beha¥itireoclassifier.

Real world applications of novelty detection can be foundewample in the fields
of fault detection or inspection. Marslamd al. (2005) have developed a neural network
application that controls a mobile robot capable of novdkyection by ignoring neural
network inputs that present normal operation. The mobi®traan be used for example
on remote inspection tasks, where its task is to observénagythat deviates from the
usual. This can be useful in environments where humans tamber or in repeatedly
activated inspection tasks, for example guard work. Pqitiamet al. (2005) present an
application monitoring the condition of large-scale dieseines. A mean field indepen-
dent component analysis model is trained on normal signakssored from the engine
and when a fault is induced in it, the model is capable of detgdt. Furthermore, an
overview of intelligent fault detection can be found from k¥en & Dulieu-Barton (2004).
Singh & Markou (2004) have used novelty detection methodsed¢ognize unknown ob-
jects from video streams. The application lets the user minlabel the objects that
have not been recognized using a neural network model tt&médentifying the objects
known so far. After manual labeling the novel objects aresadd the training data of the
network. Finally, Tarassenket al. (1995) have developed a novelty detection approach
for identifying masses in mammograms. They report thatdireancer is a major cause
of death among women aged from 35 to 55 years and if it can lwgnézed in an early
stage by means of a mammogram, it is easier to cure. The metwbdased on compar-
ing new mammograms to the point density functions of eaniammograms using local
Parzen estimators. The system was capable of correctlyiryattention to the regions
of mammograms that needed further analysis from a humamteXpgood review of both
theoretical and application developments of novelty daecan be found from review
papers Markou & Singh (2003a) and Markou & Singh (2003b).

The next sections introduce the contribution of this thasithe field of similarity /
novelty detection. An algorithm that is developed for a sglecase of similarity mea-
surement is presented. The algorithm can be applied to\wigmrs that are composed of
finite measurement series (trajectories) measured pp$siibh more than two quantities.
The algorithm presented is substantially more efficient tha practice currently used for
calculating the similarities and can be used for examplaérhistory sink of SA.
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4.2 About trajectories and measuring similarities betweerthem

The Merriam-Webster dictionary defines "trajectory" aspé&h, progression, or line of
development resembling a physical trajectory’. In otherdso trajectories are series
of measurements made on an entity of interest and interctechén the measurement
space. Trajectories of measurement values varying over(tiemporal) or location (spa-
tial) or both (spatio-temporal) are observed in many appibiny areas. Examples vary
from studying the variation of temperature over time (asdivssible effects on the cli-
mate) to predicting stock prices. The development of coenguind digital data storage
devices has made it feasible to process and store trajestatitomatically. There are
tools for efficiently producing answers to such questionsgisen a trajectorytrajq and

a collection of trajectorie¥, what are the trajectories most similar to the query trajec-
tory trajq in the collectionT?". In order to find an answer, it is necessary to formulate
a measure of similarity between two trajectories, to calieuthe values for the similarity
measure betweetnajq and the trajectories in the s&f and to return the trajectories
with the smallest value of the measure, in case smaller iw&guat to more similar.

In order to be able to measure the similarity between twedtayies, it is necessary to
define a way for measuring the similarity between the valonasrhake up the trajectories.
The values are measurement points im-dimensional measurement space, whars
the number of observed quantities. Tihgnorm is a popular point-to-point measure of
distance, and it is defined for two-dimensional points andb as

m 1/p
Lp(ab)=|> (la-blP)| . 1)
2
Settingp to 1 gives the Manhattan distance and, the Euclidean distarabtained when

p=2.

The process of calculating the similarity between two miatmore trivial than cal-
culating the corresponding similarity between two trajeiets. There are three major
features that make the calculation more complicated fgedtaries:

1. Measurement intervals. The values may be observed in equidistant or varying dis-
tance intervals.

2. Number of values.Two trajectories may contain different numbers of measergm
points.

3. Dimensionality of measurement spaceTrajectories may be measured in two- or
multi-dimensional spaces.

Figure 24 illustrates these differences. The trajectdriag, andtraj, contain the
same number of pointsi(traj,) = n(traj,) = 6), are of equal length in the horizontal
direction (time in this case) and are measured in equidigtégrvals 6.1 —S =C,Vi =
1,...,n—1). Itis obvious, but still worth pointing out, that the maesment values (in
the vertical axis) may increase and decrease over timehbwialue of time between two
consequent values (horizontal axis) is always increasingther wordsf; < tiy+1,Vi =
1,...,n—1. The increasing nature of one of the dimensions is empécséiere because it
is the key point in the development of the similarity meamast algorithm presented in
the next section. The, norm can be trivially extended to measure the similarityveen
the types of trajectories where each point has a paralleitegooint in the other trajectory,
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Fig. 24. Trajectories a and b are observed at equidistant intervals with the same number
of measurement points, while trajectoriesc, d and e are observed in varying intervals and
varying amounts of measurement points.

like for exampletraj, andtrajy,, which are plotted using the solid line in Figure 24. Since
all the points of each trajectory have matching points (@wértical direction) in the other
trajectory, the_, norm can be calculated using the formula

n(trajy) [ m e
Lp(trajq,traj,) = Zl lz (ftrajop —trajoul®) | 2
=1 |K=1
which is theL, norm between the matching points of two trajectories sumoven
all the points of the trajectories. This is one of the simpée@mples showing the calcu-
lation of similarity between two trajectories. But whatlifet assumptions of equidistant
intervals, equal numbers of measurement values, and twerdilons were relaxed? The
trajectoriedraj. andtrajy in Figure 24 are an example of trajectory data where the for-
mula 2 could not be applied to the calculation of distancestdeast it using it would
not make sense. Although the points are presented in twordiimes, both trajectories
contain a different numbers of values unequally distriduneime. To be able to calculate
the measure of similarity for these two trajectories, onedseto define how to find the
matching points closest to each other in the two trajecdaied how to take into account
the varying numbers of points in the trajectories.

