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Abstract
Successful machine learning applications have been developed in almost all fields where measurable data exists. For example, computers can learn the best treatment for a particular disease from medical records and self-customized programs can recommend different products
for customers.
In this thesis, statistical and machine learning methods have been applied in both time
series and static multivariate data sets, which have unknown and potentially useful information. Data can be understood better by developing new methods because a large number
of data samples and variables makes it difficult to interpret the research materials. The
research material for the development of anomaly detection methods and presenting the results consisted of process signal data from Olkiluoto nuclear power plant, the results of the
Parliamentary elections and the answers of the voting advice application, and aggregated car
inspection data.
The process state changes can be detected by the procedures and the visualization techniques developed in this research. These potential anomalies should be detected as soon as
possible and in an early stage using the signal measurements. Challenges related to stochastic processes have been solved using recursive models and neural networks. The results
related to the static multivariate data demonstrate that the combination of principal component analysis and probability distributions makes it possible to estimate missing values and
understand the dependencies of the observations. A significantly larger number of missing
data can be estimated by the recommender system and thus the resulting complete data can
be explored by other machine learning methods e.g. by a self-organizing map. These methods
make it possible to analyze the missing value dependencies of the multivariate data sets and
thus improve the detection of anomaly observations.
Applying the machine learning methods discussed in this thesis; dramatically increasing
information can be utilized more effectively. Data can be modified into an understandable
form, detect existing anomalies in it and thus used as decision support regardless of the
research area.
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and therefore I would like to thank Professor Erkki Oja and my supervisor, Professor
Olli Simula for his positive support and effort to make everything run smoothly and
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like to thank my instructors, Docent Miki Sirola and D.Sc. (Tech.) Mika Sulkava.
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I am thankful to the pre-examiners of my thesis, Professor Risto Ritala and Associate Professor Volodymyr O. Turchenko for providing their invaluable comments to
improve the thesis. The staff in the ICS department is great, especially Leila Koivisto,
Tarja Pihamaa, Minna Kauppila and Markku Ranta. Thanks for arranging my conference trips, little Christmas parties and other practical issues during these years.
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pleasure to learn life with you, my supervising woman. Veikko and Vappu, it has
been super fun to come home to hang out and play with you after productive working
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Allgemeiner Deutscher Automobil-Club
(automobile club in Germany)
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artiﬁcial intelligence
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Adaptive Informatics Research Centre
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adaptive normalization

API

application programming interface
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Bollinger bands
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best-matching unit
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boiling water reactor
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collaborative ﬁltering
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control limit

CRISP-DM

Cross Industry Standard Process for Data Mining
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computer science
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data base
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data management tool

ECU

engine control unit

EDA

exploratory data analysis
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Elman recurrent neural network
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European pressurized reactor

FDD

fault detection and diagnosis
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feed-forward network

GCL

generated control limits

GPS

global positioning system

HCI

human-computer interface
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Helsinki Region Infoshare

HS

Helsingin Sanomat newspaper

HTML

hypertext markup language
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International Atomic Energy Agency
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independent component analysis
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Information and Computer Science
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Christian Democrats

KDD

knowledge discovery in databases
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machine learning
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moving standard deviation

MSE

mean squared error
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neural network

NPP

nuclear power plant

OBD

on-board diagnostics

OLi

i-reactor at Olkiluoto
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personal computer
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principal component analysis

PLS

partial least squares
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True Finns Party (the Finns Party)

PWR

pressurized water reactor

RKP

Swedish People’s Party in Finland

RLS

recursive least squares

RMSE

root mean squared error

RNN

recurrent neural network

RPM

revolutions per minute

RR

rejection reason

SDP

Finnish Social Democratic Party

SNA

social network analysis
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self-organizing map
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statistical process control
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TE

topographic error

TEKES

Finnish Funding Agency for Technology and Innovation

TES

Finnish Foundation for Technology Promotion

TÜV

Technischer Überwachungsverein
(Technical Inspection Association)

TVO

Teollisuuden Voima Oy
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updating factor

UCL

upper control limit

VAA

voting advice application

VIX

market volatility index

VFF

variable forgetting factor
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Symbols and Operators

X

data in a matrix form

xi,j

an observation i of a variable j

n

the number of measurements in a data set

m

the number of variables in a data set

Xpoll

an output of a questionnaire

Ck
→
−
1

a binary matrix of the rejection reasons (RRs) published in year k
a vector of ones

μRR

a mean vector of RRs

Y

a mean centered matrix of RRs (all available data)

Y∗

a combination of matrices Ck

Mi

a binary matrix of the missing values in year k

R

the binary matrix of the missing values (all available information)

nRR

the number of rejection reasons

nc

the number of cars

x

a random variable

μ

an expected value of x

σ

a standard deviation of x

s

a sample standard deviation of x

p(x | μ, σ)

a conditional probability; the Gaussian distribution

[· ]T

transpose

Σ

a covariance matrix

det(· )
Σ

−1

determinant
an inverse of covariance matrix

pm (x | μ, Σ)

Gaussian distribution (m-dimensional)

xi

Σ

an observation i
a sample covariance matrix

Σi

a sum of sequence of terms

Πj

a product of a sequence of terms j
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zi

normalized value of the observation xi

t

current time step

xt

a data signal value in time step t

xt

a moving average of certain signal in time step t

xt,i

a moving average of process signal i in time step t

(r)
xt

recursively smoothed data signal value in time step t

λf

a forgetting factor

xi

data vector i in a matrix X

M

a lower dimension of the multivariate data

xt,i

a data signal i value in time step t

λB

unknown Box-Cox transformation parameter

xi

a data vector value i

Nr

a frame size for the temporal range scaling

NM A

a frame size for the moving average

Nd

a frame size for the difference calculation

Ns

a frame size for the MSDV and the alarm frequency parameter ct,i

f

data set frequency

minDB (xi )

the minimum value for a process signal i in DMT database

maxDB (xi )

the maximum value for a process signal i in DMT database

x∗i

a locally scaled signal vector i

x∗∗
i

a globally scaled signal vector i

τ

time lag

γ∗

a cross-covariance vector

σx i

standard deviation of process signal i

γx∗i ,xj (τ )

a cross correlation function

dt,i

a difference value of signal i in time step t

|xt,i |

an absolute value of signal i value in time step t

SX

a sample covariance matrix (for normalized data correlation matrix)

V

an eigenvector matrix (eigenvectors in columns)

Λ

the corresponding eigenvalues for the eigenvectors

Θ

a sorted matrix of the eigenvectors

Z

a score matrix

β

a parameter vector in supervised learning

yk

an output value of neuron k

bk

a bias term

υk

an activation potential

ϕf

an activation function

wk,i

a neuron k synaptic weight i
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as

a slope term

Jk

cost function for k-means

rij

indicator for k-means

k

the number of clusters in k-means

μj

a cluster centroid vector j

c(t)

a best-matching unit

arg min

the argument of the minimum

||· ||

Euclidean distance

cj (ts )

the best-matching unit (BMU) in training step ts

α(ts )

learning rate in training step ts

hc(ts ),i (ts )

a neighborhood function in training step ts

mi (ts )

a prototype vector in training step ts

ŷi

predicted or modeled output value

êt

an estimation error of the model in time step t

d2W

a weighted distance measurement

wk

a weight parameter in the distance measurement

x1 · x2

a dot product of vectors x1 ja x2

sim(x1 , x2 )

a cosine similarity of vectors x1 ja x2

J(β)

a cost function (regression)

ϕt

a regression variable vector in time step t

εt

noise at time step t

m∗

the number of interpretative variables

βt

an adaptive coefﬁcient vector in the WRLS method in time step t

γt

an updating vector in the WRLS method

yt∗

a real measurement of the target value in time step t

dy,t

a dependent variable i = y in time step t

PW,t

a conﬁdence matrix (m∗ × m∗ )

λt

time dependent forgetting factor

λmin

a constant minimum value for λt

ε+

a very small and positive number

αW RLS

a weight for varying forgetting factor

ItL

a leakage index value in time step t

sgn

a sign function

τtL

the length of biased estimates in time step t

CLt,i

a control limit for signal i in time step t

ct,i

a parameter-based on alarm frequencies

d∗

a parameter for an alarm balance or alarm sum

dDB

a parameter for an alarm balance or alarm sum
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dM M

a parameter for an alarm balance or alarm sum

μt,i

a value of moving average for signal i in time step t

#LCLt,i

the number of LCL exceedances for signal i in time step t

#UCLt,i

the number of UCL exceedances for signal i in time step t

(s)
#At,i
(s)
#At,all
A±
t,area

the number of alarms of the signal i in certain period
the number of alarms of all signals in certain period
an alarm balance (−) or alarm sum (+) in time step t

Narea

the number of measured signals in certain area

NOL

the number of stored data sets

Qs

a question s in VAA

nq

the number of questions in VAA

k∗

the number of all answer possibilities in VAA

N s∗

a weight based on a priori information of the question s

a

a weight factor a for question importance in VAA

b

a weight factor b for question importance in VAA

Wb

a weight matrix for VAA

Xb

a weighted candidate answer matrix



element-wise product

Ri2

an explanation ratio of component i

cy

a candidate y in VAA

pz

a party z in VAA

s∗i
s∗y,i
σi2

a score vector for component i

gs

the length of the discrete value grid axis

bcy (i, j)

a discrete probability distribution value in the coordinate (i, j) for y

Bc∗y

the value grid distribution for candidate y with votes vy

Bp z

a value of distribution for party z

A

an amplitude for value distributions

nc

the number of candidates in the elections

arg max

the argument of the maximum

r(i, j)

a rendering label in the value grid position (i, j)

o(i, j)


an opacity in the value grid position (i, j)

fk

the total campaign funding for candidate k

nf und

the number of voluntary funding announcements

Bf

estimated distribution of the cost of one vote in the grid

v

the number of votes in the Parliamentary Elections

18

a score value for candidate y in component i
a constant variance for component i

intersection

Symbols and Operators



union

Vp z

a volume of party z distribution

Z(i, j)

an edge weight estimate between a car i and rejection reason j

year
ri,j

the rejection rate for car i and RR j in certain year

λG

a forgetting factor in a graph model

J

a cost function (collaborative ﬁltering)

α

learning rate for CF

x(i)

a feature vector for certain RR

θ

(j)

a feature vector for car j

nf

the number of features in CF algorithm

P

an output of CF algorithm

Φ

a matrix of the linear scaling parameters

S

a conditional RR probability matrix

F

input matrix of SOM

d

vector of ten thousands kilometers driven

r

vector of rejection rates

a

vector of car ages in years

ai

a car i age

λ

a regularization parameter
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1. Introduction

In past decades, the growth in modeling and methodology has been rapid in the machine learning (ML) community. The raw data production has been increasing in
the past few years [1, 2] and it is possible to make systems learn automatically from
data streams. The amount of measured information has exploded after the rapid technology development and decreasing cost to store it. In the 1980s, a problem for
researchers was lack of data, now two main limiting resources are time and memory.
In many ﬁelds, researchers have awoken to the fact that it is easier to get data in than
out. [3] One fast growing ﬁeld is the mobile gaming industry [4] where the player
actions are stored [5, 6]. A general term for the massive amount of data being collected from different sources is called as big data1 . It has caused the need for new
technologies for organizing unstructured data [7, 8]. The need for systems which can
manage real–time analysis and learn automatically from stored data is obvious.
In business, proﬁts are earned by providing services and satisfying customers. If
the large information resources are utilized more efﬁciently, better ﬁnancial and social value can be achieved. [9] Another interesting data source is the open data without strict copyright licenses. Hidden knowledge can be found producing value for
companies and improving the openness of the Government. [7, 10, 11, 12, 13, 14]
It is nearly impossible to make conclusions or decisions based on raw multivariate
data generated by a complex system [15]. Knowledge can be extracted and explored
almost any process by different dimensionality reduction and visualization techniques
tools. More and more researchers are needed to convert data into valuable information. This has increased the demand of data scientists2 who can implement automated
learning systems and predict values for future data streams. Companies are seeking
out for these specialists with deep analytical skills for mining their data into a valuable form, but the lack of time is the bottleneck to mine enormous mountains of
data [16]. Clicks on the web [17], medical records [2, 18], handwriting recogni1 The big data have been described in terms of “three Vs”: volume, velocity, and variety.
2 See an exponential growth of the search term data scientist at Google trend service:

http://www.google.com/trends/explore#q=data%20scientist, retrieved at November, 2014.
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tion [19], autonomous drones [20] and intelligent vehicles [21] e.g. detection of the
driver drowsiness [22, 23] are just some of the ﬁelds and applications where ML can
be used.
An observation which appears to be anomalous compared to the rest of the data
can be detected, e.g. by the distance measure or cluster based approaches [24, 25].
Detecting anomalous data values can be an important issue, because the anomalies
may affect modeling undesirably, i.e. better models can be created by ignoring these
instances. On the other hand, the anomalies themselves can be of interest. [25, 26]
In this thesis, the term anomaly detection is seen as outlier detection, abnormal process state detection, novelty detection, fault detection, noise detection, and deviation detection. It is applicable in a variety of domains such as protecting credit card
customers, stock markets3 , system health monitoring, event detection in sensor networks, and detecting ecosystem disturbances [28, 29]. For example, an unusual sequence of credit card usage can be detected [30, p.543] or abnormal patterns of the
sensor readings in an industrial process [31]. Improvements in the early detection
of abnormal process states can save both money and nature. The primary economic
beneﬁts in nuclear power plants (NPPs) are the reduction of unplanned downtime and
maintenance expenses. [32] The detection of anomalous measurements is important
and therefore a large number of different methods have been developed. Alternative
anomaly detection methods are still needed, because typically the ground truth in the
analysis of extracted information is missing.
The structure of an anomaly detection procedure depends, e.g. on the measurement
scale (data type), the amount of missing values and if data is classiﬁed as static or
continuous. Therefore in this thesis, the practical experiments are performed in three
different application areas. NPP data provided the possibility to develop temporal
data analysis and abnormal process state detection methods. Two different open data
sources were used for anomaly detection development by exploring extracted information of static multivariate data sets. The voting advice application (VAA) data and
the car inspection data sets are published in qualitative form with missing values.
Some NPP data sets have a high frequency whereas car inspection data is published
only once a year [33] and (Finnish) VAA data even less frequently [34, 35].
The thesis aim is to provide a set of novel and existing data driven methods for
ﬁnding anomalous measurements. It is achieved by combining these methods, using
quantitative features and visualizations. The proposed techniques improve our capabilities to detect anomalies and these can be used independently or beside existing
methods. In addition, the discussed visualization techniques of static multivariate
3 Even seasonal turn-of-the-month effect, e.g. to the investment returns, have been labeled as

anomalies. However, at some point, a continuous pattern becomes the norm [27].
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data provide alternatives for performing actively incisive exploratory data analysis
(EDA) [36]. For example, analysis that deﬁnes possible relationships [37, p.580] and
thus make it possible to deﬁne hypotheses and other assumptions in the speciﬁc application areas. Therefore, a short discussion about the empirical results related to
each application area of this thesis is provided ensuring the understandability of the
examples related to the proposed methods. The limitation and the context in which
the methods under discussion can be implemented are mainly related to the data type
and time dependency.

1.1

Objective and Scope of the Thesis

The objective of the thesis is to perform information extraction experiments both with
static and time dependent multivariate data sets. This thesis provides improvements
for methods related to the data driven and visualization-based anomaly detection. In
general, the results can be used in forthcoming experiments to detect point anomalies;
these are individual instances which can be considered as anomalous with respect to
the rest of data. In addition, contextual anomalies are detected by processing the static
multivariate data sets into new forms, or by using the past measurements of time
series data. Depending the historical measurement values, identical data instances
can be classiﬁed as normal or anomalous4 . [24]
About a half of this thesis examines methods and visualizations for analyzing continuous process data. Data used in this work have already been available for a rather
long time for researchers at Olkiluoto NPP. In addition to them, the Radiation and
Nuclear Safety Authority (STUK) [38, 39] and International Atomic Energy Agency
(IAEA) [32] have interest in the NPP data. In addition of obvious importance of the
NPP safety [40, p.89], available data should be used more for the process development purposes. The crucial reasons for data collection have been legal issues and a
possibility to investigate ofﬂine data after an abnormal state in the NPP [41, 42, 43].
The challenges of the time-variant system have been taken into account using recursive and neural network (NN) models for this particular process. Descriptive variables (features) and trend visualizations for online anomaly detection are developed
in Publication I, Publication II, and Publication III. Individual NN monitoring experiments are performed in Publication IV and Publication VIII discusses self-organizing
maps (SOM) [44, 45] as a process state visualization technique.
Beside the NPP, statistical and machine learning (ML) methods can also be used
in completely different context. The role of political actors and parties has been
4 For example, the temperature of +15 Celsius degrees in Helsinki can be seen as an anoma-

lous, if it is measured in January.

23

Introduction

investigated based on voting advice application (VAA) answers by various statistical
methods, see e.g. [46, 47]. The VAA data can be used for increasing the knowledge
of the political ﬁeld during election campaigns. For this thesis, this data provided an
interesting possibility to develop anomaly detection methods for static multivariate
data set having missing values.
Unsupervised learning algorithms and statistical methods can be used to get an
overall description of a static multivariate data set. In this thesis, an alternative description for parties in the political space is achieved, like in [48, 49, 50] where the
party locations are based on expert analysis. Principal component analysis (PCA) [51,
52, 53] combined with probability distributions gives a good overview of the answers
of the multiple choice questionnaire. More generally, the results can be used to detect
anomalous combinations of the poll responses and thus atypical respondents. In this
application area, the obtained results of this approach could be used in the political
research by estimating the overall answers to the following questions: How do the
candidates, parties, and the Members of the Parliament (MPs) differ? How do the
values and opinions of candidates vary in different electoral districts? Where are the
candidates probably situated in the generated political map who didn’t answer the
VAA?
One relevant issue related to the data analysis is incomplete data sets, e.g. see the
last question in the previous paragraph. Depending on the amount of missing values
and used ML methods, the need for preprocessing varies. For example, there is no
need to ﬁll the missing values by imputation in the preprocessing step, if the ML
algorithm is based on pairwise distances [54]. In this thesis, a missing value problem
is confronted several ways. First, the missing observation vectors i.e. candidates who
didn’t answer the VAA are ignored. Then the probability functions and the possible
VAA answers of the candidates can be estimated using the output of the analysis
and additional data about the candidates, e.g. party and sex, see Publication V. If
the missing values are dominant in the data set, another approach has to be used,
e.g. a recommender system. Traditionally, it is used to suggest new products for
the users in services such as eBay, YouTube, and Netﬂix. [55, 56] In this thesis, it
is used as a missing value imputation method; and for smoothing binary, incomplete
and aggregated car inspection data tables published by A-Katsastus Group [33]. In
practice, the method recommends faults for cars resulting in a large matrix containing
the rough estimates for all RR conditional probabilities.
The graph (network) visualization is used for information representation in many
domains including biological and social network analysis (SNA) [57, 58, 59]. This
thesis uses it in another context for visualizing data with missing values by making
connections between the car classes, which are based on make, model and registra-
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tion year. In addition, the most common rejection reasons (RRs) are connected with
corresponding cars, see Publication VI. In the network analysis, less common RRs
are not taken into account, because this information is not available. However, the
various nodes and connections of the trained network form a coherent picture, which
provides potentially useful information. The quantitative estimates for less common
RR probabilities are achieved when the matrix of rejection rate estimates is used as an
input in the SOM training, see Publication VII. Exploration of component planes by
the developed interactive SOM visualization tool facilitates the detection of anomalous instances. The results of this experiment, a posteriori knowledge, can be used
e.g. for supporting the decision purchasing a used car with some existing a priori
information.
If the author’s studies are observed chronologically, online process monitoring was
dominating the research in the beginning. Recently, the experiments were mainly
allocated to information extraction of static multivariate data sets. Although the experiments were performed in different application areas, the connecting threads are
also present related to the data sets: no obvious outliers exist, there is an intuition that
data is collected but not used efﬁciently, data is not collected by controlled experiments, and the analyzed data set has a large amount of observations and variables.
All methods are data driven and the results are mainly based on a posteriori knowledge. The methods discussed in this thesis can be used in any ﬁeld with similar data
characteristics.
Data related assumptions and limitations are considered in the speciﬁc application
descriptions and data preprocessing. The data sets can be divided roughly into two
categories – data with and without a time dependency. Online processes are analyzed
by the descriptive data driven methods where measurements are analyzed each time
step. There are more possibilities to analyze static multivariate data or stored time series ofﬂine, because all available data can be used. Data transformations and missing
value imputation can be performed more straightforwardly. The computation time of
the used method and decision making in online data analysis is more important and
real challenge in comparison with ofﬂine multivariate data analysis.

