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ABSTRACT

Wartiainen, Pekka
Detector-Based Visual Analysis of Time-Series Data
Jyväskylä: University of Jyväskylä, 2015, 62 p.(+included articles)
(Jyväskylä Studies in Computing
ISSN 1456-5390; 215)
ISBN 978-951-39-6243-2 (nid.)
ISBN 978-951-39-6244-9 (PDF)
Finnish summary
Diss.

This work focuses on the analysis of industrial time series (TS) using techniques
derived from visual analytics and data mining. An industrial measurement pro-
cess, for example in the context of a power plant, produces a great amount of
multivariate time-series data from various sources such as fine particles, temper-
ature, pressure, gas content, and automated powerplant controls. In addition, the
production of energy from biomass involves significant background knowledge
and contextual information (meta data) that describes the process and that may
change over time. To understand and find deeper meaning in this data mass is a
demanding task for both humans and computers. Computers are good at compu-
tations while humans excel at reasoning. Visual analytics combines the fields of
automated data analysis and visual data exploration with visualization methods,
data analysis, and user interaction. In this research, a context-sensitive frame-
work based on visual analytics was developed to utilize robust knowledge ex-
traction using data mining techniques and change-point detection. These meth-
ods and algorithms are tested and applied in dynamic real-world scenarios. First,
the context-sensitive approach is introduced. Second, the tools, such as statisti-
cal and predictive change-point detection and time series profiling via clustering,
are presented. Third, the whole analysis chain is applied to a case of analyzing
fine particulates produced in the use of biomass as a fuel and their relationship
to the power plant controls. The related studies show the value of preprocessing
and the possibilities of the visual analysis. As a result, a graphical user interface
(GUI) was produced, along with automated data analysis methods, that follows
the principles of the described context-sensitive framework. As the final result, a
detector-based visual analysis framework is demonstrated and evaluated.

Keywords: visual analytics, change-point detection, context, visualization, user
interaction, visual data exploration, graphical user interface, knowl-
edge discovery, data mining, clustering, neural network
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1 INTRODUCTION

People have invented various ways to collect and apply data, ranging from indus-
trial contexts to everyday life. Collecting data involves measuring observations
with various sensors and producing new data based on a phenomena. Storing
data is relatively easy, but processing massive data sets still poses great chal-
lenges to humankind. The enormous quantities of data dealt with might contain
so many variables that it would be almost impossible to analyze them in one
piece. On the other hand, the data might contain a lot of unnecessary informa-
tion that would not shed any light on the problem under investigation. Analyzing
these massive data sets requires many resources, especially in real-time scenarios.
In addition, data is often inconsistent, containing outliers and noise in real life.

Furthermore, real-life scenarios and processes have all kinds of dynamic
variables and meta data that can indirectly affect the knowledge extraction. This
background information defines the context of the environment [58]. Applied to
real life, the methods of any other software development application should take
into consideration the context and use contextual information as a support in
computing [57]. A context-sensitive application includes context-based functions
and uses context to provide relevant information and services to the user, where
relevancy depends on the user’s situation [58].

Industrial processes are providing a challenging basis for software devel-
opment due to their dynamic nature. To describe the whole process, a versatile
architecture framework that contains all parts of the process is needed. Here,
the focus is on a case of energy production using biomass as a fuel. To analyze
the case, a software architecture approach is introduced with a few novel tools
and techniques to support the analysis process. Due to the real-world measure-
ments, preprocessing and transformation of the target data is emphasized. For
example, noise is often induced in the data by the measurement process. Both
the equipment and the measured phenomena have noise factors that increase the
total noise in the data. The amount of noise can be reduced with noise removal
methods, but there is always a compromise between smooth data and lost infor-
mation. Too smooth a result may mean the loss of important spikes from the data,
which would have significant meaning in the interpretation of the results. Robust
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methods for achieving reliable results are discussed and applied in this work.
Data mining methods have been actively developed for the last 25 years

[54]. The difference between statistical and data mining methods is that tradi-
tional statistical methods try to confirm hypotheses using the data, while data
mining methods try to use the data to find new hypotheses and to resolve un-
known facts (exploratory data analysis or EDA) [113]. Dimension reduction meth-
ods offer one approach to the challenge of handling data masses [54, 72]. In a
dimension reduction process as part of data transformation, the number of vari-
ables in the data is reduced. This can be done simply by leaving out any un-
necessary parameters or combining parameters together. Dimension reduction
methods result in more responsive systems because their data can be managed in
a more compact form [54]. Still, the analysis of huge scenarios is time consuming
and requires a high level of expertise in information technology on the part of the
end user.