The proposed algorithm is a natural extension for calaujathe similarity measure
for trajectories of this kind, where the assumptions areenmmelaxed. The algorithm is
efficient in terms of usage and calculations. Firstly, th@éasing nature of one of the di-
mensions is used to optimize the performance of the algorith result which can always



83

Algorithm 1: The intuitive algorithm for calculating the similarity tveeen two tra-
jectories.

input : trajectoriedraj, andtrajy, of sizen(traj,) andn(trajp)

output: the distance between the trajectorigajectorydistance

set trajectorydistanceo O;
set smallestdistanceo o;

for i + 1to n(traj,) do
for j «— 1ton(trajp) do
if d(traja,trajp j) < smallestdistancthen
| set smallestdistanceo d(traja,trajy j);
end
end
increment trajectorydistanceby smallestdistance
set smallestdistanceo o;

end
set trajectorydistanceco (trajectorydistancén(traja));
return trajectorydistance

be used with temporal trajectories, for example. Secotigdysimilarity measure it calcu-
lates nearly fulfills the requirements of a metric spaceciimakes it more credible. The
following sections present the algorithm, its computadicefficiency and its usability.

4.3 Proposed algorithm

The algorithm described in this section can be used to medsesimilarity between two
trajectories that contain values observed at varyingvatsy possibly containing different
numbers of values, with one of the dimensions increasings algorithm outperforms
the intuitive algorithm currently used.

What exactly is the "intuitive" algorithm? If one were givdrettask of devising an
algorithm that calculates the similarity for trajectorfakilling the above-mentioned con-
ditions, the intuitive idea would be to use the kind of algfun represented by the pseudo
code in Algorithm 1. The algorithm starts from the first paifthe trajectorytraja,, scans
all the points of the trajectotyaj,, adds the distance between the closest pair of points in
the two trajectories to the overall distance between thedtaries, and repeats this until
all the points in the trajectoriraj, have been processed. Finally, the distance is divided
by the number of points itraj, to neutralize the effect of varying numbers of points in
the different trajectories.

Why is use of the intuitive algorithm insufficient? After athis ensures that the
distance is always calculated using the smallest distaateeen the points in the two
trajectories. To begin with, the performance of the intgitalgorithm is far from op-
timal. The number of distance calculations needed to olitansimilarity measure is
n(traja)n(trajp), i.e., the complexity of the algorithm can be classified¥s®). Sec-
ondly, the usability and reliability of the algorithm areegtionable, as is explained after
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Fig. 25. lllustration of the algorithm when all dimensions are increasing.

the presentation of an improvement for the performancesissu

The performance increase of the presented algorithm igl@septimization leading
to a drastic decrease in the number of necessary distarwéatains when applied to tra-
jectories containing an increasing dimension. The idebeatgorithm is explained using
Figure 25. This Figure presents a special case, where thidjgatories are increasing in
both dimensions, which makes it easier to understand tlze itiee increasing property is
utilized to limit the number of distance calculations netiedefine the distance between
the trajectories. In order to find the pointtiraj, closest to the poirttraj,; it is enough
to start the search from the point closestrj, i1 (found in the previous iteration of the
algorithm, markedrajy, j in the figure). Because the trajectories are increasinghall
points observed before theth point oftraj, must be farther frontraja; than the point
trajp j and can therefore be ignored. The distance is then calduleden traj,; to the
consequent points itrajp, starting from the pointrajp j, until the distance between the
points in the two trajectories begins to increase. Aftes,thiis certain that the distances
to the other points intraj, are greater than the minimum distance that was found and
can be ignored, for example, in Figure 85> d3 > ds < ds; hence the search can be
stopped after calculatinds. The algorithm therefore makes the search for the pairs with
the shortest distance independent of the number of poinita jp and dependent only on
the neighborhood of the points following the pdird jp, .

The previous explanation described the first version of fgerdhm that could be
applied only to a scenario in which all the dimensions of tlagettories are increasing.
Shortly after this, it was noticed that the algorithm can ktereded to any scenario in
which only one of the dimensions of the trajectories incesad-igure 26 visualizes the
operation of the algorithm in this more general settingngsa two-dimensional case
where the values of the trajectories are increasing on thizdmdal axis. The aim is
again to find the bounding points ira |y, to ensure that the closest point in distance lies
between them (or is one of them). The search for the closést fow the pointtraja; is
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Fig. 26. Operation of the algorithm when only one of the dimensions is increasim

started again by calculating the distance to the poitizfy, closest to the poirtraja 1.