1.2

Scientiﬁc Contributions of the Dissertation

The thesis contribution can be divided into online process monitoring method development and contributions speciﬁc to ﬁnding previously unknown information from
static multivariate data sets by nontrivial extraction. Anomaly detection, visualization
and multivariate data are the terms in the thesis title and the connection between the
contributions.
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1. In the monitoring method development category, a data driven analysis procedure for both ofﬂine and online is presented. Publication I introduces the use of
eigenvectors as a variable selection method for the weighted recursive least squares
method (WRLS) [60]. A novel index value called leakage index can be used for
a certain process signal to detect cumulation of biased deviation between real and
estimated values. In Publication II, k-means clustering [61] is used for online process monitoring. First, some temporal process signal features are derived online
and stored to the feature matrix in every time step. This matrix is clustered and
the change of the cluster center points can be monitored in the control room providing a new technique to detect anomalies in the system. In Publication III, new
monitored features are generated based on the information of the variable units and
location of the measurements at the NPP. Operators are able to monitor the number
of lower (LCL) and upper control limit (UCL) exceedances by this feature matrix.
In Publication IV, neural methods are used in NPP environment. The aim was to
compare different NN architectures with real NPP data using the same setup of input variables. A self-organizing map (SOM) [44] method has been used extensively
in the Olkiluoto NPP data analysis [62, 63]. SOM has been applied in monitoring
and modeling of industrial processes, see e.g. [64]. In this thesis, the emphasis is
on the NPP process state monitoring, discussed in Publication VIII. SOM provides
additional perspective for the existing online monitoring and the ofﬂine process
diagnosis. The scientiﬁc contributions vary between the approaches, but together
these have potential beneﬁts. Therefore an overall picture of the methods under
discussion is illustrated by a process chart, which helps the user to implement a
selection or all of the proposed methods.

2. In terms of information extraction, it is shown how to convert qualitative data set
into quantitative information and analyze it by statistical and ML methods. Visual
data mining is used to get understanding about data, e.g. anomalous observations,
without a specialist on a particular ﬁeld. These procedures can be used to make
conclusions of the political ﬁeld in Finland during election campaigns, see Publication V, or compare cars based on their fault patterns, see Publication VII. The
incomplete data is improved by collaborative ﬁltering (CF) [65] and the results can
be explored in the developed interactive SOM visualization tool [66]. These are
state-of-the-art level combinations of known methods for visualizing this type of
data. A network visualization is generated by using published A-Katsastus data
tables (2009–2012) [33]. In this graph, the most common RRs and corresponding
cars are connected. The edge weights between the graph nodes are based on the rejection rate, the order of RR and the year of the published data tables. An interactive
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version of this graph provides visual exploration of the variable dependencies. The
aim of these procedures and interactive visualizations is to provide the exploration
possibilities of extracted information where typically the ground truth is missing.

The real data sets are used as inputs in the proposed methods which are dependent
on parameters and the outputs are mainly visualizations and quantitative values. The
effects of the user-selected parameters are discussed in the experiments of the speciﬁc
application areas in Chapter 4 and Chapter 5. The drawback of parameter-based visualization and anomaly detection is that it is hard to perform the precise comparison
of the methods.
However, the descriptions of the practical experiments demonstrate how to convert raw data into potentially useful information, which can be used automatically
or for supporting decisions with produced visualizations. This conversion also provides dependency analysis between measurements and additional possibility to detect
anomalies from the data. Some of the proposed techniques related to time series data
provide a possibility for detecting anomalies without a separate training phase in the
ofﬂine mode. The main limitation of these methods is the lack of evaluation possibilities, because the ﬁnal decision of the threshold between the normal and anomalous
measurement is left for the end user.

1.3

Structure of the Thesis

The publications of this thesis encompass many topics in the ﬁelds of statistics and
machine learning (ML). The overview is divided into six chapters. After this introduction, the next two chapters provide the basic strategies for discovering information
and a short deﬁnition of the thesis application areas, respectively.
Chapter 2 discusses the whole concept of knowledge discovery. One step in this
process is called data mining (DM) where tools and methods from ﬁelds such as ML
and statistics are used. All extracted and potentially useful information is based on
data, which have to be processed before the DM step. Therefore data types, sources
and preprocessing methods are introduced. Introduction of different ML algorithms
is given and some of typical challenges are discussed. Temporal data has its own
challenges and in the end of Chapter 2, continuous process monitoring and anomaly
detection are considered.
In Chapter 3, different application areas are introduced although most of the methods presented here are applicable in other ﬁelds too. The main emphasis of the thesis
is on descriptive and exploratory methods, but understanding the concept is facilitated using the real examples. This part of the thesis helps the reader to understand
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the importance of the methods in the application areas their implementation. Regardless of the application area, a large number of issues can be solved by data mining
methods presented in this thesis.
Chapter 4 focuses on process monitoring visualizations and neural modeling of
temporal data, and can be seen as one half of the thesis contributions. It is shown
how model variable selection is performed. New process monitoring features for
multivariate time series are designed especially for Olkiluoto NPP. Novel monitoring
methods are called leakage index, unsteadiness, alarm balance and alarm sum which
are mainly based on the descriptive statistics, e.g. by providing simple summaries
of the sample in current time. Process monitoring is improved by modeling signals
by the weighted recursive least square method (WRLS) and neural networks. Selforganizing maps (SOM) can be used both for normal operational and abnormal state
identiﬁcation. The last Section 4.3 provides an illustration of the thesis contributions
for the methods related to the process monitoring.
In Chapter 5, modeling strategies for static multivariate data, and the other half
of the thesis contributions are introduced. Principal component analysis (PCA) and
SOM are used for exploring anomalous instances from the high-dimensional data.
Novel visualizations are created by combining dimensionality reduction and statistical methods. A short overview of an implemented SOM visualization tool is given.
In the last Section 5.4, a brief summary of results is given based on typical challenges
faced during analysis related to static multivariate data sets e.g. missing values.
Finally, Chapter 6 concludes the introductory part of the thesis with the discussion
about the achieved advances in the anomaly detection of time dependent and static
multivariate data. In the printed version seven conference papers and one journal
article are attached after the introductory part.
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Detection

Previously, statisticians worked on rather small data sets with a few hundred data
points and a few parameters which were solved by classical statistics [67]. Information technology and data collection development have increased the amount of data
in all areas from commerce to research – especially after the late 1980s [3, 68]. In
the year 2014, most of the produced data is unstructured and approximately 90% of
current data is generated during the past two years [7]. New techniques and tools are
needed to assist users in extracting useful information from the accumulated volumes
of data [69]. In this chapter, the fundamentals and tools are discussed. Methods are
devised to explore and discover hidden information from stored data sets and online
data feed.
First, some terms are clariﬁed and noted that e.g. data mining (DM) has many
deﬁnitions [70]: DM is a process where the patterns of data sets are discovered. The
main goal is to extract information from a large volume of data and transform it into
understandable form. [30, p.6] DM can be used for reducing entropy and information
extraction, e.g. by determining the variable relations [2]. It makes the sense of data
by extracting potentially useful information in an understandable structure [9]. In this
thesis, DM is an essential step of the knowledge discovery procedure.
Different types of developed data analysis procedures transform raw data to useful
information providing knowledge to the user. These can have various architectures
and different components [9, 71, 72]. One of these process architectures is called
Cross Industry Standard Process for Data Mining (CRISP-DM) [73, 74, 75]. This
model has six process steps: business understanding, data understanding, data preparation, modeling, evaluation and deployment. A knowledge discovery in databases
(KDD) [76, 77] is another architecture and it is partly followed in this thesis. It is
deﬁned as ”the nontrivial extraction of implicit, previously unknown, and potentially
useful information from data.” [78] Typically, the actual process can be more complex and vary from the architecture, depending on the issue as in [68, 79].
The KDD process is widely followed and evolved in the ﬁeld of ML [80, 81]. The
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Figure 2.1. The KDD process chart is adapted from [77], excluding a solid decision diamond, the dotted
lines and a rectangle. The KDD process phases are represented as the solid rectangles and
the steps as the solid objects. The dotted rectangle is added to remind the importance of
repeatability of the experiments.

KDD process steps are discussed and the original model is explained broadly. Each
component has interaction with other components and in this diagram a rectangle
represents a single phase and the solid shapes on the right side represent steps, see
Fig. 2.1.
The KDD process starts from data or sometimes directly from target data, without
having discussion about the ﬁrst step of KDD process where usually the prior knowledge and the goals are identiﬁed. The goal is to deﬁne the ideal data set and determine
available information, for example: What can be reached by scraping1 the hypertext
markup language (HTML) source code [82, 83]? What can be directly accessed by
an application programming interface (API) [84]?
The preprocessing step of the target data includes cleaning, merging, and missing
value imputation, see Section 2.1.3. The transformation step is an important task related to this thesis and it includes procedures e.g. dimensionality reduction and distribution analysis. The most interesting part is the data mining step where it is searched
patterns of interest although all of these steps and selected methods play a necessary
and critical role [9]. The aim is to extract information from data and transform it into
1 Scraping is a process, which automatically collect and extract information from websites.
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understandable structure for further use. A large amount of possible algorithms can
be applied depending on the issue and the goal of the data exploration [68]. Typically, it involves repeated iterative algorithms and statistical methods. Predictive
models can be evaluated whereas descriptive models and visualizations are evaluated
along the accuracy, novelty, utility and understandability, see for instance [85]. The
output of data mining methods can be improved by correctly performing the phases
before DM step. [69]
The author has concentrated on more the technical details of the information extraction whereas the applications area related interpretations are left for the end user.
For example, it is possible to ﬁnd anomalous entries or explore variable dependencies by the developed interactive tool [66]. Returning into some phase earlier in the
KDD process is recommended if the results are unsatisfying in the step evaluation /
interpretation, see a solid diamond and the dashed lines on the left side of Fig. 2.1.
One challenge, familiar from software development processes, is that steps or procedures are chaotic where ﬁles or documents are not well-documented [86]. Therefore it is suggested to use a revision control system. Repeatability of the experiments
can be improved by implementing KDD steps by some programming language rather
than using some build in commands by some graphical interface. The reproduction of
the experiments is ensured by proposing modiﬁcation to the KDD architecture chart.
An extra block called creating the reproducible code is shown as the dotted lines –
representing the stored revisions of the functions for reproducing all the steps. The
KDD process can be facilitated by implementing the steps into separate code ﬁles2 .
If the results of the experiments are not decent and computationally expensive, it is
suggested the reassessment of the goals, or turning back to selection step.

2.1

Statistical Methods

Statistics is an information science and it has applications everywhere including business, industry, politics and education. In conventional statistical approach, a researcher use more time on thinking what kind of data is needed. In the 19th Century,
statistics was broadly Bayesian in its statistical methodology, and in the next Century
frequentist probability. [67] Bayesian treats quantities probabilistically where data
is observed from realized sample [87, p.3] and frequentism treats data as random.
These two statistical approaches don’t necessarily give the same answers [67].
Statistics is the science of collecting, organizing, describing, analyzing, and interpreting data [88, p.3]. The ﬁeld of statistics can be seen a set of tools which can be
2 During experiments, a code in a single ﬁle may be easier and faster to implement, but after

a while, recycling of code can be challenging in forthcoming experiments.
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used for solving certain issues. Statistical procedures such as sampling and modeling
have much common with KDD process, but the latter one is typically operated in the
context of larger data sets and structures [69].
There are two goals in statistical data analysis – prediction and information extraction. The algorithmic modeling culture approach is to ﬁnd function that operates
interpretive variables to predict the responses. Whereas the data modeling culture
assumes that the response variables can be estimated as the function of predictor
variables, parameters and random noise. [16]
Statisticians see data mining (DM) as computer automated exploratory data analysis (EDA) of large complex data sets. Statistics and DM have obvious connections,
but some ﬁelds are still partly ignored such as pattern recognition, machine learning
(ML), chemometrics and complex data visualizations. In addition, most DM applications require larger data sets than traditional statistical methods. [70] Although ML is
related to artiﬁcial intelligence (AI) and computer science (CS) ﬁelds [70], both statistical and ML methods are used to solve similar challenges [16]. More discussion
about ML is provided in Section 2.2.

2.1.1

Data

Data set is a copy of real data / fact – stored e.g. as unstructured format or collection
of records with a varying number of ﬁelds. If it is represented in a context that provides meaning, it becomes information. [9, 89] Furthermore knowledge is achieved
by some insight [90], e.g. detected anomalies providing better understanding before the decision making. Finally, wisdom is awareness of when to apply knowledge
through activities such as discovery, inference [89, 90].
In this thesis, e.g. by data set, observations, measurements, instances, entries are
referred to available data. These are the data sets containing qualitative or quantitative
values where measurements are recorded from continuous feed or instantly without
the time dependency. Data values can be categorized or classiﬁed by qualitative
variables by a label [91], e.g. a candidate of the party, or sex of a candidate or an
answer in the voting advice application (VAA) [35, 91]. Quantitative variables can
be measured with an ordered set of numbers. The ordinal scales such as “top 10”
ratings or Likert-scale [92, 93] deal with the order of ranking. In a process industry,
quantitative variables include the pressure of the pipe, the ﬂuid level in the tank or
other set of measurements in current time [91]. Pressure has an absolute zero point
and it is measured in a ratio scale whereas the temperature is in e.g. Celsius degrees
measured in an interval scale.
Data can be summarized with different statistical measures, but nothing is more
effective for understanding the nature of data than subtle visualizations to reach the
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revelation of the complex [85, 94]. Basic statistics like mean, standard deviation and
correlation are the signiﬁcant metrics of data summarizing. A data example, called
Anscombe’s quartet, shows that it is not enough to examine data only by different
quality parameters [94, 95]. Therefore, this thesis concentrates on visualizing available information and the outputs of algorithmic models.
A large number of different process instrument measurement streams are monitored
and stored at the Olkiluoto boiling water reactor (BWR) type nuclear power plant
(NPP). The process is monitored and controlled continuously by the NPP automation
system. Observations on stored data sets are made at the same unit time intervals over
the same time period. The Olkiluoto NPP has many redundant instruments, because
in general it increases safety [40]. All provided data sets for the experiments had
already been ﬁltered and the stored data sets had neither missing values nor obvious
outliers. Measured and processed data need to be available in the control room for
supporting the decision making.
Stationary data is time-invariant and it can be modeled by simple regression models assuming that data points are independent and identically distributed [96, p.83].
However, typically many processes have different operational states and thus varying
signal dependencies. Naturally, this has effect to the dynamic behavior of the system.
For example, different normal process states exist although the NPP usually supply
the maximal and constant electric power. [32, 97] Therefore the industrial process
data is considered as nonstationary [98] and it may be difﬁcult to make reliable models for the online systems. A nonstationary stochastic process can be studied e.g. by
Markov models [99, p.607]. Another approach is that time series is converted into
stationary form [100] as in [101]. The neural methods in the thesis are designed for
certain normal process states, but the models can be retrained after each state change,
see discussion in Chapter 4.
In this thesis, about 50 data sets were available for exploratory analysis and method
developing purposes. A high frequency (10 − 100Hz) data is available in 37 data sets
which have been stored in certain situations at Olkiluoto. Teollisuuden Voima Oy
(TVO) has performed process development experiments during past years. In these
experiments, data sets were stored in every second, tenth seconds and only hourly
measurements are available in some data sets.
The descriptive statistics of these data sets are stored into a database (DB) and used
for modeling purposes both in online and ofﬂine. Typically, operators are trained
by a simulator [40], which is based on human made models of the NPP. However,
simulator data sets can be useful in the analysis where the effects of serious faults
are examined. In this thesis, the use of simulator data sets are limited to training
different process states for the neural models. But it doesn’t provide reliable input
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data for developing the data driven anomaly detection algorithms which are based on
measurement deviations as discussed in Section 4.2.2.
In this thesis, provided industrial process data sets were stored as a matrix form
⎡
⎤
x1,1 x1,2 . . . x1,m
⎢
⎥
⎢
⎥
⎢ x2,1 x2,2 . . . x2,m ⎥
⎢
⎥,
(2.1)
X=⎢ .
..
... ⎥
...
⎢ ..
⎥
.
⎣
⎦
xn,1 xn,2 . . . xn,m
where n is the number of observations and m the dimension of the data. NPP data sets
are complete without missing values, but each of them had a varying set of selected
variables. In Publication VIII, some categorical information was provided about the
process state and it was used for labeling the different states of the process.
In Publication V multiple choice questions are analyzed. For example, an output of
a questionnaire can be stored as
⎡
Xpoll

⎢
⎢
⎢
=⎢
⎢
⎣

a
b
−

⎤
⎥
⎥
⎥
⎥,
⎥
⎦

(2.2)

d, e, f
where the letters represent the answer choices. In this example matrix Xpoll , an
answer was not given third question and three different answers were given fourth
question.
Every year A-Katsastus [33] publishes merged and aggregated data on many data
tables. Dozens of data tables have information about rejection reasons (RRs), rejection rate and driven kilometers of the nc cars. The data is not complete and the
A-Katsastus publication limitations are discussed in Section 3.3. These data tables
are formatted into the matrices Ck , see Eq. (2.1). It contains the binary information
of the RRs for each car in year k. A set of these matrices can be presented by a matrix
Y as

⎤
Clast year
⎥
⎢
→
−
..
⎥
⎢
Y∗ = ⎢
⎥ , Y = Y∗ − μRR 1 ,
.
⎦
⎣
Cﬁrst year
⎡

(2.3)

where ck (i, j) = 1, if RRk (i, j) is rejected and μRR is a mean vector of RRs. In
addition, matrices R and Mi are deﬁned to represent missing values as
⎤
⎡
⎡
⎤
m1,1
m1,2
. . . m1,nc
⎥
⎢
Mlast year
⎥
⎢
⎢
⎥
m
m
.
.
.
m
⎥
⎢
2,1
2,2
2,n
c
.
⎢
⎥
⎥,
⎢
.
R=⎢
⎥ , Mi = ⎢
.
..
..
..
⎥
..
⎣
⎦
⎥
⎢
.
.
.
.
⎦
⎣
Mﬁrst year
mnRR ,1 mnRR ,2 . . . mnRR ,nc
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where m(i, j) = 0 when cars are not inspected or information is missing, otherwise
m(i, j) = 1. Missing value imputation and quantiﬁcation of the data are discussed
more in Chapter 5.

2.1.2

Gaussian Distribution

Typically, the observations of the variable in nature are nearly normally distributed.
The uncertainty is often described by conﬁdence interval estimates centered around
the mean value of data. The commonly used conﬁdence interval is 95%. [88] This
does not tell the whole truth about the distribution and therefore a Gaussian distribution also called a normal distribution is deﬁned as
p(x | μ, σ) = √

1
2πσ 2

1

2

e− 2σ2 (x−μ) ,

(2.5)

where a distribution is deﬁned by the expected value (the empirical mean of the
data points) μ and standard deviation σ of random variable x ∈] − ∞, ∞[. [88,
102]. The multivariate Gaussian distribution pM is deﬁned for a random vector
x = [x1 , · · · , xM ]T as
pm (x | μ, Σ) =

1
(

(2π)M det(Σ)

1

e− 2 (x−μ)

T Σ−1 (x−μ)

,

(2.6)

where Σ is a covariance matrix (m × m) and (x − μ)T Σ−1 (x − μ) is known as
square of the Mahalanobis distance [25] and [96, p.27]. The maximum-likelihood
estimator of the covariance matrix i.e. the sample covariance matrix is deﬁned as
 = 1 Σn (xi − μ)(xi − μ)T .
Σ
n i=1

(2.7)

If the covariance matrix is a diagonal matrix3 , the multivariate Gaussian distribution
can be used directly in the unsupervised anomaly detection by deﬁning the function
as
p∗m (xi ) = Πm
j=1 p(xi,j | μj , σj ),

(2.8)

and studying and analyzing the smallest p∗ (xi ) values. This deﬁnition is valid only
when the diagonal values of the covariance matrix are variances σj2 and all offdiagonal cells have zero values. The “rotated” distribution in Eq. (2.6) is computationally more expensive than in the Eq. (2.8). The latter one is suitable for analyzing
orthonormal components (m = M ) such as PCA scores, see e.g. Publication V.