Visual analytics refers to interactive methods and technologies that could
be applied in presenting the results of the data mining process to users [112]. Vi-
sual analytics has been defined as ”a science of analytical reasoning, facilitated
by interactive visual interfaces” [112]. However, the definition and meaning of
visual analytics has since evolved, as follows. ”Visual analytics combines auto-
mated analysis techniques with interactive visualizations for an effective under-
standing, reasoning and decision making on the basis of very large and complex
datasets” [72].

Visual analytics can be applied in many different fields. One such field is in-
formation security, where visual analytics has been applied in anomaly detection
[17, 73, 84, 22]. In information security, the challenge is to find a suitable repre-
sentation format when advising the administrator about an ongoing attack on the
network. However, unlike the network administrator, managers of the company
want to see a concise overview and not the small details of specific TCP/UDP
packets. In energy production, this scenario applies to the company manager
who is trying to maximize the profits of the power plant and to the analyst or op-
erator who is interested in details and adjustments in the power plant mechanics.
Each of the previous examples relate to two different stakeholders; end users are
interested in different details in terms of the results. The idea behind visual an-
alytics supports distinctive user roles (stakeholders) with versatile visualizations
and data views.

Still, the general process of visual analytics is limited to using contextual in-
formation, the domain, or the end users in the analysis. Hence, a context-sensitive
approach, that contains three main phases was developed. These three sections
correspond to each step in the analysis of an industrial process: sensing, process-
ing, and actuation. The analysis process begins with the sensing phase, where
data collection methods and the domain-related research environment are de-
fined. The second phase (processing) includes automated data handling where
the data gathered in the first phase is analyzed and numerical results are pro-
duced. In the last phase (actuation), information is delivered to the researcher
by visual interactive interfaces. With this approach, the entire process of visual
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analytics is thus observed.

1.1 Research objective

The objective of the research is to improve the analysis of industrial time-series
(TS) data in real-world situations. To achieve this, the problem was approached
from two different perspectives. One approach is a general view of the data anal-
ysis from which a suitable framework was defined. The other approach is on
the application level method development utilizing clustering and change-point
detection methods to analyze industrial time series in depth.

The main research questions for this study are:

1. How can knowledge extraction from multivariate time series in real-world
scenarios be improved?

2. How can the analysis of an energy production process using biomass be
improved?

3. Is it possible to make the interpretation of the results more understandable?
4. Is robust clustering a reliable dimension reduction method for industrial

time-series data?
5. How to find cause effect relations from industrial time-series data?

This research is conducted using the constructive research method [28]. The goal
is to construct artifacts that provide a theoretical framework and practical meth-
ods for data analysis as part of OSaava EneRgia Keski-Suomessa (OSER) project.
Several industrial parties have participated in the project. These artifacts have
been evaluated in the papers and in Chapter 6.

1.2 Structure of the work

The format of this dissertation is the collection of articles. The study was be-
gun at the same time as the OSER project in January 2011. The early stages of
the research consisted of an overall review of the research area and the review
of a conference series on visual analytics. It was noted that there are not many
processes or tools to visually analyze industrial data. Based on these findings, a
context-sensitive analysis approach was introduced. Next, a graphical user inter-
face (GUI) for the analysis of time series was implemented to provide a frame-
work for a context-sensitive approach. Meanwhile in terms of the development
of the GUI, change-point detection methods were implemented as part of the
framework. The context-sensitive approach was then improved with an iterative
design. The last phases of the study consisted of the evolution of the time series
profiling algorithm using clustering methods and the test scenario for the whole
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FIGURE 1 The main phases of the Ph.D. work related to the published papers.

analysis chain. The structure of the work and related papers therein is presented
in Figure 1.

Chapter 1 introduces the motivation, goals, and methods for this study, as
well as the structure of the work. Chapter 2 gives a short introduction to the en-
ergy production using biomass as an application area. The measurement data sets
definite challenges that are introduced from the analysis point of view. Chapter 3
introduces the general framework; knowledge discovery (KD)and visual analyt-
ics processes are presented as a relevant part of the developed context-sensitive
approach. Chapter 4 explains the tools used in this study to analyze industrial
time series and explore them visually. Chapter 5 presents the published articles
relating to this study. The key elements in the objectives, findings, and scientific
contribution are given, as well as a summary of the main results. The findings
are also related to the original research questions. Chapter 6 introduces the sug-
gestion of a detector-based visual analysis framework. This new contribution
demonstrates and evaluates the results even further. Chapter 7 discusses the key
challenges and discoveries of the work. In addition, the tasks for future research
are examined. Chapter 8 concludes this study and summarizes the phases in the
work.