In Figure 26 this distance is marked ds Now, it is certain that the point closest to
trajai must be within or on a circle with a radius d. The search is then continued by
traversing the points itraj, backward, starting fronraj, j, until the point is reached
that is farther away on the increasing dimension than thizisadn Figure 26, this limit

is denoted with a vertical line marked with. Now, it is certain that the points behind
this line are farther away than the closest point discovaretican be ignored. The same
procedure is repeated onward from the poiagy, j. During the search for the closest pair
of points, the search radius is further decreased by upgdtia be the distance from the
point found so far to be closest teaj,. In Figure 26, this happens after calculatitg
(d3 < d2), and the search radius is updated. After the update, itdessary to traverse
the points only until the line marked with is crossed. The procedure is repeated for
all the points intraj,. Again, the algorithm is not dependent on the number of goint
in the other trajectory, but only on its local behavior. Trsepdo code for both of these
algorithms is presented in Algorithm 2. The notatioaj,; « is used to denote the value
of the kith-dimension of the:th-point of the trajectorya, wherek is the index of the
increasing dimension.

Let us continue by examining the usability of the algorithompared to the intuitive
algorithm. First of all the distance calculated using theitive algorithm does not fulfill
three of the four requirements set foneetric spacgsee the requirements in Table 7).
The first condition is more dependent on the point-to-poistashce measure and holds
whenever thé, norm is applied. Trajectoridsajc, trajq andtraje in the Figure 24 (on
page 82) demonstrate an example of three trajectoriestiviglthe latter three require-
ments when using the intuitive algorithm. The second camdidoes not hold because all
the points irtraj; overlap with a point iriraje and hencel(trajc,traje) = 0 andtrajc #
traje. Furthermore, the algorithm is not invariant to the ordewich the trajectories are
given to it (violation of the third condition). In the figurthis means thad(trajc,traje) #
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Algorithm 2: The algorithm developed for calculating the similaritytieen two
trajectories.
input : trajectoriedraj, andtrajp, of sizen(traj,) andn(trajp), index of the
increasing dimensiok
output: the distance between the trajectoriga,jectorydistance

set trajectorydistanceco O;
set smallestdistanceo o;
set pointdistanceto o;

set indexto 1;

set scroll to true;

for i < 1to n(traja) do
for j — indexto n(trajp) do

while (trajp jx > (trajaik — pointdistance) and (scroll == true) and
(j>1)do

| subtract1from j;
end

set scroll to false
if (traja Kk — pointdistance) d(trajaj,trajp j), <
(traja,k+ pointdistancethen
set pointdistanceco d(trajaj,trajp,j);
if pointdistance< smallestdistancthen
set smallestdistanceo pointdistance
set indexto j;
end
end
else iftrajp j x > (traja;k+ pointdistancethen
| break;
end
end
if i < (n(traja) —1) then
| set pointdistanceto d(trajait1,trajpindex);
end
increment trajectorydistancéy smallestdistance
set smallestdistanceo o;
set scroll totrue;

end
set trajectorydistanceco (trajectorydistancén(traja));
return trajectorydistance

d(traje,trajc). Finally, the fourth condition (triangle inequality) doest hold, because
d(traje,trajg) > d(traje,traje) + d(traje,trajqg).

From a practical point of view, violation of the third regeinent is the most serious
flaw of the intuitive algorithm. It not only makes the algbrit unusable, but may also
lead to the practitioner using very unreliable results ailgsis. On the other hand, the
algorithm could be made nearly compliant with metric spaaed the problem fixed, by a
slight modification that is now applied to the algorithm deped. Instead of applying the
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Table 7 Requirements of a metric space.

No. Requirement

d(traja,trajp) > 0,Vtraja,trajp € T

d(traja,trajp) = 0=traja =trajp

d(traja,trajp) =d(trajp,traja)

d(traja,trajc) < d(traja,trajp) +d(trajp,trajc),vtraja,trajp,trajc € T

algorithm only to calculateél(traja,trajp), two distancesd; = d(traja,trajp) andd; =
d(trajp,traja), are calculated. After this, the ultimate distance betwberirajectories is
defined to banaxd,d;). The procedure makes the algorithm fully compliant with the
first three properties of a metric space arehrly compliant with the triangle inequality.
Although in most cases the algorithm also fulfills the trinimequality, under certain
circumstances the procedure is only nearly compliant with i

The procedure can be further optimized by storing the pifgeint distances calcu-
lated at the first passl{) in memory and, on the second pass, by calculatibpdnly the
distances not calculated during the first pass. For the dadienplicity, this optimization
is not presented in the pseudo code in Algorithm 2. It is ersjzied that the performance
studies presented in the next section are applied to thigpags version of the developed
algorithm and to the one-pass version of the intuitive atgor.

4.4 About the complexity of the algorithm

This section demonstrates that the complexity of this dlgar is linear in the case in
which all measurement dimensions are increasing. The proiseshown by studying the
number of point-to-point comparisons required by the atgor.

Let z be the number of point-to-point comparisons needed forrigttie closest point
in traj, to a pointtraj, and letk; be the index of the closest point tmj, in trajp.
The total number of calculations needed for finding all tresekt matching pairs in the
two trajectories iszinglzi, wheren, is the number of points itraj,. The number of
calculationsz, can also be written ag = ki —ki_1 + 2, assuming that the comparisons
are always started from the poirk (1 — 1) and ended at the poink;(+ 1). This means
the assumption is made that at least three comparisonsedeadhér every pointitrajs,.

In some cases this number can be smaller (one or two), bueitasgh to show that the
algorithm is linear under this more demanding conditiorsalfthen the same result holds
for cases when the number is one or two.