2.1.3

Statistical Properties and Data Preprocessing

The representation and quality of data is an important factor for the successful data
analysis. Data cleaning, normalization and transformation are preprocessing steps,
3 The elliptical contours are aligned with the coordinate axes [103, p.84].
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which ensure better results in further modeling or descriptive analysis [37]. Feature
extraction and selection can be seen also as a preprocessing as in [104] or can be
treated as different steps as in this thesis, discussed in Section 4.1.
The variable distributions can be explored e.g. by Q-Q plots or boxplots [105, 106]
before implementing the statistical methods. For example, skewness, extreme values
and other non-normal data can cause bad behavior in modeling. Data transformation
is a rescaling of nonlinear data and the goal is to make the relationships between the
variables more linear [101]. Transformation functions are e.g. logarithm, square root
and inverse, but a straightforward way is the power transformation known also as
Box-Cox transformation [107, 108]. It is an effective preprocessing function where
non-Gaussian data is transformed to a set of data that has approximately normal distribution [109, 110]. It is calculated by the proﬁle likelihood function for unknown
transformation parameter λB and it is applicable only for positive data values [111,
p.101]. The logarithm transformation function is achieved by choosing λB = 0
which is commonly used in econometrics [101, 112]. Transformations are useful
although they complicate the interpretation of the system.
A popular scaling method is normalization and it is used e.g. in [75, 98, 113] and
deﬁned as
zi =

xi − μ
.
s

(2.9)

Zero mean and unit variance ensures that features with different ranges are treated
similarly [30, p.424]. Proportional values are useful, if the aim is to investigate unusual observations, correlations and changes in the system dynamics thus the dependencies of the variables remain the same [73]. Standardization can be performed
by some weights, which reﬂect some a priori idea of the relative importance of the
variables [53, p.21]. In time series analysis, normalization is applicable only for stationary (time-invariant) data [114]. In online process data analysis the zero mean
and unit variance normalization method is performed by using moving time window.
Signals are smoothed by moving average (MA) which is the mean of the previous
NM A signal values deﬁned as
MAt = xt =

xt + xt−1 + xt−2 + · · · + xt−NM A
.
NM A

(2.10)

This basic approach decreases noise and naturally the effect of random error in further
analysis. The “smoothing power” depends on NM A parameter, see examples in [115,
p.117]. The drawback in MA is that it is computationally worse than smoothing
signal by recursive function deﬁned as
(r)

xt
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where a large forgetting factor λf values are comparable to the large NM A parameter values in Eq. (2.10). Both realized transformations are time-invariant and initial
(r)

conditions are needed, e.g. x−1 = 0 [115, p.118–119].
Moving standard deviation (MSDV) for signal i is derived by using sample variance
equation [30, p.51] as
MSDVt,i = 

N
s −1
1
(xt−k,i − xt,i )2 ,
Ns − 1

(2.12)

k=0

where Ns is a frame size for MSDV, xt is a scaled sample value and xt is the moving
average deﬁned in Eq. (2.10). It measures how widely the values are spread in time
and it can be used for nonstationary data. If the data points are far from the mean, then
the MSDV values are large. If all the signal i values are equal in the area of sliding
window Ns , then the MSDVt,i = 0. Note that in a step change at ta , the MSDV value
of the signal i is in the maximum Ns /2 steps later, i.e. MSDVt,i > MSDVt±1,i ,
where t = ta + Ns /2.
In addition to MSDV, normalization methods for time series exist; e.g. decimal
scaling, median, Z-score [116], and a novel method called an adaptive normalization
(AN) for nonstationary data [117]. It is a variation of the sliding window which
preserves the original time series properties and it is capable of representing different
volatilities. In online analysis, measurements can also be range scaled4 linearly by
previous data points as
x∗t,i =

xt,i − min(xt−Nr ,i . . . xt,i )
,
max(xt−Nr ,i . . . xt,i ) − min(xt−Nr ,i . . . xt,i )

(2.13)

where xt,i is the data stream value in time step t [80, p.34], and Nr is a frame size for
the online range scaling. Variables are treated similarly and the scaled [0, 1] signal
measurement facilitates the perception of the proportional values. MSDV and range
scaling methods are sensitive to outliers5 . Typically, outlier detection is based on
the variable distributions [118, 119]. Anomalous measurements can be detected by
statistical process control (SPC) [53, 120, 121] when the quality of the process is
monitored. It is known that these false signal values complicate the task of identifying
the state of the process. The redundant instruments allow the automatic ﬁltering of the
captured data [122]. Therefore, the provided NPP measurements had neither missing
data nor obvious outliers [122, p.220], e.g. negative pressures and spurious peaks.
In this thesis process monitoring methods are developed for online purposes. The
MSDV and range scaling methods are dependent on the sliding windows size, which
can have large effect on the modeling results [117].
4 range scaling is also called min-max normalization [116].
5 Outliers are measurements that are not consistent with the majority of the data [118].
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This challenge can be tackled by assuming that the provided data sets contain the
sufﬁcient amount of information about the signal ranges in the normal state. Therefore, all available data sets were explored ofﬂine, and minimum and maximum values
of each variable were stored to the data management tool (DMT) DB, see Section 4.1.
A globally scaled signal value of vector x∗∗
i at time step t is deﬁned as
x∗∗
t,i =

xt,i − minDB (xi )
,
maxDB (xi ) − minDB (xi )

(2.14)

where maxDB (xi ) is the maximum value and minDB (xi ) is the minimum value of
the variable in the DB. The drawback in this method compared with Eq. (2.13) is
that in online monitoring the scaled values of the incoming measurements are not
necessarily [0, 1]. If the scaling method is implemented into the real-world process,
operators should be notiﬁed signal DB value limit exceedances and modeling results
should be considered moderately. This limitation was not confronted during the experiments, because all available data sets were used for creating DB range values.
The cross-correlation function [123] is deﬁned between two stationary time series
xi and xj as
γx∗i ,xj (τ ) =

E[(xt,i − μxi )(xt+τ,j − μxj )]
,
σ xi σx j

(2.15)

where τ is the time lag, σ denotes the standard deviation. Nonstationary process signals can be converted to stationary by differencing the vectors [100, 111]. Depending
on the signal type, it can be still nonstationary after the differencing. Then the signal is said to integrated I(d) and after differencing it d times it should be stationary.
Tests for determining the integration order of a time series exist, like the Augmented
Dickey-Fuller [100, 101]. The process signal difference values are deﬁned as
dt,i =

xt,i − xt−Nd ,i
,
Nd

(2.16)

where xt,i is MA in Eq. (2.10) and range scaled measurement value, see Eq. (2.14),
and Nd is the size sliding window called as frame size. Finally, the rate of change of
the process signal measurement is called absolute difference and deﬁned as absolute
value of dt,i .
All preprocessing methods related to time series have a parameter called as window
size, frame size or sliding window. In this thesis, these preprocessing variables are
chosen heuristically based on the experiments and the data set frequency. Signal noise
has more unwanted effect when the length of the sliding window is short whereas a
long window leads into limited adaptation capability [124], e.g. for unsteadiness
index, see Publication II. One possibility to solve the latter mentioned challenge is
to decrease the window size [124], if a drift is detected e.g. by the adaptive moving
window size [121].
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2.1.4

Principal Component Analysis

The analysis of multidimensional data set may provide both challenges and opportunities [125, 126]. For example, parallel coordinates and scatter plots are common,
effective and simple ways to compare variables. However, for performing exploratory
analysis for e.g. high-dimensional data set Rm where m > 100 can be complicated.
For decades, before the information technology revolution, the famous phrase: “the
curse of dimensionality” by R. Bellman refers to common practice where variable
deletion was used to decrease the number of prediction variables [16]. Besides of
deleting potentially useful information, the dimensionality of data can be reduced to
allow the user to ﬁnd meanings and dependencies that would be hard to notice otherwise. Different methods for dimensionality reduction for visualization purposes are
introduced e.g. in [127].
Principal component analysis (PCA) [30, 51, 52, 127] is one of the most common
dimensionality reduction methods. It provides a compact representation of the data
Rm in lower dimension M with a minimum loss of information.
A data matrix X has a set of m variables and n observations in each row i, see
Eq. (2.1). The pairs of variable covariances and variances can be examined by the
matrix SX . It is deﬁned as

1
XT X,
(2.17)
n−1
is a square symmetric m × m matrix and X is the mean centered data
SX =

where SX

matrix with (i, j)th element (xi,j − xj ). [53, p.31]
Eigenvectors can be deﬁned by the eigendecomposition of the covariance matrix as
SX = VΛV−1 ,

(2.18)

where V is the square matrix where each column vector corresponds eigenvector. The
diagonal elements in matrix Λ are the corresponding eigenvalues for the eigenvectors.
The principal components of X are the eigenvectors of SX . [52] The direction with
the largest variance is seen as the most important component. The information loss
is minimized by maximizing the variance. A matrix Θ is deﬁned by sorting the
diagonal values of Λ and selecting the corresponding eigenvectors. The eigenvector
with the largest eigenvalue is located into the ﬁrst column in the matrix Θ and so
on. A matrix X should be normalized if large differences in standard deviations are
present, see Section 2.1.3. Otherwise, the ﬁrst component is mostly based on the
variable with the highest variance and the second component to the variable with
the second highest variance [53, p.40]. The matrix SX is a sample correlation matrix
when using normalized data, see (2.17). The disadvantages are that it is more difﬁcult
to make statistical conclusions based and principal components which are based on
standardized variables [53, p.42].
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If objective is to make further calculations in less noisy space, the data is projected
to certain subspace by selecting the ﬁrst M columns of Θ as
Z = XΘ,

(2.19)

where Z is a score matrix in RM subspace. The scale in this matrix is in an interval
scale6 although the original data is presented in a different scale. Each row of the
matrix Z corresponds measurement i in the original data.
One of the advantages compared to other dimensionality reduction techniques such
as factor analysis [126] is that principal components are always orthonormal. Anomaly
detection based on the distance measures and further computations in uncorrelated orthonormal space are more trivial as shown in Publication V. On the other hand, better
descriptions for the factors can be found using e.g. oblimax rotation. [53, p.153].
In this thesis, the variable scores in the lower dimension are used for further computation. It is combined with the Gaussian distribution functions, see Section 5.1.
The variance over all these ignored columns is lost, because all these data points are
represented by its projections in the M principal directions. Explained ratio is commonly used in PCA, but it does not only reﬂect the quality of the model. For example,
a high total variation explained is achieved by overweighting some variables in the
data set [53, p.41] and the evaluation of PCA by the explained ratio of M principal
directions and total variation should be looked even more askance.
The best results are achieved if data variables are assessed on an interval level, the
relationships between variables are linear and each observed variable is normally distributed. However, in practical analysis these assumptions seldom come true, e.g. in
psychology. [91] Therefore methods such as sparse logistic PCA [128] and independent component analysis (ICA) [129] for binary data and PCA for ordinal data [130]
analysis have been developed. Regardless of the distribution of the original variables,
the original PCA [51] fulﬁlls the basic objective of summarizing most of the variation
that is present in the data [53, p.339].
Multivariate data can contain noise which causes problems in reliability and thus
it has harmful impact on the anomaly detection. Dimensionality reduction decreases
noise and increase the speed of further algorithm [131], although the new features do
not necessarily have a clear meaning.
6 The interval type allows for the degree of difference between items, but not the ratio between

them [91].
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2.2

Machine Learning

One of the branches of artiﬁcial intelligence (AI) is called machine learning (ML). In
ML, computer systems can automatically improve performance with experience or
act without being explicitly programmed. Data mining (DM) focuses on the discovery of some unknown properties of the data by different exploration methodologies.
Modern ML methods allow us to learn previously unknown processes based on available information by experience. [30, 102] Both statistical and ML methods are used
in the KDD step DM in this thesis.
ML can be seen as prediction where known properties are used for guiding the
learning process. It is able to solve problems such as estimates for user “likes” in
recommendation systems [132]. ML has many deﬁnitions, e.g. Mitchell deﬁnes it as:
”A computer program is said to learn from experience E with respect to some task
T and some performance measure P , if its performance on T , as measured by P ,
improves with experience E.” [102, p.2] For example, the ML problem for a ﬂying
drone7 is based on Mitchell’s “checkers” learning problem [102, p.3]:
• Task T : ﬂying autonomously using vision and acceleration sensors.
• Performance P : average ﬂying time before an error (as judged by human).
• Training experience E: a sequence of images, measurements and ﬂying commands
recorded while observing the human controlling commands.

The deﬁnition of learning is broad enough to encompass computer programs that
improve the task T from experience E in quite straightforward ways.
ML can be divided into different categories [102]: Supervised learning predicts
an output with a given input. In unsupervised learning the desired output data is unknown and a good internal representation of the input is discovered. Semi-supervised
learning technique uses both labeled and unlabeled data for training [134]. In reinforcement learning [135, 136], feedback is supplied by the environment – some
actions are selected to maximize the rewards. It does not suit as large problems as
unsupervised and supervised learning, because scalar rewards do not supply much
information.
In this thesis only two of these categories are considered: Unsupervised in the most
of publications and supervised learning in Publication IV where the power output in
NPP is modeled.
7 A drone is an unmanned aerial vehicle without a human pilot aboard [20, 133].
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2.2.1

Supervised Learning

Supervised learning is divided into classiﬁcation and regression problems [102]. The
function maps input vector x into output as
y = f (x; β),

(2.20)

where the parameter vector β values are optimized to make the mapping ﬁt for the
training data. The target output can be a real number y or a vector y, and the goal
in regression is to estimate it [103, p.3]. The ﬁt of the system can be evaluated by
different methods, see Section 2.2.4.
In classiﬁcation, some state or label is estimated. The simplest classiﬁcation problem is to detect a system with two classes, e.g. a normal state = 0 / an abnormal
state. A classic example of recognizing multiple alternative labels is the detection of
handwritten digits. For example, a backpropagation network approach can be successfully applied to the recognition of written zip code digits. [19, 103] This thesis
concentrates on the regression problems in Publication I and Publication IV. In the
latter one, the supervised neural network (NN) is used.
NNs try to mimic the human brain by the fact that it can make computations by a
huge network with relatively slow neurons. NNs have a capability to change weights
in the model, so it can be trained to operate in a speciﬁc environment. Therefore,
NN is a good choice for modeling tasks that are easy for humans such as speech
recognition, computer vision and not for example number multiplication. [96, 103]
Three basic elements of the neuronal model are a set of synapses or connecting
links, an adder for summing the input signals, and an activation function ϕf . The
artiﬁcial NN is made up of neurons which send the activation signals to one another.
An activation potential of each neuron υk is a sum of bias bk and a linear combiner
output uk :
υk = bk +

m


xk,i wk,i = bk + uk ,

(2.21)

i=1

where inputs {xk,1 , xk,2 , . . . xk,m } are multiplied by the neuron synaptic weights wk,i
and summed in the linear combiner. [96, p.11] A transfer function deﬁnes the neuron
output as
yk = ϕf (bk + xTk wk ),

(2.22)

where the output of the activation function ϕf is also dependent of a bias term bk .
The uk is expressed as an inner product of the vectors xk and wk [96, p.120]. Typical
activation function is a simple sigmoid function deﬁned as
ϕf (z) =
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where as = 1 is a slope term [96, p.14], which deﬁnes the shape of the function8 .
Different network architectures deﬁne how neurons are structured and linked. Three
fundamentally different networks are single-layer feedforward networks (FF), multilayer feedforward networks or multilayer perceptron (MLP), and recurrent neural
networks (RNN). NNs have the ability to learn from its environment and thus improve its performance through learning, i.e. in the network training, optimal values
for all the weights wk are chosen. [96]
MLP and FF are used frequently in time series prediction [96, 137]. These are
the simplest neural network architectures where the input values are ﬂown through
hidden layer(s) to the output node(s) [138]. The structure of RNN is similar, but it
has a loopback connection and information can ﬂow in cycles. This architecture has
important capabilities such as attractor dynamics and the ability to store information
for later use. The downside is the complicated dynamics of the RNN causing training
difﬁculties and it is computationally more expensive. [139, 140]
In typical Elman recurrent neural network (ENN) all neurons are in one hidden
layer [141, 142, 143]. The output of hidden layer values is stored into a context layer
which is also called as a unit-delay bank [144]. Delayed values are reconnected to all
nodes in the hidden layer in such a way that it becomes possible to model nonlinear
dynamics [96] and give a standard state-space representation for systems [144]. One
of the ENN advantages is robust feature extraction ability compared with other type
of multilayered networks [138]. In Chapter 4, both FF and ENN capability to model
real process data is compared.

2.2.2

Unsupervised Learning

The hidden structure of the statistical regularities of large data sets is automatically
discovered by unsupervised learning [145, 146, 147]. In unsupervised learning the
input matrix is X and it obtains neither desired outputs nor rewards from its environment. The goals of unsupervised learning are mainly related to ﬁnding structure for
the data. In classiﬁcation, it is found out which group most is beﬁtting a speciﬁc data
point. It is applied to outlier detection or monitoring the anomalies in the process, to
analyze whether some data points are normal or not. [148]
The k-means clustering is one of the most widely used algorithm for ﬁnding a
locally minimal solution [61, 131, 149]. It is useful when there is no evidence of
clear classes in the data. An unlabeled data set of n data points in space Rm is
assigned into k clusters. [99] The k cluster centroids are randomly initialized in the
setup. This method is an iterative algorithm having two steps. First, the data points
8 See illustration of some typical sigmoid functions at: https://www.desmos.com/calculator/
mo5rcxbfjw, retrieved at November, 2014.
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are assigned into a cluster centroid j by minimizing the Euclidean distance from each
data point to its nearest center. In the second step, each cluster centroid μj is moved
into the estimate for the new centroid based on data points. [61] This is repeated until
the sum of squared distances between the data points and their closest cluster centers
are minimized. The optimal solution is achieved by minimizing the cost function Jk
for k-means algorithm as
Jk =

n 
k


rij xi − μj 2 ,

(2.24)

i=1 j=1

where an indicator rij ∈ {0, 1} describes which of the k clusters the data point xi is
assigned to. If data point xi is assigned to cluster j then rij = 1, and rip = 0 for
p = j. [103, p.424]
An effective way for exploring the data and creating visualizations in two-dimensional space is the self-organizing map (SOM) [44, 81, 127]. It consists of a grid of
units in a form, usually a two-dimensional regular lattice [64]. It is a special class of
artiﬁcial neural network where the output neurons compete among themselves [96].
Each unit i contains a prototype/model vector mi which has the same length as the
number of features in the analyzed data matrix X. In learning, SOM adapts vectors {m1 , . . . , mm } trying to represent the distribution of the original data. SOM is
trained iteratively, and in each step the preprocessed learning data is mapped to the
grid with the closest prototype vector mi . For each training step ts , a vector called
the best-matching unit (BMU) cj (ts ) is found e.g. by the Euclidean distance as,
cj (ts ) = arg min  xj − mi (ts ) ,

(2.25)

i

where xj is an observation vector and mi (ts ) is the updated prototype vector for
node i. [150, 151, 152] These vectors are randomly initialized before training ts = 0,
which ensures a better representation of the data distribution after adaptation. The
model vector update rule is
mi (ts + 1) = mi (ts ) + α(t)hcj (ts ),i (t)[xj − mi (ts )],

(2.26)

where α(ts ) is a learning rate which decreases exponentially over time, and hcj (ts ),i (ts )
is a neighborhood function. [153, 154] Several updating [155, p.271] rules exist – all
nodes are updated in each step, if the neighborhood is based on Gaussian distribution with inﬁnite limit, see Eq. (2.6). It is also possible that only nodes under certain
threshold are adapted equally, e.g. in the bubble neighborhood function a unit i is
updated, if it is within the radius i ∈ Ncj (ts ) [127]. After updating the vectors a
BMU for another observation is found until the map is not converging or no more
data points are available.
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SOM is a useful tool for exploring the relationships of data features by component
planes: The mapping from the original space to the grid of units tends to preserve
topological relationships as a form of elastic net in the data space [81], i.e. it is
suitable especially in analysis of complex systems [156].

2.2.3

Missing Value Imputation

In practice, available data is seldom complete and it is a common problem in many
data-dependent ﬁelds [157], e.g. see reliable open data sources [158, 159]. The easiest way to address with missing values is to delete those observations from the data
set, but this leads to wasting potentially useful information [53, p.394]. In addition,
often missing data can be classiﬁable as random and thus lead to the wrong interpretations.
Some procedures have to be performed to make effective data mining possible,
because many statistical and ML methods, without any further development like
in [160], such as PCA [51] or SOM [44], require a complete input matrix. However, different imputation methodologies [161, 162, 163] such as regression [30, p.88]
based methods or Imputation SOM (ImpSOM) [157] have been developed.
Missing data can be hunted from another data source and two data sets can be
merged. For example, a procedure where the results of the elections [164], the
funding information [165], and VAA [35] data set are combined can be time consuming although certain tools are available [166, 167]. Usually, the data merging
increases the number of instances having missing data. Like in the example above,
the funding information and VAA data set are incomplete. In Publication V, missing
values are imputed after the main methods, and a complete data is achieved in the
M -dimensional subspace. The probability distributions of missing candidates in the
Parliamentary elections are deﬁned by using the meta-information of the candidates
provided in other data sets than VAA.
The publicly available car inspection data [33] has about 90% of missing values
in the data matrix form, see Eq. (2.1). All available data tables can be used for
generating a graph model as discussed in Section 5.2.1. It is assumed that reliable information about dependencies between the cars and rejection reasons is found based
on graph node positions although a large amount of data is missing.
The large number of missing values can be estimated by the similar methodologies
used in the recommender systems [160, 168]. The intuition comes from a web based
service where users get “moderate” or “good” movie recommendations in even most
of them have seen only a few of all existing movies [65], e.g. in Netﬂix problem [56]
98.8% of the values are missing [160]. In Publication VII, the users of the service
are seen as cars and the movies as the incomplete list of rejection reasons. Details
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for predicting estimates for missing values by regression based collaborative ﬁltering
(CF) with regularization are given in Section 5.2.2.

2.2.4

Model Evaluation Methods

Mean squared error (MSE) is commonly used in evaluation of numerical performance
for model validation [119, 143, 169]. It is also a default criterion in the Matlab neural
network toolbox [170]. In time series, the squared estimation errors for each time
step t is deﬁned as

1 2
êt ,
n
n

MSEt =

(2.27)

i=1

where êt is a difference of real and estimated output value (residual) in time step t.
The root mean squared error (RMSE) represents the sample standard deviation of
the residuals [65, 117]. Typically, industrial process signals have large unexpected
changes in signal values and MSE may heavily depend on these skewed distributions.
The model evaluation phase can be improved by using more than one evaluation
method or analyzing the error distribution of the model [171, 172].
In this thesis, the process signals are range scaled, see Eq. (2.14). First, the normalized value of MSE is derived. The normalized mean square error (NMSE) [137] is an
estimator of the sum of squared deviations between measured values yi and predicted
ŷi divided by the sample size and the variance of the real measured signal outputs
deﬁned as
NMSEt =

n
1 
(yi − ŷi )2 .
nσ 2

(2.28)

i=1

Secondly, the contribution of larger errors is reduced by observing the midpoint of
absolute errors. In this thesis, it is called a median of absolute error (MAE)9 .