2 ON ENERGY PRODUCTION USING BIOMASS

The thesis contributes to the analysis of multivariate industrial time-series data.
The main domain for this work has been in the field of energy production using
biomass as a fuel [98, 11]. Our test data was collected from a full-scale power
plant using bubbling fluidized bed (BFB) boiler technology (Figure 2). The pro-
cess control of such an industrial process is carried out by an automation system,
but the analysis of the collected data and the research and development work
based on it is often done manually. Process control itself in the power plant is a
result of advanced engineering, and the work presented in this thesis is not meant
to improve this automation.

However, it is known that utilizing biomass is challenging because of the
organic compounds [107]. Alkali chlorides are classified as fine particles, and
they are released from the biomass due to the burning process. Alkali chlorides
form chloride acids in high temperatures, which produces corrosion and foul-
ing in the boiler [107, 101]. The quality of the burning process also affects the
emissions and the environment; therefore, it should be taken into account when
utilizing biomass as a renewable fuel [18, 7]. Understanding the behavior of the
fine particles is crucial to improve the use of biomass as a fuel.

The basic operating procedure for a BFB boiler is that the fuel is fed to a
furnace from a fuel feeding chute [98]. The flames of the burning fuel heat water
that is circulating in the walls of the boiler. Gas from the burning process heats
the vaporized water flowing in the superheaters. The difference between the BFB
boiler and a traditional grate boiler is that in the BFB boiler the bed material con-
sists of sand that is bubbling, and some of the exhaust gas is fed back to the bed.
Electricity is produced by massive generators that are rotated by the superheated
steam.

In a real-world situation, a huge number of process variables are measured
in a power plant [8, 62]. In this study, the focus is on measurement data relating
to a BFB boiler (particle concentration of gas and particulates) and measurement
data relating to process (temperatures, pressures, airflows, etc.). Other contextual
information (time, location, measuring equipment, etc.) is also required. All these
background details affect the calculations. For instance, there is a difference in
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FIGURE 2 Example of a full-scale BFB boiler power plant. Notice the figure of a man
below the furnace (A) to give an idea of size. The exhaust gas flows from the
furnace to the exhaust pipe (C) through the superheater area (B). The picture
is owned by Valmet [115] and is used with permission.
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gas concentration environments depending on whether the measurement is taken
inside the furnace or just before the exhaust pipe. In the furnace, the conditions
may be skewed; for example, 60% of the gas might be flowing up against the right
wall while 40% of the gas might be flowing against the left wall. Here, if the first
measurement includes only 60% of the total gas and the last one includes 100%,
there is a measurable difference in gas concentration.

The main data type in this study is time-series data, a well-known data type
[15, 51] for which there are applications in on different domains [75, 71, 121, 104,
50]. A time series is a sequence of data points typically consisting of succes-
sive measurements made over a time interval [15]. Any periodically measured
or recorded phenomenon produces a time series. For example, the temperature
measured in superheaters every minute produces a time series by a length of 60
for every hour. One piece of data typically contains several measurements. Mul-
tiple time series in one data set is called multivariate time series.

Regarding the data used for this study, different data sets were measured
with different kinds of equipment. Each piece of equipment recorded and stored
the data in its own format and with different settings. The largest data was
recorded every 60 seconds, but one data set used a 61-second recording interval,
and other data sets were using faster frequencies (5 and 20 seconds, respectively).
Some of the data was recorded for long periods, totaling one month of recording
using different mixtures of the fuel. The amount and the distribution of fine par-
ticles were carefully considered during the analysis.

The physical measurement locations were located around the power plant
and therefore the distance between two measurement locations may be tens of
meters. However, after a discussion with experts in the field, it was agreed to
assume zero delays in the overall analysis between measurement locations. The
main reason was that the data sets were downscaled to match the slowest update
interval (one minute) so the exhaust gas will have enough time to the travel from
the furnace to open air through all the measurement locations. Still, while build-
ing the framework for the analysis, the option for possible delays for the future
analysis cases was left.