Figure 27 gives a concrete example of these notations. Tihé{wepoint comparisons
needed for finding the closest matching pointrj,, are drawn using the dashed lines.
Three comparisons are needed and therefpre 3. The closest point to the first point
of traj, is the second point dfaj, and hencé; = 2. Now, the task is to determine the
complexity of this sum with respect to the number of pointsha two trajectories. In
order to do so, the sum is written as
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Fig. 27. lllustrating the calculations related to the complexity of the algorithm. Dashed line =
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which is clearly linear and hence the complexity of the altfon in this case is in the
classO(n). The calculation of the accurate complexity of the versibie algorithm that
is also applicable in situations when all of the dimensiomsreot increasing is left for
future work.

4.5 Empirical estimation of efficiency

The performance of the algorithms developed here was eealusing two data sets. The
first experiment 4.5.1 shows the efficiency and usabilityhef @lgorithm in a real world

application, and the second one 4.5.2 demonstrates théeffjcunder more general
circumstances, using synthetically generated data. Thétseare finally summarized in
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Subsection 4.5.3. The performance of the algorithms wdaatea in an implementation-
independent way. This was accomplished by measuring tlierpeance with the number
of point-to-point distance calculations needed to obthevalue of the similarity mea-
sure.

4.5.1 Data from a walking beam furnace

In this part of the comparison the performance of the algorit was evaluated using
trajectory data formed from the steel slab data set colfifoten the walking beam furnace
described in Chapter 3.5. In addition to the static measenésnmade from the steel
slab, the data set contains the location of the slabs in ttraée and 29 other temporal
measurements stored at approximately one-minute inteagihe slabs pass through the
furnace. An important factor affecting the post-roughinifj temperature is the spatio-
temporal trajectory of the slab, which is formed by the edabdistance of the slab from
the entrance of the furnace and the elapsed heating time sfah. In addition to this, the
trajectory can be augmented with extra (temporal) dimerssisuch as the roof and floor
temperatures measured from the locations the slab hasteen i

The data set used in this study consists of 5,532 trajestogieorded from steel slabs
between the years 1999 and 2003. Each trajectory contaiaverage 81 values, and
the heating times vary from 7,283 to 53,390 seconds (frgrhrs to~14 hrs). These
values are observed at approximately one-minute interaalstated earlier, and it is not
unusual that occasional values are missing. These conslitiere the impetus for the
development of the algorithm presented. The trajectoresirio be scanned for finding
the closest matching pair of points in them (because majgbéirs do not occur in par-
allel time). Furthermore, the varying lengths of trajei@ermake the intuitive algorithm
unusable, mostly because of the propeitirajc,traje) # d(traje, trajc) when using it.

Three different scenarios were used to evaluate the peafuzenof the algorithm de-
veloped in this study compared to the intuitive algorithnheTdata set used in the first
scenario contains the type of trajectories presented iar€ig5, where all the measure-
ment dimensions are increasing. The observed dimensiersl@sed time and elapsed
distance, and both are thus increasing. The second sceefieicts the properties of Fig-
ure 26, where the first dimension is elapsed time (increase@surement) and the second
dimension is the temperature of the roof measured abovdahaseach location the slab
has been in (measurement varying according to time). Thd gtienario presents the
performance of the algorithm when the first dimension iséasing and the number of
varying dimensions increases to four (roof temperaturer flemperature, liquid gas flow,
and coke gas flow, with values observed with respect to time).

Data from 100 trajectories were used as a test set to quengalesimilar trajectories
from the training set (collection of stored trajectorie3he training set was limited to
trajectories from slabs that were not in the furnace at theesame as the query trajectory.
This was done to make the experiment a little more realisifice in a real usage scenario
the data from an on-going measurement would be comparecettrajectories in the
history sink (finished observations). Therefore, the trjrset was a bit different for
most slabs, with the size varying between 5,457 and 5,508 slafter calculating the
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Fig. 28 A comparison of the performance of the algorithm using measurema data from a
steel mill.1 = Data with two dimensions, both increasing. 2 = Data withwo dimensions, the
first increasing. 3 = Data with five dimensions, the first increasing.

similarity between the query slab and the slabs in the mgisiet, the average number
of calculations needed to compare the query slab to a sldieitraining set was stored.
Finally, the reported performance metric for each sceriatioe average number of these
averages.

Figure 28 presents a bar chart where the results of the cisopaare grouped using
the different scenarios as labels. Each scenario contaimbars. The one on the left
displays the number of calculations needed by the develafggtithm, and the one on
the right shows the corresponding number for the intuitigedthm. In addition to this,
the bar on the right contains a number showing how many timlées it is than the left
bar. It should also be noted that if the intuitive algorithrererused to apply the two-pass
strategy (making it more compatible with the requiremeritsetric space), the number
of calculations needed would double.

The algorithm developed was expected to outperform théivelalgorithm under the
first scenario where all, albeit only two, dimensions aregasing. This was indeed true,
as shown by a comparison of the first two bars of Figure 28.ok #57 calculations on
average to define the similarity between the two trajecsoniging the algorithm devel-
oped in this study and 6,750 calculations using the intiiilgorithm. When the other
dimension was allowed to vary freely over time (bars lab@lgdt took 4,281 calculations
to define the similarity using the algorithm developed irs tsiudy and 6,750 using the
intuitive algorithm, which is still a significant increaseperformance. Finally, when the
number of freely varying dimensions was increased to foargllabeled 3), almost the
same number of calculations was needed (6,614 vs. 6,7503%.iSbecause the larger
number of dimensions increases the radius in which the ithgoisearches for the closest
point.
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4.5.2 Synthetic data set

The trajectories used in the previous section containedvarage of 81 measurement
points. To be able to see how the algorithm performs undsfingucircumstances, the
performance was studied using synthetically generatea fdamed by subsets of data
with trajectories of different lengths.