2.3

Anomaly Detection and Process Monitoring

Anomaly detection is an important area in knowledge discovery and in the context of
process monitoring it is known as a fault detection or abnormal process state detection. In literature, it is seen as various approaches: outlier detection, novelty detection, noise detection, deviation detection or exception mining. [25] It covers a wide
range of different ﬁelds, from the statistical anomaly detection of election irregularities [173, 174] to aircraft engine quality controlling [175]. The detected anomalous
instances can be used directly to get beneﬁt in very different application areas. For
9 In literature also these abbreviations are used: the mean absolute error (MAE) [65, 117] and
the median absolute deviation from deviation [116, 118, 171] is also known by the shorter
name median absolute deviation (MAD) [171].
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example, the lap timer mobile application is based on the time intervals of the contextual anomalies in the magnetic ﬁeld caused by an electric motor [176] or in the
equity markets, detected anomalies are supporting the investment decisions [177].
Anomaly detection can be seen as an identiﬁcation of previously unknown patterns:
a current state is anomalous, if that deviates from normal behavior [178]. In addition,
atypical sequence in time series [179] is also referred as a contextual anomaly. The
goal is to ﬁnd this pattern in data which does not conform to expected behavior [24].
Typically, an abnormal state is deﬁned based on the historical data. For example,
identical observation vectors xt=a can refer to the normal state whereas xt=b can be
classiﬁed as an anomalous measurement. Let’s imagine yt$ = +0.5% daily return
i

for the investment. It is more anomalous for day t$1 = T + Tr1 than for t$2 = T + Tr2
where Tr1 ∈ {−8, . . . , −4, 4, . . . , 8}, Tr2 ∈ {−3, . . . , 3} and T refers to the last day
of the month [177, Fig.2].
A point anomaly is detected if an individual instance is considered as anomalous
with respect to the rest of data [24], e.g. a car is atypical, if it has clearly higher
rejection rate than the other cars. However, it is qualiﬁed as anomalous, if it has
different combinations of rejection reasons than the others, or it is an old car with a
low rejection rate. Politician answers in VAA are seen divergent, if a corresponding
answer vector has different pattern than others.
In unsupervised learning, the threshold between normal and abnormal values is
indeﬁnable. However, the most anomalous measurements can be pinpointed [25]. In
this thesis it is shown how to convert the static multivariate data to different types of
visualizations which support the decision making whether a certain measurement is
anomalous or not.
In addition of visual data mining, it may be useful to use Euclidean and Mahalanobis distance to compare measurements [25], e.g. the nearest neighbor analysis
can be used for the anomaly detection [24]. In Publication I, the model variables
are selected based on the nearest weighted Euclidean distances. It can also be used
to detect the largest distances between the vectors. The weighted square distance
measurement between two vectors x1 and x2 in the M -dimensional space is deﬁned
as
d2W (x1 , x2 ) =

M


wk (x1,k − x2,k )2 ,

(2.29)

k=1

where wk is the weight parameter. In Publication I, the distance measurement is
derived using eigenvalues as parameter wk and the M score values of matrix X.
Another method, cosine similarity, is a measure of similarity between two vectors [30, p.77]. It is deﬁned as
sim(x1 , x2 ) =

x1 · x2
,
 x1  x2 

(2.30)
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Figure 2.2. A representation of the modern industrial process phases and data ﬂows between them. The
ﬁgure is adapted from [180], excluding the dotted lines and shapes that are not rectangles.
This thesis concentrates on the phases shown as the solid colored shapes in the diagram.

where the dot product of compared vectors are divided by the product of the length
of vectors. ||xj || is the Euclidean norm of the vector [30, p.78].
This thesis treats NPP as any industrial plant and thus similar challenges from
the viewpoint of ML based process monitoring. A process management diagram
is shown in Fig. 2.2, which is based on a simpliﬁed representation of a modern industrial process [180]. This type of diagram can represent the different states and
signals, functions, models, and system properties of the process [181]. The monitoring phase provides the visualizations of monitored features, alarms, and reports that
can be used for a manual controlling of the industrial plant. The new knowledge extracted from ofﬂine data set may help to improve the NPP. For example, some faults
can be analyzed ofﬂine even if it is detected online, because a company can achieve
beneﬁts by the process development [32].
The monitoring phase is a continuous real-time task of determining the states of the
system, by analyzing online data feed, recognizing and indicating possible anomalies.
This phase in prioritized processes e.g. NPP has naturally more redundant regulating
units [40] in the physical plant and thus providing more measurements and metrics.
In addition, it may be advisable to minimize the miss rate, i.e. the number of false
negatives [182].
Supervised learning methods are effective to detect anomalies, but often labeled
data isn’t available. Similar challenges are present on the implementation of the unsupervised fault diagnosis system to the real-world process. One of the challenges in
industrial anomaly detection is the lack of labeled data [31], which is crucial in detecting process states determined beforehand. Although some labeling of the process
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is given by operators, the boundary between normal and anomalous data cannot be
deﬁned so precisely [24]. It is hard for any algorithm to classify anomalies, if many
different abnormal states or their mixtures exist in a process. In addition, the further
anomalies can be something that has not been seen before.
One of the core objectives of anomaly detection is to assume an abnormal state
when measurements differ from the expected behavior of the process. However, in
complicated processes it is obviously possible that process is still in the normal process although the historical data of the certain state is missing. In this thesis, all
anomaly detection methods are descriptive and suggestive and mentioned for use
beside the existing process monitoring methods for supporting the decisions of the
operators. This goal is achieved by minimizing the number of false negatives, although it increases the number of false positives, i.e. fall-out [182]. Therefore some
of the alarms can be seen just as notiﬁcations for the operators.
Self-organizing map (SOM) can be used for process state monitoring and fault
detection e.g. by displaying the trajectory of the operation point on the maps. Discussion about SOM based monitoring, temporal data mining and anomaly detection
is provided e.g. in [31, 45, 63, 64, 150, 151, 152, 153, 155, 183, 184]. This thesis
provides experiment results and discussion related to the SOM monitoring methods
and ofﬂine analyses in Publication VIII. The method facilitates the exploration of
process signal dependencies, e.g. after the controlled experiments in the reheater part
of the NPP.
The thesis impact into anomaly detection and visualization of multivariate data is
the following: Although popular and rather simple algorithms are used, the novel
combinations of these methods are used in this research. Proposed analysis procedures can be implemented beside the existing methods providing better performance
for the anomaly detection by decreasing the miss rate. For example, the overall picture of the proposed methods related to the contextual anomaly detection is provided
in Section 4.3. Some of the thesis results, especially in Chapter 5, are novel visualizations based on the combination of statistical and unsupervised methods. The
thesis legibility is increased by describing the background of application areas in the
following chapter. In addition, the whole analysis process can be understood better when the practical examples of the real data sets are given. The drawback of
real-world examples is the number of application dependent parameters and thus the
precise comparison of the methods cannot be provided.
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3. Description of Application Fields

In this chapter, the backgrounds of three application areas are introduced. In this
thesis, all data sets related to the application areas have a large number of variables.
Time series data sets from Olkiluoto nuclear power plant (NPP) were available for
this research. Stored data sets are used for developing descriptive and model based
process monitoring methods. In the analysis of static multivariate data, the goal is to
provide novel and potentially useful information for the experts. Visual data mining
procedures are demonstrated by using the political and the car inspection data.

3.1

Nuclear Power Plant Monitoring

NPPs are classiﬁed by the features of the reactor and the most common is the boiling water reactor (BWR). In Finland, four NPP units generate about a quarter of the
annual electricity needs. Two of those are BWR type reactors and the rest are pressurized water reactor (PWR) type reactors [185]. The generated electricity is used to
meet the base load electricity demand in Finland. Teollisuuden Voima Oy (TVO)1
operates the reactors: reactor 1 (OL1) since 1978 and reactor 2 (OL2) since 1980.
These two reactors are in Olkiluoto2 . The net electrical capacity for both OL1 and
OL2 is 880M W . [97]
In 2000, TVO applied permission for the third reactor, and in October 2003, Areva
was selected for a turnkey contractor for the 5th NPP in Finland [39]. The reactor
type is called European pressurized reactor (EPR) with a net output of approximately
1660M W and it is currently being built [97].
On April 2010, the Parliament of Finland gave permissions for the construction
licenses of the sixth and seventh commercial reactors to TVO and Fennovoima [186].
An attitude towards nuclear power has been rising3 in the United States until March
1 TVO was founded in 1969 by industrial companies.
2 Olkiluoto is an island located on the west coast of Finland, in the municipality of Eurajoki.
3 There are country-speciﬁc differences and thus the NPP support vary from one country to

another [40, p.429].
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Figure 3.1. The simpliﬁed process chart of the BWR type NPP is adapted from [191, 192].

11, 2011 [187]. Naturally, the Fukushima accident in Japan had a global negative
impact on the acceptance of the nuclear power [188, 189] and a lower fuel availability
versus reactor requirements [190, p.11] will have an effect on the production of new
plants.
The design of a BWR plant is shown in Fig. 3.1. BWR type NPP consists of a steam
supply and generator like any thermal power plant. Mechanical work is produced by
steam in the turbine and it drives the generator. Steam is raised in the core, separated
and dried, before the turbine. Thermal heat output is controlled with a moving group
of control rods up and down when power production is low. The reactor power can be
varied within certain limits by controlling recirculation ﬂow. [191, 193] In the normal
state, the power is controlled by varying the speed of the main recirculation pumps.
When the generated electrical power is maintained at a preset value, it is in normal
operating mode. [192]
The overall picture of the Finnish research on nuclear power safety is provided
in [40, 194]. In the area of NPP monitoring it is also concentrated e.g. on reactor
core analytics, and control rod vibration measurements and loose part monitoring
is crucial in the reactor coolant system of the NPP. [32, 195]. A leakage in a high
pressure pipeline can be detected by acoustic leakage monitoring, which is based on
the detection of strong ultrasonic noise [32, p.12]. However, this thesis concentrates
on common industrial faults, not the NPP speciﬁc faults. These can be, for example,
a heat exchanger fouling, sticking valves [192] and sensor problems such as drift and
bias [195].
The univariate control charts are still widely used although the high instrumentation
level is causing hundreds of alarms at the same time where a few of the alarms are interesting [196]. Therefore, a reduction of the number of false alarms is required [197].
The original and primary purpose of the sensors was process monitoring and control,
but nowadays stored data is used for building predictive models referred as soft sensors in the context of process industry [119, 198]. In addition, the modernization of
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the control rooms have opened new possibilities to improve the process monitoring
in the power plants. General discussion about the SOM-based user interfaces are
provided in Publication VIII, but excluded from the thesis introductory part. It is
clariﬁed that the author’s contribution in the context of NPP during the research work
related to the data driven experiments of anomaly detection (not on the design of the
control rooms), and writing the articles where being the lead (ﬁrst) author.
The knowledge-based approach uses qualitative models to develop process monitoring measures. This approach can be applied relatively small-scale systems, because the decision rules for different scenarios have to be built manually [199]. An
interest in using fault detection and diagnosis (FDD) methods in order to improve
safety and reliability has been increasing [200]. Spectrum analysis is the most common signal based method and it is a powerful tool in fault diagnosis. A variety of
data driven FDD methods based neural and statistical models have been developed
in past decades. [195] More discussion and practical experiments related to the data
driven methods are provided in Chapter 4.

3.2

Dimensions of the Political Field

All voting advice applications (VAAs) work more or less similarly. Candidates
and voters answer the same questions about the political preferences and their values. [201] VAA determines the difference between the voter, the parties and the candidates [202] and assist the voters in their decision-making [203]. Therefore, VAAs
do not make much sense in two-party systems or e.g. in presidential elections where
only two candidates exist, because the political positions of the candidates and the
identiﬁcation of the voters can be clariﬁed e.g. by the direct candidate to candidate
comparison. There is also evidence that VAAs have an impact on elections and the
VAA models typically favor the parties which are close the center, see [49, Figure
2]. However, the befeﬁt is that VAA motivates citizens to participate in the elections.
Searching information about parties and candidates and to discuss politics with other
citizens is made easily accessible. [203]
A paper-based VAA was developed in the Netherlands in the 1990s. VAAs have
now proliferated across many European countries during election campaigns. After
the millennium, VAAs have been notable part in ﬁnding candidates for citizens. The
reason for its popularity is mainly based on the fact of the multi-party system in
many countries and the simplicity of the VAA. [50] In the democratic countries with
a multi-party system VAA data can be used as a source when creating an estimate
of the current political ﬁeld during election campaigns. VAAs have created the basis
of calculating e.g. the ideological congruence between citizens and political actors
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and the effects of VAA on electoral choices. Numerous estimates of the positions of
political parties in the different electoral contexts across Europe are published. [47,
48, 204]
The most VAAs use the logic of Likert scaling, which has its own challenges related
to the analysis of poorly phrased statements or the presence of quantitative statements
e.g. “criminals should be punished more severely” [48]. However, in this thesis,
the focus is on the multiple choice answers of the candidates in the Parliamentary
Elections in Finland 2011. It is possible to implement this methodology to further
elections where VAA data is available.
Helsingin Sanomat (HS), the biggest newspaper in Finland, published the VAA and
later the candidate VAA data in April, 2011. Questions with a large amount of factual
information were selected for the VAA [35]. These questions were divided into nine
subgroups according to the topic, which were: (general) questions 1–5, pensions 6–8,
economy 9–11, taxes 12–15, defense 16–17, foreign affairs 18–21, domestic 22–26,
localities 27–30. In question 31 the user was asked to pick three parties which they
would most like to see forming the government. A complete list of HS VAA questions
is available in [35] and [205, Appendix 1]. On above mentioned research, VAA data
is analyzed more analytically question by question than in this thesis.
It is reminded that the aim of this thesis differs from the political research. The VAA
data is used to demonstrate how previously unknown and potentially useful information about the multiple choice questionnaires can be explored without a specialist on
a particular ﬁeld. In the experiments political opinions are explored by unsupervised
ML methods and the distributions of the parties in the political space are estimated.
Similar results can be obtained e.g. by analyzing the political manifestos [206]. This
is done since it isn’t advisable for researchers to ask political parties to position themselves in order to ensure the reliability of the research [48]. The proposed analysis
procedure is providing different perspective and gives an opportunity to produce easily the political maps for the democratic countries without any deeper analysis of the
VAA questions.
One of the largest error inputs is the design of VAA and there is a huge effect
how wording and answer format have been used in a questionnaire [207]. Especially,
the before mentioned presence of the quantitative statements should be avoided in
polls. [48] However, in this thesis, the number of observations is large and thus it
can be expected that the voters and politicians understand the questions similarly
on average. This assumption is justiﬁed, especially, when the overall picture of the
political space is estimated.
Also citizens’ VAA answers were available during that time, but this part of VAA
had typical challenges related to data, such as a lot of missing, unreliable and “wrong”
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data. The assumption that the candidate gave honest and real answers is much more
reliable than making the same assumption to citizens’ data, so this data was ignored
from this research. The quality of candidates’ answers in HS VAA was good; naturally, the candidates ﬁll the questionnaire more carefully than the voters [208, 209].
About 80% of nc = 2 315 candidates answered in that poll and provided additional
text answers [35, 205]. It is noted that some politicians may have some intention to be
more right or left, or have more populist opinions [50]. During election campaigns,
candidates and parties raise expectations with the voters. Once elected, politicians
often come out with different implementations [210]. There is also evidence that the
values and opinions of the candidates of the Central party are spread wider, and the
other parties have candidates near the mean or median value of the political issues
and values [211].
A further analysis can be performed after the elections and the publication of the
results. For example, socio-economic variables together with election results are
analyzed by the self-organizing map (SOM) in [212]. This thesis is concentrated
on analyzing party and total distributions. Therefore, the effect of unknown random
factors, e.g. question wording and voting behavior, isn’t so crucial based on the
central limit theorem [213]. This thesis assumes that on average the citizens vote the
best matching candidate based on their values and political thinking, although this
interaction is much more complex [207]. However, this assumption makes it possible
to merge the VAA data e.g. with the number of votes [164]. With this assumption,
the combination of VAA distribution and the election results give an approximation
of voters’ values and opinions. It also provides another perspective to analyze the
funding information for experts like in [214].
In this thesis, M -dimensional political space and three-dimensional visualizations
are generated. The two-dimensional political map is combined with the election results and the funding information providing the novel visualizations e.g. for detecting
atypical candidates in selected contexts.

3.3

Analysis of Car Inspection Data

A-Katsastus Group inspects about one million cars in Finland every year. It carries
out inspections of light and heavy vehicles in Finland, Belgium, Denmark, Estonia, Latvia, and Poland. [33] Similar information has previously been published by
Finnish Transport Safety Agency Traﬁ [215], the Swedish company Bilprovningen,
and the German vehicle inspection chain Dekra. Data exploration is hard, because
yearly data is divided into tables by the age of the car producing hundreds of tables.
Typically, in the reliability rating reports, areas of different rejection reasons in the
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Table 3.1. The proportion [%] of the most common rejection reasons. The values are based on all
published A-Katsastus car inspection data sets of Finnish cars (2009-2012) [33, 217].

in English

in Finnish

chassis

alusta

front suspension

etuakselisto

shock absorption

iskunvaimennus

brake lights

jarruvalot

suspension

jousitus

body

kori

brakes

käyttöjarru

other equipment

muut laitteet ja varusteet

2009 2010 2011 2012
0.8

1.7

1.9

3.2

17.5 16.9 16.6 16.6
4.1

5.7

5.4

3.9
0.0

3.9

3.3

3.5

2.7
0.0

25.3 25.6 24.9 27.9
0.0

0.1

0.1

0.0

steering and control devices ohjauslaitteet

13.1 11.7 13.3 12.4

exhaust emissions

pakokaasupäästöt

21.2 22.7 21.3 20.9

tires

renkaat

2.0

1.7

2.7

1.4

parking brake

seisontajarru

9.6

8.8

8.2

9.1

rear axle

taka-akselisto

2.0

1.9

2.2

1.8

airbags

turvatyynyt

0.2

0.0

0.0

0.0

identiﬁcation number

valmistenumero

0.1

0.0

0.1

0.0

published data are excluded. For example, in TÜV reports [216], the rank, car make,
model, and fault percentage in different model year (registration year) are shown.
In A-Katsastus publications rejection reasons are published with some restrictions:
The car inspection data of Finnish cars (2009–2011) is aggregated in the 13 rejection
reason (RR) classes by the A-Katsastus, see Table 1 in Publication VI. In year 2012,
A-Katsastus published a bit more accurate data using 15 different RRs by adding
classes: brake lights and body [217]. It is assumed that this change by A-Katsastus
has a minimal effect in reliability (see Table 3.1), because only two cars were rejected
by these new rejection classes. The average rejection rate r and the kilometers driven
d were published if a certain car is inspected more than 100 times. With addition
limitation, the maximum of three of the most common RRs are shown when the
same RR was detected more than 10 times.

56

Description of Application Fields

This thesis presents the state-of-the-art visualization techniques of this type of data.
First, a network graph is generated where the cars are connected with the reported
rejection reasons. Second, a visualization tool for exploring SOM component planes
is introduced. It can be used to explore dependencies between different rejection
reasons and other properties of the cars in the four-year period. It helps the users to
make their own conclusions by extracting certain rejection reasons. In addition, the
driver dependent impacts, such as worn tires and driven kilometers, can be taken into
account in the comparison.
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4. Data Driven Process Monitoring

The development of fault detection and diagnosis (FDD) methods began in the early
1970’s [181, 195]. A computer program where an algorithm is implemented to model
an industrial process, detect faults and even perform controlling actions for the systems, is called a soft sensor [119]. In the model based fault detection a forbidden
deviation of at least one variable of the system is detected and the time of detection
and other fault characteristics are analyzed. The most common data driven soft sensors for process monitoring1 are the PCA [53, 195, 218, 219] and partial least squares
(PLS). [119, 220, 221] Adaptive versions of PLS is introduced in [222] and intelligent systems such as fuzzy controllers and neural networks are discussed in [223].
Monitoring of current process state systems is a complex task [224]. Current sophisticated adaptive data driven soft sensors are also discussed in [124]. Process can be
monitored also in the frequency domain. This approach is mainly used to detect immoderate vibrations. [225] The process measurements of these cyclic anomalies can
be observed as peaks in the power spectral densities [98, p.12].
The challenges of data driven soft sensors are mainly related to the time-dependent
behavior of measured signals. A general discussion about the distribution of process data is available in [106, 180]. Industrial process signals have many different
dynamic behaviors in time [114, 226]. Various reasons and sources such as process
and actuator dynamics, time varying deviation referred as ﬂuctuations [98], sensor
noise, trends and seasonality [227], drifts and abrupt changes combine their contributions in some unknown way to the measured data. [223, p.751] The drift is deﬁned
in the terms of process industry as function X = φt (X(∗) ) where X(∗) is process data
without the hidden context – anything that has an inﬂuence on the process [124].
Anomalies related to state change in the process signals can be divided into two
groups: First, the slower changes where the system gradually drifts. Secondly, the
process state goes immediately one to another by abrupt changes. [124, 228] So,
1 Process monitoring addresses the same issue as statistical process control (SPC) [53, p.397]
which is used typically in the process quality control.
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in industrial processes it is almost impossible to separate the effects of speciﬁc phenomena. Therefore, the data driven process monitoring methods have their advantage
compared with the analytical approaches.
The process monitoring schema can be divided into four procedures. The fault
detection is known as an observation of a fault. In fault isolation and diagnosis
are partially integrated where the location and the type of fault is determined. [180]
Process recovery discusses the procedure how the effect of the fault is removed, i.e.
providing the support for appropriate actions [229].
In this thesis, the emphasis is on implementing process monitoring methods for
real data at Olkiluoto NPP. The goal is to improve FDD in industrial processes by
different types of soft sensors, which are meant to use together with existing monitoring methods. The process monitoring is based on the continuous analysis of the
historical data. However, some preliminary ofﬂine analysis is obligatory before implementing online monitoring methods. The structure of this chapter is based on the
representation of the modern industrial process diagram shown in Fig. 2.2.