The generated data consists of ten subsets of trajecteaels consisting of 30 trajecto-
ries of a certain length. The measurement points of eadttajy contain two increasing
dimensions (location and elapsed time) and four varyingedisions. Data from a trajec-
tory were generated until the length limit of the trajeatsrin the respective subset was
reached (10, 25, 50, 100, 200, 250, 500, 1,000, 2,000 or 4¢@@fions). During each
iteration of the data set generation, the location was as@d with a probability of 0.80
and a uniformly generated random value between 0 and 2,d@®elBpsed time was in-
creased with a uniformly generated value between 1 and @Dthexvarying dimensions
were assigned uniformly generated double values betwead Q&

Three scenarios similar to those of the previous subseet&ne studied. The first
was applied to a subset of data consisting of two increasmemsions. The second was
applied to a subset of data containing elapsed time and agagadimension. Finally,
the third one was applied to the elapsed time and four vamjimgnsions. Each scenario
was applied to data from the ten trajectory subsets. Furtbes, the algorithms were
tested in each subset with the leave-one-out method, whedmmthat each trajectory
in turn was used as prediction data and the rest as the tgailasita set. The number of
calculations needed for acquiring the similarity measwvben two trajectories within
each data set was recorded for each pair of trajectorie®iregpective data set, and the
average of this value was used as the measure of performance.

The results of the comparison are presented in Figure 2%eTiesults illustrate how
the lengths of the trajectories affect the number of catearta needed. The horizontal
axis shows the number of points in the trajectories in eath skt, and the vertical axis
shows the logarithm of the average number of the point-iotpdistance calculations
needed for calculating the similarity between two trajeeta The curve formed by the
first scenario is marked with an asterisk, the curve of therséavith squares and the
curve of the third with triangles. In comparison to this, fiegformance of the intuitive
algorithm is plotted using circles. The algorithm develbpe this study again clearly
outperforms the intuitive algorithm in a situation whereatdimensions are increasing
(the curve marked with asterisks vs. the curve marked wittles) as was expected,
because the complexity of the algorithm is linear in thisecdhe performance under the
second scenario is also clearly better with all trajectasyeshces. The performance under
the third scenario is comparable to the intuitive algoritipruntil trajectory lengths of less
than 100 measurement points, but after that, a slight bdgmtréormance is evident. As
an example of the precise number of calculations, when toéiire algorithm is applied
to the longest trajectories used in this study (4,000 locad, 16 million calculations are
needed, whereas the algorithms developed in this studyireeg,898, 1,619,000 and
6,875,000 calculations (respective to the data set).
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Fig. 29. A comparison of the performance of the algorithm using generateddata. Curve
marked with asterisk= two increasing dimensionssquare= one increasing and one varying
dimension,triangle = one increasing and four varying dimensionsgircle = intuitive algorithm.

4.5.3 Summary of the performance results

Based on the results of these two performance tests, théusame can be drawn that the
algorithm developed in this study is computationally masthle in situations in which all
of the dimensions are increasing, such as spatio-temgajattories, where the spatial
location can be measured as a distance from the starting. ptiimlso performs well
in situations where the data contains only a few varying disiens. As the number of
varying dimensions grows, the performance becomes morpa@hle with the intuitive
algorithm. However, even if the number of freely-varyingnéinsions were increased
to infinity, the number of calculations needed would nevereex the limit, which is
twice the number of calculations needed using the intuiig®rithm. This is because
the search radius of the algorithm cannot expand beyondrdteafid last points in the
candidate trajectory (which is the search radius of thetimeualgorithm), and the distance
is calculated from the query trajectory to the candidatgttary by using the two-pass
strategy. Although the computational performance woulditvélar to that of the intuitive
algorithm, the usability of the algorithm developed in thigdy is superior to that of the
intuitive algorithm because of the important propertidsilitlls (Section 4.3).

4.6 Related work

Many recent developments have been made in the field of toajesimilarity measure-
ment. The research can be divided into two distinct branabes of which focuses on
advancing indexing methods and the other on developingadstfor measuring similar-
ity between two trajectories, as in this work. Moreoversinbt unusual that work from
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both branches is reported in the same paper. Some of thet goeies that present the
current status of the field are reported here.