4.1

Ofﬂine Analysis

The data management tool (DMT) in Matlab environment was developed for ofﬂine
analysis purposes [191, Appendix A]. It includes possibility to preprocess Olkiluoto
data, variable selection and pairwise signal delay estimation. During this thesis work,
a graphical user interface, recursive modeling, and generated control limits were implemented into it. A descriptive statistics of all process signals in all available data
sets is stored into DMT database (DB) and it is used for the preprocessing of the
signals. The global minimum and maximum values of each process variable are used
to scale process measurements, see Eq. (2.14).
In ofﬂine analysis, an overall analysis of the operational conditions can be performed [118]. Principal component analysis (PCA) is the most dominant technique
used in soft sensors [119, p.3]. It can be used also for exploratory analysis like selforganizing maps (SOM) to get an overview of dependencies between the variables.
In this thesis, only a few variables are needed for the proposed model based soft sensors. These variables can be selected e.g. by different exploration methods and with
some known a priori knowledge.
A simple algorithm for creating an artiﬁcial leakage for a certain steam line was
implemented into DMT, because slowly developing abnormal data wasn’t available
for testing the model. The properties of an artiﬁcial leakage, such as a starting time
and magnitude of the leakage ramp function can be deﬁned by the user. A practical
experiment of the artiﬁcial leakage detection is presented in Publication I.
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4.1.1

Variable Selection

Typically a large number of sensors in an industrial process measure hundreds or even
thousands of signals. Data is delivered continuously for monitoring and controlling
purposes [119], and stored data can be used for process and model development. In
this thesis, the model based process monitoring methods are used to monitor a certain
target variable with a few interpretive variables. A small group of relevant variables
which have an inﬂuence on certain output is selected. In the experiments, the NPP
power output is modeled and a leakage detection model is implemented for the main
steam lines in the primary circulation system. However, the same methods can be
used for monitoring other signals too. Therefore manual selection of interpretive
variables is time consuming based on the high dimensionality of the system. These
variables are selected automatically (algorithmically) when there is a large amount of
process signals [75].
Various sources affect process signals and these cannot be extracted. It is assumed
that another process signal measurements have enough dynamical information to
model the target signal. Interpretive variables should have some dependency with
the target variable, but without strong co-linearity. Many redundant actuators and
sensors are present in prioritized processes [40]. This means that partial or complete
redundancy is present and causes data rich but information poor environments [230].
These irrelevant and redundant variables are ignored [104], because modeling results
will not be satisfactory if the interpretive variables have high co-linearity or very
low correlation between the dependent variable. Two different ways concern with
the co-linearity: reducing the space [53] and sophisticated feature selection methods [75, 119]. Principal component analysis (PCA) and the variants are probably the
most common ways to avoid co-linearity in modeling [53, 218].
In this thesis, potential model variables are selected by analyzing the eigenvectors
of ofﬂine process data, see Eq. (2.18). First, the stored process data is range scaled,
see Eq. (2.14), and then it is converted to zero mean. The desired target variable
and corresponding eigenvector is selected. The Euclidean distances to other signal
eigenvectors in M -dimensional subspace are derived. Different selections of potential interpretive variables are achieved by varying M values. For example, M = 2
is suitable for the visual exploration, see in Publication I, Fig.1. The redundant signals are ignored and it is assumed that some of the nearest signals carry valuable
information on the target variable. In Publication I, these variables are used in a process model where the adaptive model coefﬁcients are derived for variables during the
online process. The model can be improved by taking delays between signals into
account as in Publication IV.
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4.1.2

Delay Estimation

In complex systems, causal effects between process signals exist. A delay between
a process input and output is also known as dead time. [180, p.24] For example,
after some temperature change in time t0 , a pressure signal values change at tx in
another part of the process. In addition, signal delays tx may vary depending on
the current process state. Therefore delays can be seen as the function of the process
state. Sophisticated delay compensation methods are discussed e.g. in [98, 231, 232].
In this thesis, the unwanted effect of delay is decreased by ﬁltering, see Section 2.1.3
and by analyzing the lags between the process signals. The selection of parameter
value for sliding window NM A in Eq. (2.10) is based on the experiments. NM A
depends on the data set frequency and the size of the signal noises.
The relationship between variables can be examined by cross-spectral methods [123,
233]. It is assumed that delays between the signals are remaining nearly the same in
the normal process state of the NPP. Delays are examined before modeling, the potential interpretive variables are responding before for some control actions or signal
changes than the target variable. In DMT simple pairwise delay estimation between
process signals is implemented. Delays between the selected signals are estimated by
observing the visualized cross-correlation functions, see Eq. (2.15). As already mentioned, industrial process signals have e.g. drifts or trends [119, 124]. Therefore, the
delay estimates are derived using the signal values without a trend, i.e. the difference
between the current and previous signal values d, see Eq (2.16) with the parameter
value Nd = 1.

4.1.3

Learning the Process

The model can be trained directly from the scratch using the data contained in the
sliding window [124] as discussed in further Section 4.2. However, supervised learning algorithms need more data for training purposes than the sliding window contains.
The feed-forward (FF) and Elman neural network (ENN) are used for modeling the
real process data, see Section 2.2.1. A considerable limitation is that only static
input-output mapping is learned. [96] In practice, the soft sensors should be capable to modeling the online process and therefore the retraining of the neural network
(NN) should be performed on demand.
Process dynamics are learned by dividing a real process data set into training and
test sets. In the experimental part, the Matlab NN toolbox was used where the
Levenberg-Marquardt backpropagation algorithm is available [170]. In supervised
learning, the parameters of artiﬁcial NN adapt so that its output values ﬁt target signal [234]. The main difference in the mechanics of backpropagation compared with
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forward propagation is that adaptation calculation starts from the output weights toward the input weights. In both mechanisms initially randomly selected weights are
adjusted step by step (epochs) in the direction where model error is reduced.
In Publication IV, the model ﬁt between FF and ENN is compared by using the
same combinations of delayed input signal values, i.e. different number of input
neurons, the same process data set and the same type of activation function, see
Eq. (2.22). Different NN topologies are shown in [137], and the architecture of ENN
is shown in Publication IV, Fig.1. In the experiments, a target process signal is an
idle power and it is modeled by the current and past signal values of an effective
power and a generator voltage. All input values are range scaled into [−1, 1] by multiplying the result of Eq. (2.14) by two and subtracting by one. The output is rescaled
back to the original scale before model evaluation, see Section 2.2.4. The number of
previous signal measurements for each interpretive variable is based on the practical
experiments and delay estimates. A temporal memory of the FF process model is
exactly the same as the deﬁned delay for the signal. By implementing positive feedback, the system memory remains a longer time in the ENN context layer [138]. The
detailed experiment setup and a set of different including the best selection for inputs
for both models, i.e. set of model ﬁts are provided in Publication IV. Based on the
best model ﬁt, ENN is better choice than FF in this particular experiment. However,
ENN training is evidently slower than FF model [137].
In addition to supervised learning, this thesis uses unsupervised learning method –
the self-organizing map (SOM). Experiments related to the SOM implementation for
process monitoring have been reported e.g. in [45, 152, 156]. The state change identiﬁcation in the industrial process has been discussed in [31, 184]. A case example
in Publication VIII, a SOM based visualization is designed for NPP data: A valve
position experiments were performed in the Olkiluoto NPP where data was stored
once every tenth seconds. A priori knowledge of valve position is available and the
variable selection of the experiment is based on operator selection. In the experiments, time series data was manually labeled and deﬁned process states were used in
SOM training. The method is able to detect these predeﬁned process states, but the
beneﬁt compared with other process monitoring methods is not obvious. At least, the
larger number of controlled process experiments would provide the better setup for
the network training.

4.2

Online Monitoring

Typically, soft sensors are applied to the process, which stays most of the time in
the optimal steady operational state after the start-up. The process dynamics is com-
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monly taken into account by moving window techniques. [119] This thesis describes
implementations of an adaptive model and neural networks for a single signal in the
nonstationary process. The process is analyzed continuously using historical data and
new information is achieved in each time step. Abnormal process detection is based
on the difference between the model estimate and the real process signal values. It
is also concentrated on descriptive features which give overall information about the
current process state.

4.2.1

Data Driven Signal Process Monitoring

Recursive methods can be implemented directly into online process without ofﬂine
training. An example usage of the method called recursive least squares method
(RLS) with time varying weighted parameters (WRLS) [60] is presented in this thesis.
It is implemented recursively and parameters are changing in the function of time
depending on the process signal behaviors. The method is described in [60, p.41–56]
and in [235] and with some modiﬁcations in [236, 237]. Interpretive variables are
selected based on the desired target variable, see Section 4.1.1:
ϕTt = [x∗t−lag1 (1) x∗t−lag2 (2) · · · x∗t−lagm∗ (m∗ )],

(4.1)

where m∗ is the number of interpretative variables. The preprocessed interpretative
variable x∗t−lagi ,i = x∗t−lagi (i) has a predeﬁned constant delay (lag), see Section 4.1.2.
In this thesis, a modeled and monitored target variable y is one of the four steam ﬂows
in the circulation system. A basic method for parameter estimation is the least squares
method deﬁned as
dt,i=y = ϕTt β + εt ,

(4.2)

where the dependent variable dt,i=y is a linear combination of the regression variables
ϕt and a model parameter vector β with noise εt [60, 88]. In this thesis, this vector
ϕt (m∗ × 1) values are the difference values of the range scaled process signals, see
Section 2.1.3, and thus the output is the difference value of the target signal y. The
values of the parameter vector β are chosen to minimize the cost function J [60] as
1 ∗
(y (i) − ϕT (i)β)2 .
2
n

J(β) =

(4.3)

i=1

Since the system is nonstationary, although the difference of the signal values are
used for modeling, the adaptation of the model parameters is needed. The model can
be recalculated inside the certain frame window, see a rolling regression method [238,
p.342], which is used e.g. in the monitoring of equity market returns by the adjusted
R2 ’s [239]. However, better model adaptivity (e.g. see outliers effect to the R2 ) [95]
and the computational time is saved when updating computations are made recur-
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sively [60]. In this thesis, the model parameters are updated in each time step as


β t+1 = β t + γ t dy,t − ϕTt β t ,

(4.4)

where γ t (m∗ × 1) is an updating factor (UF) vector2 , β t is an adaptive coefﬁcient
vector and the model estimation error êt [191, 235] is inside the brackets. In this
thesis, and for the range scaled variables, the initial values of the model coefﬁcients
are inversion of the number of model interpretative variables.
The recursive computations are discussed in [60, p.49–56] and [191, 235]. The
following relations deﬁne the UF [237]:
PW,t ϕt
,
λt + ϕTt PW,t ϕt

γt = γt =

(4.5)

where PW,t is a m∗ × m∗ conﬁdence matrix [226] and it describes the stability of
parameter estimate vector β t . During the estimation process, the matrix PW,t cell
values decrease assuming that the model is stable and describes the current system.
The algorithm can be improved by different time varying forgetting factors [226, 237]
or error weighting function [240]. The matrix PW,t is deﬁned as
PW,t+1 =

(I − γ t ϕTt )PW,t
,
λt

(4.6)

where λt is a varying forgetting factor and it is based on proportional modeling error,
and it is deﬁned in this thesis as
λt = 1 − αW RLS

|êt |
, λmin < λt ≤ 1,
dy,max

(4.7)

where αW RLS and λmin are system dependent constants. In addition of selected
interpretative variables and preprocessing, the WRLS model depends on parameters
related to the varying forgetting factor: However, with preprocessed data, a decent

choice for the ﬁrst experiment is αW RLS = dy,max = 1. The
êt is minimized
by a large αW RLS value and a very small and positive λmin = ε+ value, but the
variance of the model parameter estimates are large and the modeling results are
sensible neither reliable. Depending the modeling goals, faster model adaption is
achieved with larger αW RLS values, but the downside is the larger variance of the
model parameters. The RLS algorithm effectively turns itself off without forgetting
(λt = 1) [241] or WRLS with λmin = 1. With a such parameter selection, the last
model parameter estimates corresponds the results of normal equation β t = β:
XT Xβ = XT Y.

(4.8)

2 It is also called as the Kalman gain vector [237] of variable forgetting factor RLS (VFFRLS) algorithm or as weighting factors [60, p.51].
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Figure 4.1. A time-variant process modeling example; the engine control unit (ECU) makes it possible
to store and model a car speed (in top left panel) where a solid line is the speed (1Hz) and a
dashed line is an estimate. The car speed is modeled by two interpretative variables: Engine
RPM and its coefﬁcient βt (RPM) = βt,1 is shown in the top right panel, and Absolute
Throttle Position B and its coefﬁcient βt (position) = βt,2 is shown in the bottom right
panel. The measurements can be accessed and stored using the new version of the on-board
diagnostic system (OBD-II) data port. [242] Data (Mazda 6, 2.0 year model 2007, 95E10
octane fuel, and a manual transmission) was recorded during the author’s way from home
to Aalto university in March, 2014. Different gears correspond different process states
and when a model ﬁts the data well, the proportion of revolutions per minute (RPM) and
speed (OBD) is constant and its value is based on the gear ratio, see e.g. t = [300, 1 070].
The variation of the vectors β t=[300,1 070],1 and β t=[300,1 070],2 can be explained by the
measurement error of speed (GPS). The initial value of each model coefﬁcients is zero,
but the fast model adaptation is ensured by large initial diagonal values in the matrix P,
see Eq. (4.6). In reality, the Absolute Throttle Position B doesn’t explain speed at all.
However, β t,2 varies when the vehicle clutch is used, because RPM has neither dependency
with speed. The gear shifts can be seen as “leakages” and these abnormal process states
are detected by monitoring the leakage index values (bottom left panel). A longer gear
change times are more common for inexperienced driver and these events cause larger
leakage index values. The higher RPM xt,1 and speed yt values before the shift cause a
larger estimation error and thus larger leakage index values, see e.g. spikes where t =
[200, 270]. The parameters related to the varying forgetting factor in Eq. (4.7) are λmin =
0.5, αW RLS = 1 and dy,max = 120[km/h].

Anomaly detection in this particular case is also known as leakage detection, which
is discussed e.g. in [32, 243]. An abnormal state is presumable if the model ﬁt is
biased for a moment despite the adaptation of the model, i.e. estimate doesn’t ﬁt the
real target process signal values [181]. In this thesis, the leakage detection is based
on the proposed feature called leakage index I L . The main feature of this approach
is possibility to monitor the cumulative biased estimation error of the model as
ItL =

t


êi ,

(4.9)

i=t−τtL

where the size of the frame τtL is based on condition as
sgn(êt ) = sgn(êi ), i ∈ {t − τtL , . . . , t}.
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In addition, process state changes can be monitored by following the model parameter
β t trends, see Eq. (4.4). A drift can be expected if some model parameter in β t differs
substantially from previously known values. The leakage index is based on the scaled
process data and therefore it should be used to detect leakages in smaller pipes where
ﬂows are signiﬁcantly lower than in the main steam lines3 . The WRLS method can be
even used for time-variant processes, because the existing model is modiﬁed every
time step depending the current model ﬁt, see an additional WRLS experiment in
Fig. 4.1. In this experiment, the gear shifts are detected by monitoring the leakage
index values4 .
Neural models in the online monitoring are able to work only in a situation where
training data is similar to the current state in the process. If it is successfully applied, the results can be used as a part of a decision support system in the industrial plant [244, 245, 246, 247]. A current process state in the SOM is based on a
trajectory of the operating point e.g. in [184, 244]. In each time step, the signal
values are deﬁned as a feature vector. This vector is mapped into a uniﬁed distance
matrix (U-matrix) based on BMU which can be regarded as the current operating
point [156, 248]. Process state transitions are detected by the illustrated trajectory
between the different predetermined clusters [244, p.27].
A novel anomaly process state is assumed if the current process measurements
differ from training data set, e.g. the stored data set during the normal operational
process. One approach is to train SOM with the historical data from the normal
operation state and use randomized process measurements as faulty data as in [153].
Another approach in SOM based process state monitoring is that a difference between
the predetermined threshold and the quantiﬁcation error is analyzed. [184] This thesis
proposes that the neural model is updated after the “normal to normal” process state
changes. A potential indication for the SOM retraining is e.g. an abrupt state change
or control limit exceedances of the process signals, if the current state is not deﬁned
as abnormal.

4.2.2

Overall Process Monitoring by Features

In some processes it is difﬁcult or even impossible to measure some metrics online.
However, these variables can be important key indicators for process control to improve the performance of the system. [119, 198] The aim of descriptive monitoring
3 In steam lines, the ﬂow rates can be up to 400kg/s and the main coolant ﬂow can be almost

9 000kg/s. It means that the method should be implemented into the small pipes and systems
where traditional leakage detection e.g. cameras or moisture measurements cannot be used.
4 Naturally, it is more efﬁcient to monitor the proportion of speed and RPM. However, this
example is meant to facilitate the reader understanding related to the coefﬁcients of the WRLS
method and the idea behind the leakage index.
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is to make possible to get information about the overall behavior of the process. Two
different methods are presented: The ﬁrst one is an unsteadiness index. It is based on
unsupervised learning and the time dependent statistical properties of the signals. It
can be used for the overall ﬂuctuation monitoring of the process. An intuition for the
second method called alarm balance is inspired from the Bollinger bands (BB) [249]
and Six Sigma methodology [250]. The latter one has emerged from statistical process control (SPC) [251]. BB is a fast and time-invariant approach which can also
be used for the industrial process monitoring. It is used in technical analysis (TA) in
ﬁnancial markets as indicator to detect oversold or overbought stocks.
In this thesis, the unsteadiness index is used to monitor the changes (potential
anomalies) of the overall deviation of the selected process signals. The temporal data
properties for these variables are derived each time step t. Transpose of these property vectors deﬁnes an input matrix for k-means algorithm, see pseudo-code in [149,
p.11] for the procedure to minimize the Eq.(2.24). The algorithm classiﬁes process
signals into two (k = 2) categories each time step.
Depending on ﬂuctuation of the signals, selected properties, and parameters related
to them, each signal is continuously categorized into one of these two classes. In this
particular application, classes are called as slow (steady, inactive) and fast (quick,
noisy), because the derived signal properties are MSDV, see Eq. (2.12) and the absolute value of the rate of change, see Eq. (2.16). Based on experiments in ofﬂine,
most of the NPP signals are classiﬁed as slow during the normal process state. In an
abnormal state, process signals deviate and ﬂuctuation is more frequent. The parameter values NM A , Ns and Nd have their effect to the model adaptation as explained
in Section 2.1.3. The size of the groups varies in time, and each signal is assigned
only to one group and the center points of both clusters are monitored.
The process state is monitored by the cluster center points by one dimensional trend
plots, see Publication II, Figs.3–6. An overall picture of the statistical properties of
the signals can be created by analyzing the position of the center points. Another
possibility is to set up a threshold for the unsteadiness and give a notiﬁcation if it
exceeds.
The overall description of NPP process state changes can be given also by a set
of features, which are called alarm balance and alarm sum. These features are able
to detect slower changes where the system gradually changes, when the input has
low frequency i.e. measurement/hour. If high frequency data is available, it helps in
the alarm reduction [114] to solve the problem where faults may cause hundreds of
alarms instantly [196]. The fault detection based on the limit checking by the adaptive
thresholds is discussed in [252, p.95, p.109]. The monitored alarm balance and alarm
sum features are based on the generated control limit (GCL / CL) exceedances. GCL
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has three parts and it is deﬁned for a signal i as
CLt,i = ct,i · [d∗ · σt,i + dDB · σDBi + dM M · (max(xi ) − min(xi ))],
DB

DB

(4.11)

where σt,i is moving standard deviation (MSDV), see Eq. (2.12). σDBi is a median value of MSDVs for signal i in database (DB). maxDB (xi ) and minDB (xi ) are
maximum and minimum values of the signal i in the DB. d∗ , dDB and dM M are parameters deﬁned by the operators and ct,i is based on the number of historical alarms
discussed later, see Eq. (4.14). First part in the formula is based on previous measurements by using MSDV, but it has a drawback – e.g. case where all measurements are
constant in sliding window Ns area. [117]. Therefore CL depends also on the global
statistical properties of the signals; see second and third term in the Eq. (4.11).
The amount of parameters is rather large, but in practice all of them are used to tune
the frequency of alarm notiﬁcations. Method can implement directly to the system
without ofﬂine analysis by setting large values for parameters d∗ , dDB and dM M .
This means that no alarms are given and anomaly process states are not detected.
The beginning of the normal operation state, the continuous feed of data is used for
tuning the parameters. These parameters are tuned based on the frequency and dynamical behavior of the signals. For example, the number of limit exceedances for
signals, which typically have abrupt changes, but low deviation are tuned by dM M
(weighting is based on the range of the signal). In Publication III, the parameter values are selected based on the experiments. The same values can be used as initial
values in other industrial processes. There are no universal values for these parameters and the parameters are meant to be tuned during the process. Parameters are
heuristically tuned based on the possibility to follow upcoming alarm notiﬁcations,
the data frequency, and the tradeoff between false alarms and abnormal process state
without alarms.
Typically, a desired control value is a constant [253, p.1382] in a quality control [254]. In a time varying process, the speciﬁc normal state values cannot be
deﬁned and therefore a moving average of each signal μt,i is used as the center point
of the lower and upper control limits (LCL and UCL). For each process signal, these
two control limits are deﬁned as
LCLt,i = μt,i − CLt,i ,

(4.12)

UCLt,i = μt,i + CLt,i .

(4.13)

and

In small processes, each signal and CLs can be monitored by trend visualizations.
In larger system, this produced information has to be aggregated providing e.g. the
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list of limit exceedances in the control room. However, it may be hard for operators to combine alarms, or separate important alarms from minor events [114] and
understand overall state of the process.
The number of alarms varies between the signals and therefore a time dependent
parameter ct,i is added into Eq. (4.11). It reduces frequency of commonly appeared
alarms and it can be seen as alarm clean up [114] and it is deﬁned as
(s)

ct,i =

(s)

1 + #At,all + #At,i
(s)

,

(4.14)

1 + #At,all

(s)

where #At,i is the number of alarms of the signal i in time period {t−NS , . . . , t−1}.
The number of all alarms of the monitored signals is deﬁned in the same time period
as
(s)

#At,all =

NS
N
area 

#UCLt−k,j + #LCLt−k,j .

(4.15)

j=1 k=1

In this thesis, the control limit exceedances are monitored in divided subareas: a
reheater system, a generator, the cooler and vacuum system, the water supply system,
etc. at the Olkiluoto NPP. More intuitive classiﬁcation by the variable units of the
signals is possible as shown in Publication III, Fig.6. Possible process state changes
can be detected e.g. by observing the process chart where LCL and UCL exceedances
are shown, see Publication III, Fig.7.
In addition of alarm balance A− , see Publication III, Eq.(6), the sum of LCL
and UCL exceedances in predeﬁned areas of the system can be used for the process
monitoring. The alarm sum A+ for each area of the NPP is a cumulative sum with a
forgetting factor5 of LCL and UCL limit exceedances, see Eq. (4.12) and (4.13). It is
based on the recursive function; see Eq. (2.11), without a term (1 − λf ):
Narea
A+
t,area = λf · At−1,area + Σi=1 (#UCLt,i + #LCLt,i ),

(4.16)

where Narea is the total number of signals in certain area, #LCLi (t) and #UCLi (t)
are representing the number of limit exceedances in time step t. Parameter λf is a
forgetting factor (0 < λf ≤ 1) and it stabilize the alarm sum values, see Fig. 4.2.
The forgetting factor λf is chosen manually depending on the purpose of the system
and signal observation frequency. Alarms are shown as spikes in Fig. 4.2, if λf = 0,
but then monitoring of the numerical representation of alarm sum doesn’t provide
information about previous CL exceedances in the process area. Columns in the
matrix A± represent different areas at the NPP.
5 The difference of exceedances is monitored in Publication III. This could be a problem in a
situation where the same number of UCL and LCL limits are exceeded at the same area at the
same time, if only one alarm balance value is monitored. However, by monitoring several
different trends, this type of abnormality can be detected e.g. by alarm balance of variable
units (Publication III, Fig.6) or #LCL/#UCL trends.
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Figure 4.2. An example output of alarm sum based on recursive sum (λf = 0.9) in two process areas
is shown in the trend visualization. First CL exceed is detected at t = 16 in the condensate
puriﬁcation system area.

The alarm sum can be used for fault isolation together with the analysis of process
data measurements and other soft sensor methods. In addition, it can be used as a
visualized process diary in 24/7 processes6 , if a low frequency data is used as input,
see Fig. 4.2. This trend visualization is not able to detect the abrupt changes of the
system, because the calculations are made every hour. However, it becomes possible
to detect the slowly developing changes in process signals, e.g. hourly drifts, which is
one of the most fundamental challenges in process monitoring [255]. In addition, this
visualization provides the alarm information exchange between the operator work
shifts.
The interpretation of alarm sum matrix A+ values is facilitated by excluding the
term (1−λf ) from the recursive function, see Eq. (2.11) and Eq. (4.16). For example,
it is shown that a limit exceed in a condensate puriﬁcation system was reported one
hour before the notiﬁcation in a condensate system. In addition, notiﬁcations of three
alarms have been given in the last 200 hours in the condensate system, see Fig. 4.2.

4.3

Advances in Process Monitoring

Data driven soft sensors are devised to monitor real industrial data in this thesis. It is
assumed that alternative approaches to monitor the process can improve the anomaly
detection in the NPP process by decreasing the miss rate of the faults. Naturally, this
may increase the number of false positives but then by tuning the parameters, the
6 Process in commerce and industry that is running “twenty-four seven”.
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Figure 4.3. An anomaly detection process chart represents the steps of the proposed data driven process
monitoring methods. The research experiments and results are based on the topics shown
in the rectangles. Fault detection is followed by an isolation [180], identiﬁcation and diagnosis [221]. These results can be used for online process recovery and in ofﬂine mode
for process development, see dotted rectangles. Besides the monitoring, the outputs of the
proposed online process monitoring methods can be used as indicator for the neural model
retraining, illustrated as dotted lines.

number of notiﬁcations of potential abnormalities in the process can be decreased.
The advantage is that these methods can be implemented beside an original system
where multivariate time series data is available. A small investment is needed comparing the whole process system, because the implementation of these soft sensors
requires only data input. The outputs of described methods and tools are not used
directly in the automated control system. The main idea is to reﬁne the signal measurements into form that facilitates the interpretation and decision making of the operators in the control room. The summary of proposed process monitoring and fault
detection methods is shown in Fig. 4.3.
The experiments related to time series analysis are based on training simulator and
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real data sets captured in the Olkiluoto NPP. In this Chapter 4, it was proposed a set of
process monitoring methods in order to detect anomalies from continuous feed. The
online methods are illustrated as rectangles below the horizontal dash-dotted line in
Fig. 4.3. Data sets are preprocessed using the statistical properties of the process
signals, which are stored into the database (DB).
Each process signal of the NPP can be modeled by the recursive least squares
model. The leakage index values of monitored variables can be stored to the matrix
IL and used for detecting the cumulation of the biased modeling errors. In addition, operators can observe the adaptive parameters of the models. This which may
indicate of slowly developing anomalies, e.g. drifts [124, 228, 256].
A feature called unsteadiness is based on the k-means cluster center points of the
statistical properties of the signals. The overall dynamical behavior or ﬂuctuation
of the signals is monitored by observing the dynamics of the cluster center point
coordinates. The number of exceedances of GCLs is aggregated and monitored by
the alarm balance and alarm sum, see Eq. (4.16). These process monitoring methods
can be implemented directly to the system without separate training in ofﬂine. The
neural models discussed in this thesis need the ofﬂine training of the system. Changes
of alarm balance and alarm sum features in the online mode indicate the arising
need for the neural model retraining, illustrated as dotted line in Fig. 4.3. In addition,
these features can be used for monitoring abrupt anomalies or drifts depending on the
frequency of data input. The limitation of this method is that the parameters related to
the alarm frequency are determined heuristically. In future research, parameter values
could be tuned based on the controlled experiments in the NPP. As mentioned before,
this anomaly detection method is working beside the original system. Therefore it is
proposed that the parameter tuning is performed online and left for the operators. In
practice, the user interface should provide a possibility to tune parameters in a certain
way where operators get directly the new alarm lists and trends of the alarm balances
for the current and the past data.
The soft sensors based on neural network models require ofﬂine analysis and training data. The model is applicable on the same process state conditions, but after state
changes, it can be retrained. The Elman recurrent network (ENN) ﬁt was slightly
better than feed-forward (FF) neural network in this particular experiment. The reconnected nodes in the ENN enable a possibility to adapt small changes between the
signal lags and model nonlinear dynamics. [96, 137, 138] The output of FF model is
based on the learned behavior of process signals with predeﬁned delays. However,
the capability of the WRLS method should be tested in future experiments to measure
time varying delays between certain interpretative x(i) and dependent variable as
ϕTt = [x∗t (i) x∗t−1 (i) · · · x∗t−lagmax (i)],

(4.17)
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where lagmax is predeﬁned maximum value for a signal delay. The FF model is
retrained with the same lags for the interpretative variables as the largest coefﬁcients
have in the WRLS model.
The process state monitoring, i.e. the analysis of different process states, experiments are based on the self-organizing map (SOM). It is trained by the simulator data
sets and data stored during the valve experiments in the NPP. The online monitoring is
carried out by projecting the continuous data stream on the trained map. The progress
of the process state is monitored by the visualized trajectory as in [180, 184, 244]. It
is possible to improve the method by the larger range of different operational states
in training. However, seldom the whole operational space with all possible and unknown anomalies is available. [153, 180] Therefore, a current process feature vector with a large quantiﬁcation error can be deﬁned to an abnormal process state as
in [184].
This thesis proposes a set of additional methods for the industrial process monitoring. Although the known challenge in the control room is a large number of
monitored trends and alarms [114, 196]. The methods under discussion are not time
consuming to implement and they may give an indication before the original system
of an early state of the process fault. However, all proposed methods have their limitations – in all proposed NPP methods preprocessed values were used, which depend
on the parameter values and derived values in the DB. A large amount of stored data
sets are needed for DB creation. Methods have additional parameters, e.g. forgetting
factor λf and its have effect on the anomaly detection features and visualizations.
Large computation times can be a problem, especially in Publication II where the
k-means algorithm is used in each time step, if the data analyzing frequency is high.
The neural methods have their challenges in training as discussed in Section 4.1.3.
In addition, the projection into the two-dimensional lattice can be challenging, especially when the system has a large number of different process states. It is reminded
that the ﬁnal decision of the process state, diagnosis and control [223] belongs to the
operators and an existing automation system, because any comparative experiments
between the original alarm system at the Olkiluoto and the proposed soft sensors are
not performed.
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5. Static Multivariate Data Analysis and
Visualizations

In this chapter, information is extracted from data sets and transformed into another
structure for further use. The aim is to provide alternative perspective for information
exploration. Novel visualizations can be used for identifying hidden dependencies
and anomalies on the data. The thesis introductory part provides discussion about the
experiments and sensitivity analysis performed during the experiments. The effect of
parameters on the visualizations is described and related visualization examples are
provided.

5.1

Estimation of Multidimensional Political Space

Many studies related on political congruence are based on the average of party properties in two dimensions. Usually, the questionnaire responses are visualized in predetermined coordinate system where each axis refers to a certain topic e.g. left vs.
right oriented policies or some other values. [50, 211, 257]
A state-of-the-art solution to explore congruence between parties, candidates and
voters is explained in this thesis. Experiments are based on the voting advice application (VAA) data of Finnish Parliamentary elections in 2011. A political map is
generated where each axis refers to all VAA answers with varying weights.
The categorical data, see Eq. (2.2), is converted to a binary data matrix. This quantiﬁcation step is suitable for both multiple choice questionnaires with categorical data
and for Likert scale [92] questionnaires. The categorical data is converted into binary
type high-dimensional space as
⎡

⎤
x1,1

x1,2

. . . x1,k∗

⎢
⎢
⎢ x2,1 x2,2 . . . x2,k∗
X=⎢
..
..
⎢ ..
..
⎢ .
.
.
.
⎣
xn,1 xn,2 . . . xn,k∗

⎥
⎥
⎥
⎥,
⎥
⎥
⎦

(5.1)

where n is the number of observations. k ∗ is deﬁned as a sum of all option possinq
bilities in all questions Qs∗ , k ∗ =
s∗ =1 #optionss∗ , where nq is the number of
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questions.
Cells in the matrix X can be weighted based on a priori information deﬁned by
the application area specialist. It becomes possible to explore the relations of the
candidates by setting more weight for the answers which related to the certain topic.
A matrix element xi,j in Eq. (5.1) is zero or Ns∗ . The answers of each VAA question
can be weighted equally as
Ns∗ = 1 ∀s∗ .

(5.2)

However, this procedure gives a higher weight for questions with many answer options, e.g. for the question [35, 205] number 21 which was a multi-choice question in
HS VAA. In this thesis, three different weighting rules for VAA answers were tested
during the experiments. Based on the visual experiments, described after Eq. (5.4),
the used answer weight Ns∗ of a question Qs is a square root of an inverse of the
number of answer options in the question Qs :
N s∗ =

1
.
#optionss

(5.3)

In the VAA, each candidate had a possibility to give a personal weight (importance)
for each question [35]. These verbal weights are also quantiﬁed: The candidate’s
selection for the importance of each answer was stored in a weight matrix Wb (n ×
k ∗ ), where a matrix element wi,j is 1 − a where a ∈ [0, 1] (candidate’s selection for
his/her answer is not so important), 1 (default) or 1+b where b ≥ 0 (important). With
larger b, radical candidates are projected far from the center by questions which really
divide opinions between the candidates. By setting parameter b large, anomalous
candidates with stronger opinions are detected. For example, if a = 0.9 and b = 1.0,
candidates with strong opinions are separated from other candidates compared with
the parameter values where opinion weights are ignored (a = b = 0). The answers
with the selection of “low importance” are almost ignored from the analysis, if the
parameter a = 0.9. A candidate answer matrix for further analysis is deﬁned by
element-wise product (Hadamard product) [258] of answer and weight matrices as
Xb = X  Wb .

(5.4)

Finally, matrix Xb is mean centered before further analysis. The produced ordinal
scaled1 multivariate data is reduced into M -dimensional space, see principal component analysis (PCA) scores in Eq. (2.19). After the data matrix preprocessing, the
matrix in the lower M -dimensional space can be used for further calculations. In this
thesis only two-dimensional scores are used in the experiments.
Easily understandable visualizations can be produced by PCA by reducing data
into two-dimensional space [127]. The orthonormal projection makes it possible to
1 The binary data is converted to the ordinal scale by multiplying it by Likert-scale data.
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Figure 5.1. Three different weighting rules for questions were tested during the experiments; i) All
answer options are equally weighted. ii) The weight of answer option is an inverse of the
number of answer options in the question. iii) The answer weight Ns∗ of question Qs
is a square root of an inverse of the number of answer options in the question Qs . The
explanation ratio for the ﬁrst R12 and the second component R22 are the best in the panel
ii, because the questions with a low number of answer options have the largest weight.
However, some parties are divided into two clusters, see e.g. VIHR candidates in the panel
ii. Parameters a and b are coefﬁcients used for weighting the candidates’ selections related
to the question importances, see Eq. (5.4).
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Figure 5.2. The effect of the parameters a and b related to the PCA scores are examined. The distance
measurements between the mean values of the parties are robust when decent values for a
and b are used. However, e.g. the mean value of VIHR (VIHR) is closer party VAS than
SKP if the VAA answer importance options are ignored, compare panels i and iii. In Publication V, Table 1, the complete list of the party labels is provided. The explanation ratio for
the ﬁrst R12 and second components R22 can be maximized by increasing the coefﬁcient b.
It is not advisable, because this also increases the variances of the parties and the question
importance wouldn’t be reasonable.

use simple distance measurements, see Section 2.3. The experiments related to the
different weighting rules for VAA answers are tested, and some of the test results
are shown in Fig. 5.1. PCA scores with different weighting parameters a and b with
selected NS ∗ are shown in Fig. 5.2, see also an additional discussion in Publication
V, Section 4.1.
Instead of plotting individual observations (more than 2 000) and group means in
the two-dimensional PCA plane2 , in this thesis, the political map is described by a
surface in the coordinate system based on two principal components with the largest
2 PCA scores (1st and 2nd ) and the 1st component of limited VAA using only certain

topics (see Publication V, Ch.2) are visualized using the Google motion chart: Visualization of the Members of the Parliament (MPs) in the Apps4Finland 2011 contest (in
Finnish): http://users.ics.aalto.ﬁ/talonen/apps4ﬁnland/motion/, retrieved at November, 2014.
These vectors are labeled by a: and other observation speciﬁc factors e.g. funding e: and the
candidate age i: are included in this dynamic visualization.
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variance. The clarity of the visualization is facilitated by blurring the data points using the Gaussian ﬁlter [259]. In addition, the distributions of the observation speciﬁc
factors can be summed and the effect of it can be interpreted by different 3D visualizations3 . The unidimensionality (uncountable) of observations in R2 , as discussed
in [260], can be a reason for using some of the components {3, . . . , M } with lower
variance instead of {1, 2} for the visualization. The dimension selection can based on
the loading values or the research goals. However, in the latter case, it is suggested
in order to manipulate weights in Eq. (5.2) if atypical candidates have to be detected
in certain context and thus some topics are seen more important than others.
The surface on the value grid, or referred as a value grid, can be considered as
continuous coordinates, but computation is performed in a discrete scale, see (5 × 5)
grid in [94, p.147]. In this thesis both axes have scale [−100, 100] i.e. the size of the
grid gs = 201 is (201 × 201). This scale helps the interpretation of the visualization4 .
The accuracy of the grid has effect on calculation time and no beneﬁt is achieved if it
is too high. A cell size 1 × 1 ensures an appropriate resolution for the visualization.
Different answer combinations set politicians in #cell = 2012 different locations,
but in practice the most extreme values in the map are inaccessible.
The value grid for visualization purposes is constructed by combining the PCA
scores; see Eq. (2.19) and two-dimensional Gaussian function, see Section 2.1.2.
The range scaled score coordinate for candidate y in component i is deﬁned as
sy,i =

s∗y,i − min(s∗i )
· 200 − 100,
max(s∗i ) − min(s∗i )

(5.5)

where s∗i is a score vector of the component i. Scores are orthonormal vectors and
Eq. (2.8) is used for deﬁning a distribution Bc for each candidate y in the value grid
as



bcy (i, j) = Ae

−

(i−sy1 )2
(j−sy2 )2
+
2
2
2σ1
2σ2



,

(5.6)

where the coefﬁcient A is the amplitude, the center of the distribution is (sy1 , sy2 )
in the grid and in this study σ1 = σ2 = σ. The parameter σ deﬁnes how much
opinions can vary between a citizen and a certain politician to get voted. In practical
implementation, see pseudo code in [261], almost perfect accuracy is achieved if
calculation for each grid cell is performed for the cells within the kernel size 6σ.
Finally, a distribution volume for each candidate is scaled to one by parameter A. It
means that if the score center of candidate y is near the border of the value grid Bcy ,
the amplitude A is larger. In extreme cases, if σ = 0 it is assumed that only voters
3 An animation of the value grid creation: http://youtu.be/tT1FfHShUQI, retrieved at November, 2014.
4 Let’s assume that axis is interpreted as left vs. right and a certain politician get negative
value on that axis. The candidate opinions can be seen as left oriented based on the VAA
answers.
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having exactly the same opinions with the candidate get voted. Then the surface has
spikes in the corresponding PCA score coordinates. Inﬁnite σ causes a ﬂat surface
and only label of the party with the most votes is shown. It is assumed that politician
opinions in the VAA are totally ignored by the voters.
Better estimation for the political map can be achieved by some questionnaire
where both voter and candidate answers and voting behavior is known. However,
the arrangement is hard to perform and it is not included in this thesis. In this thesis
a constant σ value is used, although σ (referred also as bandwidth or smoothing parameter) can be estimated with varying methods as in [262]. The parameter σ = 8
in all VAA visualizations, expect in Fig. 5.3 where σ = 6, which provides better
understanding for the reader how different standard deviation values effect on the
surface and labels on it5 . It also provides another example of the data set exploring possibilities, if some limitations are used, e.g. certain electoral district or sex
of the candidates. The selected parameter value (former mentioned) is based on the
different visual experiments and a simple deduction: First, it is expected that people make voting decision based on vague opinions and quite randomly, e.g. moving
voters [264] who don’t stand by their party [265, p.14–15], but still their voting behaviors have some match with the best match candidate. In addition, the criteria to
select candidate is based on politician’s opinions even with the strongest partisans,
because they must select an individual candidate to vote for [266].
In practice, it is assumed that an individual voter with strong opinions related to the
certain axis in the value grid, can vote a candidate with average opinions and rarely
vote the candidate with opposite opinions. Secondly, it is concentrated on analyzing
party and total distributions and therefore the effect of unknown random factors, independent random variables, isn’t so crucial based on the central limit theorem [213].
Third, this parameter choice also facilitates the interpretation of the value grid visualization. The candidates of a certain party generate a distribution with only one or
few peaks. Anomalous candidates in this party can be detected as peaks outside the
main surface area.
The value grid is produced with a kernel density estimation method without explicitly using the meaning of VAA questions. The distribution Bc∗y is the product of
the number of votes vy and the two-dimensional Gaussian distribution in Eq. (2.8) of
each politician y as
Bc∗y = vy · Bcy .