Similarity measures and techniques for measuring sinyl@etween two trajectories
have been developed for various purposes. kNN-type quibdéseturn thex most similar
trajectories from a set of trajectories have been reported, for example, in Yanagisaw
et al. (2003). Methods used for searching trajectories similahiape (after shifting and
transforming operations) are called "minimum distanceircle methods. A "bounded
similarity" method is reported in Goldiet al. (2004). It defines the trajectoriés js and
trajq to be boundedly similar if a trajectotyajy can be formed frontrajs, which is
within the distance from trajq. "Time warping" similarity measures allow trajectories
to accelerate and decelerate along the time dimension. ddeebehind the method is
to extend the trajectories with repeating elements and tberalculate the Euclidean
distance for these transformed trajectories (Berndt &f@iif 1996). Techniques that
develop similarity measures based on the longest commaegubnces found in a pair
of trajectories are presented in Bollobétsal. (2001) and Vlachost al. (2003), among
others. In this approach the distance between two trajest® based on the length of
subsequences having the most measurement points apptelyisianilar. Bollobast al.
(2001) also present complexity estimates of the many alyos presented in the work.
The version that returns exact similarity can be compute@(im?)-time, an approximate
algorithm inO(n?)-time and an approximate algorithm based on randomizati@(i).
The authors also note that even though the randomized wedodithe technique does
not give exact values of similarity, the approximations ease to the correct one and
the performance is far better than with the exact versiomalli, another approach to the
measurement of trajectory similarity is to first apply tfamsations, reducing the number
of data points needed for presenting the trajectory, and thepply a similarity search
to the compressed presentation. One popular approach reserg the trajectory as a
limited set of its Fourier co-efficients Rafiei & Mendelzord(D).

Methods utilizing different approaches for similarity ahéfion can be useful in appli-
cation areas where numeric data cannot be gathered. Anaagbpdeveloped for process-
ing genomic data sequences is reported in Muthukrishnanh8n8kp (2002). It uses the
number of edit operations needed to transform one genomairdther as the similarity
measure. A method based on presenting time sequences adarmfrintervals instead
of trajectories of measurement points is presented in Yi & R004). The method is
especially useful in situations where the exact time of meament has not been deter-
mined.

When searching for the closest matching trajectory in a ctidla of trajectories, it
may be computationally expensive to iterate through altithjectories stored. Therefore,
indexing schemes that guarantee that the closest matehjegtory is in a smaller subset
of trajectories with a certain probability have been depeth A fast time sequence in-
dexing for arbitraryL, norms is presented in Yi & Faloutsos (2000). Using this metho
it is possible to build a one-dimensional index that suppsimilarity queries using any
of the L point-to-point distance measures. The work is based ondimstaging the
trajectory withins segments of equal length and then building the index basdtese
averages. Indexing methods for minimum distance queriepeasented in Leet al.
(2004), including an indexing scheme that does not requéréoal shifting of trajecto-
ries. An efficient indexing method for situations where $amiy is measured using the
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time warping measure is presented in Ketral. (2004).

Algorithms developing the efficiency of the fundamentabaithm (referred to here as
the "intuitive algorithm", see the pseudo code in Algorithrfor details) for calculating
the similarity between two trajectories were not found ialiterature. However, it should
be noted in the literature that the complexity of the intgitalgorithm isO(n?), and that
this is a major computational issue when defining the exadtagiity between trajectories
Yanagisaweet al. (2003), Meretnia & de By (2002). The results presented is work
bring the computational efficiency of the fundamental atpon to a completely new level
and are also suitable for boosting many of the above-mesdiaigorithms, as long as the
algorithms iterate through an increasing measurementrdiioe.

4.7 Discussion

This chapter started by introducing the logic behind ngvehd similarity detection in
general. After that, an improved algorithm for calculatthg level of similarity between
trajectory data was presented. Both the computationalexifig and the usability of the
algorithm were evaluated in comparison to the currentlydUsetuitive algorithm". It
was determined that, depending on the usage scenario,ifitational efficiency of the
algorithm developed in this study varies from a significampiovement up to twice that
of the intuitive version, depending on the kind of data it ppléed to. The usability of
the algorithm developed in this study was discovered to persor to the currently used
version.

The similarity measurement technology presented can ke insthe history sink of
Smart Archive for defining the level of novelty of observato For example, the compo-
nent enables the accumulation of representative datalhietbistory sink without storing
redundant data. This information can be taken into use infergning confidence esti-
mates for classification results - when an observation Igagiosely matching observa-
tions in the training data set of the model is classified, noorgfidence can be given for
the classification accuracy and vice versa.

The core technology of the history sink is based on the dlyorideveloped in this
study for similarity detection of trajectory data. To jiigtihe use of the algorithm pre-
sented here, it was observed that often, in practice, tajes do not contain naturally
matching pairs of points. Therefore the trajectories nedmktscanned for identifying the
closest matching points in them. Furthermore, trajecsooféen contain a measurement
dimension that is increasing, as for example temporaldtajees. The algorithm devel-
oped in this study utilized this property and reduced the bemof calculations needed
for calculating the similarity measure by orders of magiétat best and, in the worst
case, by two times when compared to the current alterndtieeintuitive algorithm. In
the empirical performance experimentation the algoritiewetbped here never performed
more poorly than the intuitive version. The algorithm isexdplly suitable for the his-
tory component because it can process trajectory data dfiady especially the kind of
trajectories observed in many real world applicationst ithaapplications that produce
trajectories with varying observation intervals or tragees of varying lengths. The al-
gorithm can, of course, also be applied in cases where tlaecdasist of matching pairs
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of points or only individual measurement points.