(5.7)

An approximation of the Finnish voters’ values are deﬁned as a sum of candidate
5 More smoothing examples are available in [262, 263] and an interactive toy data visu-

alization is provided for testing the parameter effects to the one-dimensional distributions
at https://www.desmos.com/calculator/r775zrzdce, retrieved at November, 2014.
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Figure 5.3. In this visualization, an estimate of the values of the voters at Helsinki is shown with a
rather low σ = 6. The parameter value is used to deﬁne the standard deviation of the
voting probability functions. The surface is a rough estimate of voters’ values in Helsinki
district – assuming that citizens’ voting behavior is based rather strictly on the candidates
VAA answers, i.e. σ is low. The rendering in this distribution is based on the maximum
representation of the party in each current area of the surface and the opacity option is
ignored. The range scaled scores, see Eq. (5.5), of the ﬁrst principal component are shown
on the nearly horizontal axis and the second component is represented by another one. The
current Members of the Parliament (MPs) at Helsinki district and the volume Bcy of each
candidate density function, i.e. the number of votes is shown as a label in the coordinate
(sy1 , sy2 ). The president of each party is shown by a larger font with a party label in the
brackets, if he/she is present in this district. Each party label is located in the mode of the
party surface Bpz .

value distributions weighted by votes as
Bcitizens =

nc


Bc∗y ,

(5.8)

y=1

where nc is the number of candidates in the elections6 . Different value grids are
generated similarly. It is possible to combine funding information, analyze the voter
values of a certain party, make comparisons between values of voters and candidates
in certain electoral districts, etc. The distribution difference between the value grid
and the value grid of the MPs can be seen as congruence between citizens and policymakers.
The rendering label of the surface is based on the maximum representation of the
party in each grid position as
r(i, j) = f (zmax (i, j)) = f (arg maxBz (i, j)),
z

6 The number of candidates in the Parliamentary Elections (2011) was n = 2 315 [35].
c
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where z is a party label7 and function f maps it to color r. The opacity o of the surface
is a function of the difference between the highest party z representation related to
other parties as
o(i, j) = g(maxBz −
z



Bz  (i, j)),

(5.10)

z  =zmax (i,j)

where function g maps the label color opacity o in the value grid position (i, j).
For example, the Centre party (KESK) rendering has lower opacity, i.e. it is more
transparent, because PS, KOK, SDP and RKP have representation in the same area
in the value grid. In addition, the candidates of KESK had rather heterogeneous
opinions in the VAA and thus they are spread in larger area than other parties on the
value grid. Naturally, KESK candidates pursued the same votes as the candidates
of the other parties which are located near them on the value grid8 . For instance,
the volume of intersection between KESK and KOK is larger than KESK and VAS:


Bp=KESK Bp=KOK
Bp=KESK Bp=VAS .
The rise of new issues in the society has its effect on the value grid. Such topics as
environment and immigration into EU have helped political newcomers to challenge
the traditional parties [205, 270]. In addition to these topics, the candidates of the PS
party had strong opinions on giving adoption right for gay couples and on the role of
the Swedish language in Finland [205]. Based on the experiments, all these topics
have a positive loading on the second principal component. Recent studies about the
Parliamentary elections in 2011 conﬁrm that the leadership and media strategies of a
party can have a vitally important effect in gaining votes for party i [270, 271]. The
proposed procedure and extracted information may help on decision making of the
politicians during the political campaign9 .
One of the beneﬁts of this method is that the absolute high loading values of the
PCA model, i.e. important issues are automatically detected without having knowledge from the investigated ﬁeld. Of course, if a researcher has a strong background
of his/her research ﬁeld, simpler methods with a few important variables should be
considered. However, this combination of PCA and density function is useful for
exploring and checking the assumptions of variable dependencies based on a priori
knowledge. The political maps of the MPs and politicians in the opposition are com7 See in Publication V, Table 1 for the complete list of the party labels.
8 This can be one of the reasons why KESK party (with lack of conﬁdence [267, p.53]) lost a

large number of seats in the Parliamentary elections in 2011, see Publication V, Table 1. On
the other hand, numerous reasons e.g. being in the opposition and new party president, KESK
party will have beneﬁt in the next Parliamentary elections (2015) of these moving voters, and
the large number of its regular voters [268, 269].
9 There is evidence of ML’s positive effect on the succeeding of the presidential election
campaigns. In the United States, one of Obama’s advantages against Mitt Romney was the
data and the team of dozens data crunchers [272] e.g. by analyzing the polling data [209]
“like as” the public opinion was monitored in the 1964 elections [273].
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Figure 5.4. In this visualization, an estimate of the values of the Finnish voters is shown. The
volume of the surface is the same as the number of accepted votes in the elections,
V = 2 955 865 [164]. The surface describes the relative density of citizens who vote a candidate representing his/her values. The rendering in this distribution is based on the maximum representation of the party in the value grid. The range scaled scores, see Eq. (5.5),
of the ﬁrst principal component are shown on the nearly horizontal axis and the second
component is represented by another one. The current MPs and the volume Bcy of each
candidate is shown as a label in the coordinate (sy1 , sy2 ). The president of each party is
shown by a larger font with a party label in the brackets. Each party label is located in the
mode of the party surface Bpz .

pared in [274]. In further research, these two groups could be compared by taking
into account both voters and VAA data set, i.e. the number of votes and proposed
value grids.
The value grid, in Fig. 5.4, with limitations in Fig. 5.3, and with modiﬁcations in
Fig. 5.5, can be used as a support in the political research. VAA data is representing
just a small part of the political data, but it is possible to add almost any available
data into the grid analysis. The relations of the selected candidates can be visually
explored in the Matlab environment. These value grids provide interesting possibilities to explore different issues and their relation to the political ﬁeld and the heads of
the parties, see Fig. 5.5.
The ﬁrst principal component covers information about more traditional values
such as opinion about nuclear power10 and the differences in the incomes.This component can be interpreted roughly as a traditional left-right classiﬁcation of the parties.
The list of registered parties is shown in Publication V and the quantiﬁed *(left/right)
10 Question 3 in HS VAA: In the spring of 2010, the government granted two nuclear power

licenses. The third applicant, Fortum, was denied one, but hopes to receive permission from
the next government to replace two reactors in the Loviisa NPP. Should Fortum be granted
the license? [205]
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Figure 5.5. This visualization represents a rough estimate for the funding [e] of one vote (z-axis) in
the value grid, i.e. the funding grid Bf . The axis in the nearly horizontal direction is for
the ﬁrst component and the second component is representing the other axis. Three white
lines divide the distribution into four areas based on the probability of candidates stand
on nuclear power. Areas are from left to right: 0–25, 25–50, 50–75, and 75–100 [%].
The labels in the corners of the surface are transparent, because the lack of reliability, i.e.
Bcitizens ≈ ε+ , see Eq. (5.8).

values for each party z are deﬁned in [274, 275]. These *(left/right) values have the
dependency with the median values of the party distribution Bpz .
The total funding of individual campaigns is achieved from the voluntary announcements of funding for each candidate k before the elections [165]. The target data was
expanded by scraping the total funding fk in the announcements of nf und = 925 candidates, see Fig. 2.1, and merged with the value grids. The funding grid Bf is deﬁned
as

nf und ∗
bck (i, j)fk
bf (i, j) = k=1
,
nf und ∗
k=1 bck (i, j)

(5.11)

but very reliable conclusions cannot be made, because less than half of the funding
information was available (nc = 2 315), but a rough approximation for the price
of one vote on the value grid can be estimated. For example, the price of one vote
was the highest for the candidates who represented radical values and thus higher
funding is more “normal” in this context11 . In addition, the approximation of the
probability of the candidates’ opinions about the new NPP construction permissions
11 The proportion of the voluntary announcements and the number of candidates varies be-

tween the parties, e.g. it is larger for VIHR party than KOK and PS [165]. This naturally has
effect on the reliability of the value grid.
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in the Parliamentary election is shown in Fig. 5.5. For example, with more than 75%
probability of given votes a candidate was supporting the nuclear power in the VAA
is shown in the divided area in the right side of the grid.
At this point, the author leaves the deeper political analysis for the experts of the
political ﬁeld. However, the author is reminding the reader that ML algorithms combined with the VAA and other data sources, e.g. Twitter data [276] and additional
information of MPs [275, 277], open completely new opportunities in the ﬁeld of political research. For example, Finland has a proportional system with open lists and
multi-member districts and uses the d’Hondt formula [278] to allocate seats. It can
be possible that this or some other formula [279] decreases the congruence between
citizens and selected MPs. In further research, this difference could be measured by
analyzing the normalized difference between voter and MP value grids, see in Publication V, Fig.2 and Fig.4.

5.2

Exploring Incomplete Qualitative Data by Quantitative Methods

An aggregated information about car rejection reasons is published in dozens of tables on the basis of a registration year, a make and a model of a car. These tables
can be illustrated by a mix of data table and graphic [94, p.174], or by scatter plots,
pies or bar charts12 . These visualizations facilitate the exploration of the rejection
reasons (RRs) of the published car inspection data. However, even more information
can be provided by estimating the values for infrequent faults and those cars, which
are missing from some of the data tables.
In this thesis, two alternative ways for exploring car inspection data sets are presented, see Publication VI and Publication VII. The procedures used in this thesis
have their disadvantages, because the data sets are incomplete and a large number
of parameters are used. This can cause vague values for single estimates. However,
the results are useful for data exploration. These visualizations provide the possibility to understand how different RRs are related to each other and which cars can be
classiﬁed as anomalous during these years.

5.2.1

Graph Modeling

Gephi software provides an interactive environment for the network exploring [281].
In addition to interaction such as zooming, labeling, more important is the experimental tuning of the parameters. A graph network is a classical way to visualize complex
networks [282] and it is used i.e. in social network analysis (SNA) [58, 283]. The
12 Katsastusdata-avain was awarded in Apps4ﬁnland 2013 contest [280].
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node positions in the graph are found out by various iterative layout models [57],
such as Fruchterman-Reingold [284] or ForceAtlas2 [285, 286]. In this thesis, the
network layout is based on the latter one.
The intuition is to identify dependencies between the variables, e.g. ingredients in
recipes as in [59]. However, in this thesis two different deﬁnitions are given for the
nodes. They represent both rejection reasons (RRs) and cars (make, model, registration year). These ﬂaws and cars can be explored by investigating nodes situated to
the same area in the produced graph visualization.
The ForceAtlas2 method deﬁnes forces between the nodes. It simulates the physical system where nodes repulse each other like magnets, attracting like spring by
the edges between the nodes. These forces cause a movement for randomly initialized nodes and the network converges on a balanced state. The disadvantage of the
ForceAtlas2 compared with Fruchterman-Reingold is the large number of parameters. However, these are mostly related how visualization is spread in the visualization area: a parameter for the overall scaling, smaller edge weight parameter value
creates wider graph, a gravity parameter attracts nodes to the center of the graph,
etc. [285, 287]
The data has been published in almost the same format since the year 2009 [217].
In this thesis, these A-Katsastus [33] data sets are quantiﬁed into matrices Xyear for
all publication years. Each matrix has #RR rows and #cars columns and matrix
values deﬁne the edge weights between cars and rejection reasons. Additional edges
are added to the graph model, because some cars may have no information about the
rejection reasons. In Finland, cars that are three years old are inspected for the ﬁrst
time. In other words, if a car is registered in 2009, it is inspected for the ﬁrst time
in 2012. Naturally new cars have fewer rejections and therefore it can be possible
that no RR data is available for certain car(i, 2009). Some sort of RR estimation
for (newer) cars without any data is made possible by connecting cars which have a
difference in the registration year ±2. If some RR1 is listed for car(i, 2008) and RR2
for car(i, 2007), the car(i, 2009) is connected into car(i, 2008) by a weak edge and
by even a weaker connection into the node car(i, 2007). The visualization is facilitating the understanding of the overall picture of the system, because the parameters
are chosen in a heuristic manner.
Gephi software provides the straightforward approach to understand time dependent networks [281, 288]. Graph layout changes and dependencies can be explored
yearly while the size of nodes and edge weights change13 . In the preprocessing phase,
the data set is converted to the supported software format. All information of RR and
13 A short demonstration video where car inspection data is explored by Gephi software:

https://www.youtube.com/watch?v=rQxCeX8Cd7o, retrieved at November, 2014.
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car nodes and edges between them are stored into “gexf”-ﬁle as shown in examples
below:
...
< node i d ="V7" L a b e l =" s t e e r i n g " s t a r t = " 2 0 0 9 " e n d o p e n ="2013" >
<attvalues >
< a t t v a l u e f o r =" s i z e " v a l u e = " 2 0 " s t a r t = " 2 0 0 9 " e n d o p e n ="2010" > </ a t t v a l u e >
< a t t v a l u e f o r =" s i z e " v a l u e = " 2 0 " s t a r t = " 2 0 1 0 " e n d o p e n ="2011" > </ a t t v a l u e >
< a t t v a l u e f o r =" s i z e " v a l u e = " 2 0 " s t a r t = " 2 0 1 1 " e n d o p e n ="2012" > </ a t t v a l u e >
< a t t v a l u e f o r =" s i z e " v a l u e = " 2 0 " s t a r t = " 2 0 1 2 " e n d o p e n ="2013" > </ a t t v a l u e >
</ a t t v a l u e s >
< v i z : c o l o r r = " 2 4 7 " g = " 0 " b ="0" > </ v i z : c o l o r >
</ node >
...

All rejection reasons are visualized by the constant size red circles. Each car node is
visualized based on the information about rejection rate r as the size of the circle and
its age is shown as circle color. For example, 28.77% of CHRYSLER-PTs have been
rejected in the year 2009 and year later the rejection rate was 34.68%. [33]
...
< node l a b e l ="CHRYSLER−PT ( 2 0 0 0 ) " i d =" m120 " s t a r t = " 2 0 0 9 " e n d o p e n ="2013" >
<attvalues >
< a t t v a l u e f o r =" s i z e " v a l u e = " 2 8 . 7 7 " s t a r t = " 2 0 0 9 " e n d o p e n ="2010" > </ a t t v a l u e >
< a t t v a l u e f o r =" s i z e " v a l u e = " 3 4 . 6 8 " s t a r t = " 2 0 1 0 " e n d o p e n ="2011" > </ a t t v a l u e >
< a t t v a l u e f o r =" s i z e " v a l u e = " 3 2 . 6 9 " s t a r t = " 2 0 1 1 " e n d o p e n ="2012" > </ a t t v a l u e >
< a t t v a l u e f o r =" s i z e " v a l u e = " 3 0 . 2 5 " s t a r t = " 2 0 1 2 " e n d o p e n ="2013" > </ a t t v a l u e >
</ a t t v a l u e s >
< v i z : c o l o r r = " 0 " g = " 9 9 " b ="156" > </ v i z : c o l o r >
</ node >
...

The edge weights between the nodes are dependent (two percentage points / order)
on the published RR order, see Publication VI, Eq.2. For example, steering (V 7) was
3rd common rejection reason for cari = CHRYSLER-PT in the year 2009 and the
year=2009
edge weight is ri,j
· 0.1 = 2.877. The next two years it was 2nd common,
year
· 0.12. In the year 2012
and based on the chosen parameters, the edge weight is ri,j

steering was no more listed as a common ﬂaw. The last edge is a weak connection
to the node (m121) which is one year newer car with the same make and model.
However, the effect of RR order, the publication year effect and the Gephi parameters
related to the interpretation of the visualization is rather small, see Fig. 5.6.
...
< e d g e s o u r c e =" m120 " t a r g e t ="V7" I d = " 2 0 8 0 3 " s t a r t = " 2 0 0 9 " e n d o p e n ="2012" >
<attvalues >
< a t t v a l u e f o r =" Weight "
v a l u e = " 2 . 8 7 7 " s t a r t = " 2 0 0 9 " e n d o p e n ="2010" >
</ a t t v a l u e >
< a t t v a l u e f o r =" Weight "
v a l u e = " 4 . 1 6 1 6 " s t a r t = " 2 0 1 0 " e n d o p e n ="2011" >
</ a t t v a l u e >
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Figure 5.6. The effect of the Gephi parameters is tested by ignoring the RR order and the publication year, i.e. a(k) = 0, k ∈ {1, 2, 3}, see Publication VI, Eq.(2) and λG = 1.
Gephi parameters have their effect to the learning rate and the distances of the nodes.
The relative locations remain approximately the same between the most common rejection reasons, because the network topology is the same. However, RR with low rejection
proportion vary, e.g. the location of chassis and rear axle are different, see Table 3.1.
Both graphs have been trained by ForceAtlas2 with random initialized node locations.
Parameters: Left) EdgeW eightInf luence = 0.5, Scaling = 50, Gravity = 5.0,
and T olerance = 0.05. Right) EdgeW eightInf luence = 0.1, Scaling = 30,
Gravity = 2.0, and T olerance = 0.1. The additional unclassiﬁed node, most of the
car nodes and RR nodes, which have very low rejection proportion are deleted after layout
learning to facilitate the clarity of the visualization.

< a t t v a l u e f o r =" Weight "
v a l u e = " 3 . 9 2 2 8 " s t a r t = " 2 0 1 1 " e n d o p e n ="2012" >
</ a t t v a l u e >
</ a t t v a l u e s >
</ edge >
< e d g e s o u r c e =" m120 " t a r g e t =" m121 " I d = " 2 0 8 1 5 " s t a r t = " 2 0 0 9 " e n d o p e n ="2012" >
<attvalues >
< a t t v a l u e f o r =" Weight " v a l u e = " 0 . 2 " s t a r t = " 2 0 0 9 " e n d o p e n ="2012" > </ a t t v a l u e >
</ a t t v a l u e s >
</ edge >
...

In the animated graph model there is no edge between this RR and car when
year = 2012, but still it is situated in a graph approximately the relative same location based on the forces of other RR dependencies. In this thesis, for printed visualizations data were aggregated into one matrix, see details Publication VI, Eq.(3),
p.40. Naturally some information is lost, but it can also be seen as advantage: For
example, an estimate for edge weight between cari =“CHRYSLER-PT(2000)” and
RRj = “suspension” is derived using a forgetting factor λG = 0.8 as
Z(i, j) =

0.83 · 2.877 + 0.82 · 4.1616 + 0.8 · 3.9228
= 2.464,
1 + 0.8 + 0.82 + 0.83

(5.12)

whereas the edge weight would be zero, if it was explored using only the newest data
set.
The graph model in Fig. 5.7 is generated with the same parameters as in Publication
VI, but with newer data by merging A-Katsastus 2012 data tables. The proposed extra
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Figure 5.7. A network layout of RRs and cars is based on ForceAtlas2. It is visualized without an
additional unclassiﬁed node using the car inspection data published in years 2009–2012.
The RR classes are represented as 15 constant size red circles. Old cars are represented
by blue circles and newest (year 2009) by green circles (#circle = 1244). The most
common RRs and cars are connected and the same cars (make and model) with registration
year difference ±2 are connected. Size of the circle and edges between cars and RRs are
proportional with the rejection rate values in the vector r. A rough estimate of the most
anomalous cars can be made by this graph – anomalies are large green circles in the area of
small blue circles and vice versa.

edges between the cars and a main node called unclassiﬁed are added into the model.
The edge weight between this node and car i is based on the amount of missing
information and it gets values [0.64, 1], see details Publication VI, p.40. Without
parameter gravity and the edge to unclassiﬁed node, some new cars do not have any
connection to any RR and it would lead totally random placement in the graph. The
additional unclassiﬁed node is deleted after layout learning to provide a better overall
picture of the connections14 .
Cars with similar RR connections are situated near each other in the graph. By
observing the graph model in Fig. 5.7, the dependencies between rejection reasons
14 In Publication VI, p.41, the unclassiﬁed node is included to the graph model visualization.
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can be discovered and rather rough conclusions can be made: The most common
rejection reasons for new cars are tires, airbags and shock absorption. Cars which
have problems on steering and control devices have more likely problems with front
suspension and suspension than with shock absorption. Body and chassis problems
are typically present with older cars which naturally have also higher rejection rate r.
Graph model visualizations are impressive, but with large data sets they start to
seem as hairballs caused by the central actors of the network [58]. In car inspection
data, these are rejection reasons (RRs): front suspension, brakes, steering and control
devices, and exhaust emissions, see Table 3.1.