In addition to this, this work analyzed the usability of thmigarity measurement al-
gorithms. It was discovered that the logic of the intuitivgosithm incorporates serious
flaws and that it does not fulfill three out of four conditioret for metric spaces. Why
should the distance metric fulfill the conditions of a mespace? That is a good question,
one for which it is difficult to find an answer in the literatufeart of the reason might be
that the distance should be unambiguous. That is, the distaeasured using the metric
should not differ significantly from the distance observgdte human eye. For example,
it is natural to think that the distancdga, b) andd(b,a) should be equal. This leads to a
guestion resembling the question "how similar must an itentobbe similar? " That is,
how well must a distance metric fulfill the conditions set bg tlefinition of metric space
to be of practical use? It is difficult to answer, but it is stafsay that as well as possible.
The algorithm presented in this thesis fulfills the condiionuch better than the intuitive
version of the algorithm and corrects the flaws in the udshifi the intuitive algorithm.
The properties of the intuitive algorithm are so far from toaditions that it was easy
to observe how strongly it is also reflected in the usabilitthe algorithm. On the other
hand, the algorithm developed in this study almost fulflils tonditions. Therefore, itis
up to the practitioner to decide if the gap is small enougthfer hers application. But it
is certainly safe to say that the algorithm developed hengoiee usable than the intuitive
algorithm currently used.

Future research topics include developing and adaptinexind schemes for the his-
tory component and applying it in the applications built op bf Smart Archive. The
currently developed algorithm can be applied for finding inast similar data from the
history data, but limiting the set of search candidatesgiaimindexing technique would
result in time savings.



5 Conclusions

5.1 Discussion

Data mining and data mining application development aréleinging research areas. The
methods can be applied to benefit practically all kinds ofiappions creating measurable
information. Part of the challenge is due to this diversitjversity not only in the field of
applications, but also within the discipline itself. Dataing incorporates expertise from
many different fields and the ability to create sophistiddd® applications, especially as
stand-alone installations, requires advanced knowlefigeaay of these fields. The per-
fect data miner should have expertise in statistics andenadltics (data transformations),
information processing (data storage and processingyaid engineering (implement-
ing and designing applications) and in work sciences (mamagt and distribution of the
DM tasks). Furthermore, in order to be able to create a DMieajgbn one should have
vision and expertise in organizing and allocating theseuress and skills into a concept
that can be used for moving from data to knowledge.

This work tried to respond this challenge by presenting admpn approach for cre-
ating and implementing DM applications. It discussed ar@ppsed solutions for two
fundamental issues of data mining, the creation of a workiMysolution from a set of
measurement data and the implementation of it as a stané-aloplication. Using the
presented approach, or concept, it is possible to creatiyanfarking application from
the stage when measurement data have been observed. Tleptcisnespecially useful
for creating applications that are working on continuougigerved measurements.

This thesis presented contribution in all the subjectseiatied. To summarize this
shortly, the main contribution of the first subject (pregenin Chapter 2) was the results
of the study focusing on the phase in which a working solutitwra given set of measure-
ment data is sought. An efficient DM process suitable for thigpose was introduced
and the efficiency was demonstrated with case studies. Threaoatribution of the sec-
ond subject (presented in Chapter 3) was the results of § predenting a methodology
for implementing the DM solution as an independent appbecat The thesis reported
the developed application framework (Smart Archive) anésecstudy in which a DM
application was created using it. The main contributionhaf third subject (presented
in Chapter 4) was an efficient algorithm developed for caltng the level of similarity
between two trajectories. The algorithm was developed tighhistory component of
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Smart Archive in mind, but it can be used with any applicatidmmore detailed presen-
tation of the contribution and a discussion on the subjeatsprising this work can be
found from the respective chapters of this thesis.

However, the most important contribution of this thesisas eonsidered to be within
any of the particular subjects it advances, although thasgributions are important,
but the work as a whole. This thesis has been an effort toe@eéabp-down approach
for building DM applications. Following the guidelines giv in this work, one should
be able to get insight into building deployable, continupuperating DM applications.
Adopting the approach to DM application development shdiudd of all ensure that the
applier can understand the different phases of developateng the path from the point
when data have been acquired to the point at which a DM apiglicés ready for de-
ployment. It is argued that this concept has not been prelyiqaresented anywhere else
with the level of detail presented in this work. Secondlysdzhon the results presented
in this thesis the applier should understand how this pathbeamade more efficient.
It is argued that employing the research results of this wtitk applier can make the
application development process significantly more efficthan using for example an
arbitrary DM process and building the application from sdna Finally, based on the
comparisons and case studies presented, the applier simmdgdstand what some of the
pitfalls of creating DM applications are and avoid steppimg them. For example, one
should try to employ some form of methodicalness when sgéekina solution that best
fits the DM problem at hand. After reading this thesis one agragleeper understanding
of what the important qualities affecting the selection leé method for managing the
DM process are. Another important lesson that can be leasrted use of an application
framework when implementing the solution as an independpplication. By studying
the application framework proposed here, one should betaldet ideas for the appli-
cation implementation phase. Finally, the presented ambrshould give novel ideas on
the complete process of moving from a set of measurementalatéinished DM appli-
cation. Hopefully the results of this thesis can strengthervision of the applier on how
to manage this whole ensemble and give more confidence itirige®w applications.

Both of the applications in this thesis were from the mani@aeg industry, the first
one concerned joining metal objects together (resistapoewelding) and the second
one producing the metal objects (hot rolling of steel). Tppli@ations were not chosen
purposefully, but it was determined that the approach dgesl in this study suits the
qualities of these applications very well. Both of them rieggithe application of a rather
sophisticated knowledge extraction process and both tgperan environment in which
new observations are produced continuously. A lot of work spent on studying both
applications before the top-down approach for creating Dpyliaations was formed.
Therefore, itis interesting to note that the developmethefpproach was not conducted
in a top-down manner, but rather in a bottom-up manner, whtiereapplications gave
inspiration to the formation of the methodology. In this sethe whole work has been
blessed - if another set of applications had been studiedpproach this good might not
have emerged. Nevertheless, the approach is applicattpéndent and developed for
a class of applications having the most demanding qualitresefore there is no reason
why it would not be applicable in most of the applicationsha tlata mining field.

In this thesis the DM solution for the resistance spot wejdjnality control project
was acquired using the DM process developed here and theappt predicting the
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steel slab temperatures was implemented using the applidaamework (SA) also de-
veloped in this study. Neither of these were completely bgper using the presented
concept. It would have been interesting to develop a comglpplication using the con-
cept developed here. There is no reason, other than schedwlhy the concept could
not have been applied to the creation of both of the apptinatirom the beginning. The
steel temperature project had proceeded to the implenamiattase when the DM pro-
cess was created. In the spot welding project it was not sledélintelligent Systems
Group to implement the solution and in addition to this, SMAachive was available only
after the project was completed. It is also questionabléfauld have been possible
to present the implementation of two applications from thgibning within one thesis
without changing the perspective of the thesis signifigarti this work the reporting of
the results of these two applications is closely tied to #aetbpment of the more abstract
methods (the DM process and the application framework)alfinapplying the concept
to the creation of a solution for one application area ancherirnplementation stage of
another showed the applicability of the results for two safgaapplications.

In conclusion, so far there have existed high-level detiorip of what the DM process
is and what is included in it. On the one hand, a lot of desiomgtand developments
are available for DM algorithms on the implementation leweit these descriptions may
be quite separate from the bigger picture. It may have beeh thadetermine a good
approach for creating a complete DM application on the hafdise existing knowledge.
This work had the ambitious goal of presenting a concepttibattogether the higher-
level view of the DM process and the implementation-leveMvi The use of the case
studies demonstrated that the developed concept can hemffiacused for this task.

5.2 Summary

The first chapter of this thesis introduced data mining (DId)aafield of research in
general and presented some interesting applicationsrhateaigned for processing con-
tinuously measured observations. The presentation ofelecontribution of this thesis
started in the second chapter, which presented the semipkprocess developed in
this study for creating a DM solution. The treatment of thgid¢astarted by introducing
the reference architecture existing behind most DM sahstid\fter that, a formalism for
presenting the DM chain was developed in order to study tterantions between the
functions that make up a DM process. The closed and open agipee for implementing
the DM chain were presented, which led to the question of kdrehigher-order cate-
gorizations of functions could be used in managing the augons. The natural answer
to this question was to categorize the functions accordirtfpe reference architecture -
this categorization was then named the semi-open DM prodémswork contrasted the
semi-open process to the closed and open ones and dedutttetbpen and semi-open
approaches are related to each other more than the closethuirtbe DM process be-
comes better managed with the semi-open one. After thateastady of a DM project in
which solutions for the quality control of resistance speiding joints were developed
was presented. The case study presented a detailed coompafishe pre-processing
phase, where a software system built for the applicationwsas for pre-processing the
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welding signals using the closed- and semi-open approadhes results of the feature
extraction and modeling phase, which were acquired usiagthsented process, were
also presented. It was concluded that the approach dewkingbe study is well-suited
for projects where the solution needs to be developed byiaiia a comprehensive set
of methods. Furthermore, the approach supports the distibof the DM chain espe-
cially well, which enables e.g. easier distribution of r@sgibilities among a group of
experts.

The topic of the third chapter continued logically from wééhe second chapter had
ended by presenting an architecture and framework, caleariSArchive, designed for
implementing the solution that was discovered. The archite, motivated by a short
functional requirements analysis, and operation prieogflSmart Archive were reported
on. The architecture contained the components found frareference architecture
and a component for storing and processing history infaomdtom the observed phe-
nomena. Also, the principles of the data structure neededihfplementing SA were
elaborated. After that, an application that processes aatyzes continuously observed
measurements from steel slabs heated in a walking beamckiaral predicts their exit
temperatures was presented. The application used a feeattbtype neural network
for predicting the temperatures. The selection of the imgimethod of the network, the
structure and parameters were explained and after tha¢shéts were analyzed. The pre-
diction accuracy of the model was considered very good fastrabthe slabs and overall
good enough for starting implementation on a productioe. lidfter that, the implemen-
tation of the solution using SA was contrasted to a previoydementation, where the
software had been implemented from scratch. The framewased implementation was
determined to have obvious advantages over the tediousfimplementing the solution
from scratch.

Chapter 4 focused on presenting an improved algorithm fleutating similarities be-
tween two measurement trajectories. The subject was nbetivay the requirements of
the history component of SA, which needs to detect the IeMEleosimilarity of observa-
tions for data storage and for retrieving the most similajetctories from the storage. The
algorithm presented was suitable for data that containsast lone increasing measure-
ment dimension. The performance of the algorithm provecetbriear in the case where
all measurement dimensions are increasing. The versioheoélgorithm also capable
of handling varying measurement dimensions was evaluatgarieally and the results
indicated that the computational performance was gemndratter than that of the version
currently used and, at its worse, was the same as with thergurersion. The usability
of the algorithm was superior to the alternative, mostlyause the similarity calculated
with the algorithm previously used did not fulfill the reqeiinents of a metric space as
well as the version developed in this work.
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