5.2.2

Collaborative Filtering and Self-Organizing Maps

The original goal was to facilitate the information extraction by visualization and
thus provide novel knowledge, e.g. hidden anomalies, extracted from the car inspection data. Another effective way to achieve this goal is the self-organizing map
(SOM) [80, 127, 289]. As discussed in Section 2.2.3, a complete data matrix X
is needed. Therefore, before the SOM method, all missing rejection reason (RR)
probabilities for i for each car j are estimated using the A-Katsastus RR lists. This
thesis uses collaborative ﬁltering (CF) [290, 291, 292] as a preprocessing and missing value imputation method. The fundamental assumption of CF is that cars with
almost similar RRs would be rejected similarly on the other reasons. Different types
of recommender systems and CF algorithms such as memory-based CF, model-based
CF and hybrid recommenders have been developed [65, 293, 290]. The main advantages and shortcomings related to implementation, scaling, prediction performance,
etc. are listed in [65].
In this thesis, with CF or recommendation system, it is referred to a multiple regression [37, p.157] based algorithm [65] with a regularization term [99, p.10] which
is used for modeling data set with missing values.
Matrices Y and R, see Eq. (2.3) and Eq. (2.4), have #RR · #years published rows
and #cars columns. A-Katsastus publication limitations, see Section 3.3, and the fact
that newer cars are not inspected every year causes zero values to the data matrices
Y and R. For example, if car j is not present in the data table, cell r(i, j) = 0,
otherwise 1. If car j was rejected based on reason i in certain year, cell y(i, j) = 1,
otherwise 0.
In this Publication VII, information about the order of popularity of rejection reasons is ignored. In practice, the probability of certain rejection reason for car j is
pj (RRi ) ]0, 1] and it is only known that pj (f irst RRi ) > pj (second RRk ). Some
additional and unwanted bias may show up in the coding of matrix Y cells e.g. in
an extreme situation, it is possible that pj (RRi |rejected) = 1, if a car j is rejected
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based only one RR.
The CF algorithm learns simultaneously the relative estimates for all the RRs as
well as parameters for all the cars. The cost function J is deﬁned as
J=

1
x(1) ,...,x(nRR ) , 2
θ (1) ,...,θ (nc )





min

θ (j)

T

x(i) − y (i,j)

2

(i,j):r(i,j)=1

+

nf 
nf 
nRR 
nc 


λ
λ
(i) 2
(j) 2
+
, (5.13)
xk
θk
2
2
i=1 k=1

j=1 k=1

where nf is the number of features, i.e. how many important perspectives cars

15

and RRs potentially have. Regularization term λ is used to prevent over-ﬁtting [103,
p.144] and in this thesis as 0/1-information smoothing term. Vectors x and θ are
feature vectors for cars and RRs. In this thesis, feature vectors were initialized in the
experiments by different random numbers and e.g. by 1/#RR(1 + p(x|0, 1)), see
Eq. (2.5). The cost function is minimized by (batch) gradient descent [290], known
also as Widrow–Hoff algorithm [294] or delta rule [96, p.52]. Larger data sets may
require the use of sequential gradient descent or stochastic gradient descent. These
methods update the model coefﬁcients by using one data point at a time. [103, p.240]
The updating rules for feature vectors x(i) and θ (j) is deﬁned, i.e. for each RRi as
⎞
⎛

T
 
(i)
(i)
(j)
(i)
xk,t∗ +1 = xk,t∗ − α ⎝
θ (j) x(i) − y (i,j) θk + λxk ⎠ , (5.14)
j:r(i,j)=1

and each carj as
⎛
(j)
θk,t∗ +1

=

(j)
θk,t∗

− α⎝





θ (j)

T

x(i) − y (i,j)



⎞
(i)
xk

+

(j)
λθk ⎠ ,

(5.15)

i:r(i,j)=1

where t∗ is trial in sequence [294] and updating is repeated until Eq. (5.13) converges [102]. The learning rate parameter α determines how fast it is moved towards
the optimal solution, i.e. the direction of steepest descent (maximum decrease) [295,
p.1086].
In this thesis, the rather small size of the data matrix Y∗ , see Eq. (2.3), made the
selection of the learning rate parameter α and the number of iterations trivial, because
the convergence was fast. In general, with a larger data matrix it is proposed to use a
larger α value, which increases the time of convergence, but decreases the quality of
approximation.
Typically, different parameter choices are tested by dividing the data set into training and test sets [99, p.11]. It wasn’t possible in this thesis, because the real probability estimates for the RRs weren’t available. However, it is assumed that even
15 Some undeﬁned feature between different car models can cause higher rejection rate e.g.

on suspension.
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Figure 5.8. The cost function J values as a function of the regularization term λ and the number of
features nf . The cost function can be minimized by large nf value and λ = 0, but then
smoothing of RRs is minimized, which is not desirable on the procedure where reasonable
probabilities for RRs are estimated.

some individual estimates may be inaccurate, the ﬁnal model in reduced space gives
a moderate overall picture and some hidden knowledge related to the car inspection
data can be explored. Therefore, the output of CF algorithm is seen as a smoothed
 The size
estimate P of the matrix Y rather than an optimized estimation matrix Y.
of P matrix16 in this thesis is 60 × 1244 and it is deﬁned as
⎡
(θ (1) )T x(1)
(θ (2) )T x(1)
···
(θ (nc ) )T x(1)
⎢
⎢
(θ (2) )T x(2)
···
(θ (nc ) )T x(2)
⎢ (θ (1) )T x(2)
P=⎢
..
..
..
⎢
..
⎢
.
.
.
.
⎣
(1) T (nRR )
(2) T (nRR )
(nc ) T (nRR )
(θ ) x
(θ ) x
· · · (θ
) x

⎤
⎥
⎥
⎥
−
⎥ +μRR →
1 . (5.16)
⎥
⎥
⎦

The matrix P values depend on the selected regularization term λ and the number
of features nf in Eq. (5.13). The effect of λ and the number of features nf to this cost
function is visualized in Fig. 5.8. If λ is small or zero, the cost function J values are
small because the squared errors are minimized without a regularization term. This
leads to the over-ﬁtted model without decent smoothing and this should especially
avoided when the input matrix is binary type. If the parameter λ is very large, it leads
16 During four years 2009–2012, totally 1 244 unique cars (make, model, year) were inspected

more than 100 times and there are 15 different RR classes deﬁned at A-Katsastus.
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Figure 5.9. The cars with the lowest rejection rate are located in the black hexagons in the SOM component plane. Vector components driven kilometers d, rejection rate r and car age a have
a small inﬂuence on the map structure. This provides better spread for car labels and facilitates the data exploration. Grey hex borders allocate label(s) in a cell and the scale bar of
the component, the average rejection rate (2009–2012), is shown on the right side.

to a model with high bias by shrinking the matrix P cell values (model parameters)
toward zero [99, p.144].
The matrix P is scaled linearly as follows that the sum of RR estimates for each
year is one. This procedure facilitates the interpretation of the values. A conditional
prediction matrix S is deﬁned as
S = Φ  PT ,

(5.17)

where Φ is a matrix of the linear scaling parameters. Each cell in the matrix S
represents a rough conditional probability estimation how each car, in each inspection
year (2009–2012), is rejected by certain fault. This matrix is used as a part of input
matrix F in SOM training.
SOM is an effective and very informative method for exploring this type of issue.
The nonlinear dependencies can be compared by the component planes. In this thesis,
the input matrix for SOM training is
F = [S d r a

r r d
],
d a a

(5.18)

where matrix S is the RR probability matrix, d is an average vector of ten thousands
kilometers driven, r is a rejection rate vector, a is a vector of car ages deﬁned by
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Figure 5.10. The cars with the highest rejection rate are located in the dark red hexagons on the SOM
component plane. One of the mask variables is the proportion of average rejection rate and
driven kilometers [103 km].A selection of the car labels which had either small or large
feature value are shown.

a = 2012−model year. The division of the vectors in the three last columns is
performed element by element. These are derived mask variables which make it
possible to compare e.g. the relative rejection rates between the cars.
The exploration of car statistics can be facilitated by the component planes. The
comparison between the selected cars can be made by investigating the car label
positions.
For example, it seems that Lada Samara, registered in the year 2000, had on average
the same rejection rate as Lada 110 (2001–2003), see Fig. 5.9. However, these cars
had different RRs in A-Katsastus inspections during the years 2009–2012 and thus
the location on the map is different. When the driven kilometers by each car are taken
into account (mask variable) [296], based on this feature, Lada 110 (2001–2003) cars
seems to be better than cars Ford Escort (1998), Ford Ka (1998), Lada Samara (2000)
and Renault Kangoo (1998), see the top right corner in Fig. 5.10. The interactive visualization tool [66] allows the user to explore the estimated RR probabilities and
dependencies. The driver dependent impacts, such as worn tires visualized by separated component planes, can be taken into account in the comparison.
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5.3

Interactive Visualization for Exploring Component Planes

The SOM experiments were performed by Matlab SOM toolbox in this thesis. This
toolbox is ﬂexible, a general-purpose software library created by the SOM Programming Team of Helsinki University of Technology. [296] Other SOM software packages [297] are available, but with more than a thousand labels as in car inspection
data, those are not suitable. Therefore, an interactive SOM visualization tool [66]
was developed in Publication VII17 . It facilitates the exploration of SOM component
planes with a large number of cells and labels. The inspection of SOM is made more
effective by an interactive label selection where a user can deﬁne several ways in
which labels are shown on the component planes. The tool is implemented using
the Processing [298] which is a programming language designed for the media arts
communities and it has powerful capability to make interactive visualizations. However, the Matlab SOM toolbox and commercial software packages e.g. Viscovery
SOMine [299] have a large number of features for nonlinear analysis whereas the
introduced tool is only capable for visual exploration of the component planes.
In the tool design, it was considered some of the features that the exploring experience should have as mentioned in [300]. It is obvious that exploring the data should
be a joyous experience. Therefore, the most of the functionality such as zooming and
component plane selection are based on the “touch” positions, see Fig. 5.10.
The main features of the tool are the following: The top-left area is used for zooming and moving the component plane and it facilitates the exploration of even larger
SOM planes than in Publication VII. The horizontal top area and arrow keys are used
for the component plane selection. Label queries can be made by the keyboard or
manually by moving the pointer on the screen. The label is either enabled or disabled by pressing the certain cell. This tool can be used for presenting the results for
example in a conference, because it is freely available and it works without Matlab.

5.4

Results in Multivariate Data Mining

The advances of combining the ML methods analyzing multivariate data have been
discussed. The methods presented in Publication V could be used to analyze car
inspection data and collaborative ﬁltering (CF) for estimation of missing values in
VAA [292]. The combination of CF and self-organizing map (SOM) facilitates the
exploration of data sets with missing values. Generally, the proposed methods in this
17 A simple add-in for SOM toolbox – for exploring component planes. The download link

is available under the title “SOM Toolbox add-in” on the author’s website: http://jaakko.me,
retrieved at November, 2014.
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thesis are good alternatives for the information extraction, visual exploration, and
thus anomaly detection of the static multivariate data sets. Next, the advances and
challenges related to knowledge discovery are discussed.

5.4.1

Missing Data

Missing value imputation is an important phase of data mining because it can enable the use of more sophisticated methodologies. In this thesis, it is supposed that
the missing candidate y = . in party z has the same distribution as its party, i.e.

Bz By=. = Bz . The volume of party distribution Vpz is deﬁned as
Vp z =

gs
gs 

i

bpz (i, j),

(5.19)

j

where gs is the length of the grid axis. The value grid estimate for candidate y is
deﬁned as
Bcy = Vp−1
Bp z .
z

(5.20)

The most probable placement for candidate y in the value grid is the same as the
mode of Bpz . The candidate y label in the value grid is located in the same coordinate
as the mode of party z, see e.g. Fig. 5.5 where z =“SDP” and y =“Urpilainen Jutta”.
By estimating the value distributions and the mode coordinates for missing candidates
in VAA, there is no need to exclude them from funding information when producing
the funding grid. In addition, new possibilities in the political research are opened,
see Publication V, Fig. 1 (Stage 5 and 6).
If the number of missing values is much larger, e.g. in car inspection data, another
approaches are suggested. The original A-Katsastus data sets have lists where maximum of the three most common rejection reasons (RR) are shown. It is obvious that
new cars probably work without faults, and no information is published because of AKatsastus restrictions, see Section 3.3. In Publication VI, the problem of missing data
was solved simply by creating additional connections between the cars, see Fig. 5.7.
Weakly weighted connections are established between cars that have the same make,
model, and not larger than two years difference in the registration year. This assumption gives some idea of future faults for cars without any RR data. In addition, the
edge weights between the nodes are dependent (two percentage points / order) on the
published RR order, see parameter a in Publication VI, Eq.(2). The edge weight for
the most common rejection reason for a car is only 4%-units larger and the network
topology remains the same. However, this assumption is rather heuristic and thus the
information related to the RR order was ignored in further research.
In Publication VII, the missing values were estimated at the beginning of the analysis by collaborative ﬁltering (CF) for all RRs of each car. The output of CF, Eq. (5.17),
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is transformed and dealt as probability estimates, because it is more robust for different regularization parameters λ, see Eq. (5.13). The major limitation of these missing
value imputation methods is that single conditional probability estimates can be misleading. However, this intermediate result provides a decent input matrix for the
methods where a complete input matrix is compulsory.
In this thesis, the regularization term λ and the number of features nf were selected
by investigating the values of the matrix P, the cost function J, see Eq. (5.13), and
the ﬁnal topographic error (TE) [157, 289, 301] of the SOM. This error measurement
(metric) describes the topological preservation, i.e. the proportion of all data vectors
for which ﬁrst and second BMUs aren’t in adjacent cells on the neuron lattice [154,
p.428]. However, as mentioned, minimizing the TE as minimizing the J don’t provide the best output for the anomaly detection18 . In this application, TE depends also
on the scaling before SOM procedure, and therefore an exact sensitivity analysis of
the parameters is hard to perform.

5.4.2

Dimensionality Reduction and Knowledge Discovery

In this thesis, two different dimensionality reduction techniques are used. First, a
visualization of the political ﬁeld is estimated by combining the PCA results and
symmetric Gaussian distributions with vote and funding information. For example,
the average funding per vote on the value grid is shown in Fig. 5.5. The most atypical
candidates in the selected context have the largest vertical distances from the value
grid. Similarly, if the PCA scores are combined with the Gaussian distributions in
R3 and the funding information, the number of 3D objects with varying density are
created. The observations located to the subspace clusters with the lowest density can
be seen as the most anomalous instances.
Future work can be done by combining M -dimensional subspace with Gaussian
distributions in RM and derive quantitative values for the anomalous instances. For
example, the differences between politicians can be calculated by cosine similarity
function, see Eq. (2.30). The largest challenge would be its clear explanation and visualization of it. However, the most interesting anomalies could be shown in the table
format or with some simple statistical ﬁgures, such as the most different candidate y
and the president yz of the party z. The most anomalous candidate inside the certain
party can be detected by exploring the value grid visualization Bpz . If this type of
labeled information is not available, the most anomalous instances occur far from the
clusters. A simple nearest neighbor anomaly score is calculated for each instance by
deﬁning the distance to k th nearest neighbor [24].
18 For example, TE(λ = 30, n = 60) > TE(λ = 50, n = 60) and J (λ = 30, n =
f
f
CF
f

60) < JCF (λ = 50, nf = 60).
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In addition, this thesis uses self-organizing map (SOM) for exploring the preprocessed car inspection data lists. The weight vectors of the SOM can be explored
by component plane representation. These planes are seen as the sliced version of
the SOM where variable dependencies can be roughly studied [64]. An inexact data
exploring is justiﬁed, because the original published data sets were either strongly
aggregated or incomplete. Hence, the car comparisons and dependencies between
different rejection reasons, driven kilometers, rejection rates, etc. can be explored.
The KDD process, see Fig. 2.1, have similar phases and steps both in the analysis
of car inspection and political data. Data dimension is ﬁrst increased based on raw
data alternatives creating a high-dimensional binary matrix. Some preprocessing is
performed for data on this higher dimension: The political data is improved by an
element-wise product with the matrix containing information about the importance
of the answers. In car inspection data, the probability estimation matrix is deﬁned by
making some assumptions on the A-Katsastus publication restrictions. Finally, the
static multivariate data matrix is projected in two-dimensional space.
Additional or derived features are merged to VAA data to provide better exploration
experience. The analysis of VAA is extended by the funding information [165] and
the numbers of votes [164]. It makes it possible to get estimates of voters’ values
and the analyzing of the price per one vote in the function of the value grid, i.e. the
context of opinions. Additional dimensions can be added in the SOM based on the
car inspection data. The topology of the SOM is kept the same as in Publication VII
by mask variables. It means that additional information does not include these new
features for the map training [296, p.7]. For example, the average prices [302], ADAC
breakdown statistics [303] or TÜV reports [216] could be merged rather easily, but it
would be time consuming, because the data sets are at least partly labeled differently.
Low-dimensional representation [127] or an aggregate level analysis [211] of the
current political state is widely used visualization technique [49, 50]. The methods
have their limitations on explaining the whole data and thus an explanation ratio of
variance is small, i.e. far off the true score [260]. However, the explanation ratio has
limitations based on data type and weights on matrix Xb , see e.g. [53] and discussion
in 5.1. The proposed methods enable both visual exploring and possibility to extend
analysis with additional features and discover anomalies in different contexts which
would be challenging using the original data tables.
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6. Conclusions

The achieved results in this thesis are mainly based on the combination of different
unsupervised learning algorithms. However, the methods are applied in novel ways
into real-world problems. Conclusion of the achieved advances in anomaly detection
and visualization of multivariate data are given in this chapter. The thesis results and
discussion related to the application areas are provided in the previous Chapters 4
and 5.
The dynamical behavior of industrial process data and variable dependencies between static multivariate data are complicated to understand. Different data analysis
methods provide a large number of possibilities to improve the information extraction
and thus discover new knowledge. However, typically there is no ground truth and
therefore different methods give varying results. The probability to detect anomalous instances increases by implementing a set of different extraction procedures and
visualizations, because the same system is approached and analyzed differently. Naturally, one of the disadvantages is that the number of false alarms also increases.
The procedures proposed in the thesis are based on known statistical and machine
learning (ML) methods and they facilitate data exploration and anomaly detection by
novel visualizations. The achieved results provide alternative perspective to detect
possible anomalies in the system. The objective was to make experiments with methods for both static and time dependent data sets. Therefore, the contributions and the
results are divided into these two categories.

6.1

Time Series Data

The following results were achieved on the process monitoring category: the novel
monitored features for descriptive process monitoring are leakage index, unsteadiness, alarm balance and alarm sum1 . The ﬁrst-mentioned feature is used for monitoring individual process signals of the system. It is based on the cumulation of
1 The feature alarm sum is introduced in this introductory part of the thesis.
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biased deviation between real and estimated values. The rest are designed to give
an overall picture of the current process state and give external information for fault
detection and diagnosis (FDD).
In the experiments, the capability of SOM and other neural network (NN) structures
for NPP process monitoring were tested. The drawback of NN and recursive models
is that these are used for monitoring an individual process signal and especially the
behavior of NN models can be hard to understand. The author’s scientiﬁc contribution of individual methods varies and e.g. psychological details of analyzing SOM
visualizations are beyond the scope of this thesis. However, together these methods
provide a potential possibility to improve the anomaly detection in the system, see
proposed process monitoring diagram in Fig. 4.3. The developed methods and visualizations are intended to be implemented aside with the current process monitoring
system.
In addition to industrial process data, the proposed methods are applicable in a
variety of domains for detecting contextual anomalies. One potential implementation
area of the proposed methods would be the stock markets, e.g. an analysis of equity
market return anomalies [177, 304]. In addition, various methods and index values
have been developed for this time-variant process, e.g. to monitor volatility or detect
an oversold or -bought stock [249, 305].
In practice, one approach is to convert realized trades (transaction data) to the stock
price time series with the same time intervals and over the same time period. After
the preprocessing, WRLS model can be used to model a certain stock with other
stock prices, e.g. in the same industrial ﬁeld. In future work, the leakage index or
its variants could be used as buy/sell-indicators. The cluster center point monitoring
method could be used as a metric like as the market volatility index (VIX) [305]. The
alarm balance&sum feature could give notiﬁcations of price changes in different
business ﬁelds.

6.2

Static Multivariate Data

In the category of information extraction, experiments were performed for static multivariate data in two different application areas. The produced visualizations and numerical outputs can be used to detect both point and contextual anomalies using the
distance-based methods.
In the experiments, the description of the proposed procedure for determining the
political ﬁeld in multidimensional space using voting advice application (VAA) data
is provided. This procedure is applicable to any ﬁeld where multiple choice polls
or Likert scale questionnaires exist. The achieved results can be improved rather
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easily by a posteriori knowledge. For instance, the data matrix weights in Eq. (5.2)
can rest on the importance of the questions deﬁned by a specialist of the ﬁeld. In
this particular application implementation, the weights could be based on each topic
coverage in media [306, p.32–54]. Different results can be obtained when additional
information is merged to the data set e.g. funding information as shown in the VAA
experiments. This procedure enables detection of novel contextual anomalies on the
high-dimensional political space.
Collaborative ﬁltering (CF) is a useful tool for a missing value imputation when the
complete data matrix is needed. Robust CF results are achieved by the transformation of the smoothed output matrix P and it is used as probability estimates in further
analysis, see Eq. (5.17). A recommender system, together with SOM can be used to
discover new knowledge from incomplete data sets. An overall picture of the system
can be produced by implementing this analysis procedure into other static multivariate data sets consisting of a large number of missing values. Exploratory analysis of
data sets with a large number of labels can be improved by graph visualizations or
interactive tools e.g. by the developed SOM visualization tool.

6.3

Discussion and Future Research

Many challenges were met during this thesis work, such as parameter tuning and
assumptions related to the data sets. Only stored information was available for the
analysis without controlled data collection by the author. For example, with the complete data set of rejection reasons (RRs), the CF parameters could be optimized by
cross validation and thus provide better estimates for the conditional prediction matrix S, see Eq. (5.17). It would be insightful to validate the interpretability of the
methods in cooperation with experts of these application domains. However, the thesis provides methods for implementing data driven anomaly detection and introduces
novel visualizations for data exploration purposes. In future research, the proposed
data driven methods should be used for generated data sets or real data sets including information about the anomalies. This setup would provide possibility for proper
evaluation of the methods and optimized values for parameter tuning.
The analyzed data sets in this thesis were small enough and therefore no current
big data technologies such as Hadoop [7] were used. All experiments discussed in
the thesis can be carried out by freely available software such as Processing [298],
R [307] with SOMbrero library [308] or Octave [309] with a personal computer.
The amount of data is growing at an increasing speed and it is coming more available for public all the time [8, 11, 16] although the availability of truly open data
is still minimal [310]. However, all personal devices around us are massive data
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sources for ML [311, 312]. Although the ownership and the rights of personal data
(MyData) is still an open question [310]. Anomaly detection is also closely related
to personal and other spatiotemporal and multivariate data analysis challenges. For
example, the indoor magnetic ﬁelds can be utilized in order to build a map of the environment [313], i.e. the position tracking estimate is based on the spatial magnetic
anomalies [314]. These and many other ML challenges will provide an interesting
playground for data scientists until the rise of the robots [315, 316].
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Errata

Publication I
In Eq. (the right bottom corner in p.1), dW (u, v) should be deﬁned as

2
d2W (u, v) = N
k=1 λk (uk − vk ) .

Publication V
In Eq. (3), “min” should be “−min” in the divisor.

Publication VII
In Table 1, a column title “car i” should be “car j”. In Eq. (2) and Eq. (8) μ should
→
−
be μ 1 .
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