Another challenge, which is related to almost all recordings from the real-
world scenarios, was the noise in the data. The amount and quality of the noise
varies depending on the measurement equipment, and some of the data sets are
already averaged within their sampling period. Two extreme examples are the
process data set with a 60-second recording interval, which is relatively noise-
less data, and the particle distribution data recorded every five seconds, which
contains a lot of noise. This noise was partly due to the features of the measure-
ment device, an electronic low-pressure impactor (ELPI) [29], and partly due to
the fast recording interval. The challenges are to decide on the noise reduction
filter, when it is used, and how much the data needs to be filtered. There is no
single correct answer, which also makes the validation and evaluation procedure
difficult.

Next, there is the challenge of both high dimensional and large amounts of
data. One power plant produces a lot of data with its numerous sensors. Even
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if the data is recorded only every minute, the long running times propagates the
size of the data. For example, in one process measurement data set, a nine-day-
long continuous test run produces 12960 observations for 64 variables. All the
data sets in use were not recorded all the time, but the total number of variables
is over a hundred. Still, the quality of the data is a key factor for useful analysis.
Some variables or data may contain missing values. The solution depends on
the situation. If the variable is constant or otherwise does not provide relevant
information to the analysis, it can be deleted, but otherwise data imputation is
recommended (hot or cold deck imputation) [6]. All in all, robust analysis meth-
ods are required to achieve reliable results in industrial data analysis.



3 TOWARDS A CONTEXT-SENSITIVE ANALYSIS

FRAMEWORK

In this chapter, the knowledge discovery process is briefly examined. Next, an
overview of visual analytics is given, and the context-sensitive approach is intro-
duced.

3.1 Knowledge discovery process

The knowledge discovery (KD) process and knowledge discovery in databases
(KDD) describes the entire analysis process, where knowledge is mined from data
[37, 36, 38]. Generally, the principles of KDD are the same as in EDA. The purpose
is to come up with new hypotheses based on the findings from the data [55].
Hand et al. focus more on the data mining part of the KDD process but maintain
the high-level process in the loop[55]. They also focus on the data mining part
but integrate the database section in the analysis [54].

The KDD process onsists of the five phases (shown in Figure 3) briefly in-
troduced below [36].

Data selection is the first phase in the KDD process. This phase is highly
dependent on the domain and the goal of the study. The data for the analysis is
selected from the data mass to narrow down the sources of information, that is,
to analyze only the relevant data. The target data is defined.

In the preprocessing, the data is prepared for analysis. First, the defined target

FIGURE 3 General overview of the KDD process according to Fayyad et al. [36].



24

data is cleaned and converted to the correct format. The target data may contain
noise and can be inconsistent, especially if the data is measured from the real
world. Many of the transformation and data mining methods require consistent
and good quality data. Therefore, normalization, noise removal, and data impu-
tation methods are applied in this phase. This phase is crucial for the success of
the remaining phases and is often underestimated in studies. In addition, in case
of multiple data sets, the sources need to be synchronized.

Transformation of the preprocessed data means to alter the data to make it
suitable for data mining tasks. This includes, for example, feature extraction, se-
lection, and dimension reduction. The transformation methods depend on the
data mining methods that will be applied. In some cases, the data mining meth-
ods can be applied as part of the transformation methods.

Data mining methods are the key in the KDD process. Here, the results and
patterns are extracted from the transformed data. There is a wide variety of data
mining methods; for example, clustering, classification, regression, and associa-
tion rule learning are used for different applications. The method used depends
on the goal and on the data type. Data mining methods are classified as unsuper-
vised or supervised. Supervised methods require training data, which again has
to be prepared in the previous steps. Furthermore, data mining methods can be
divided into off-line and on-line methods to analyze dynamic data.

Interpretation is the last phase of the KDD process. The obtained results and
patterns of data mining are evaluated, as there might have been problems or mis-
takes in each step of the process. Finally, the objective is to address the goal of the
study based on the findings. In most cases, if the goal is achieved, the produced
knowledge has business value and may contribute to scientific knowledge.

The method development in this research concentrates on data mining meth-
ods. They are applied in the transformation phase and as part of statistical analy-
sis (change-point detection). Data mining is a well-researched area. A brief gen-
eral introduction was given by Fayyad et al. [37], Hand et al. [55], and Glymour
et al. [48]. In data mining (and machine learning), problems, tasks, and methods
are typically classified as supervised or unsupervised [2, 54], although, so-called
semisupervised scenarios (partially labeled data) have also emerged [43].

All in all, there are still challenges related to the application of the KD pro-
cess. One has to be an experienced data miner to be able to take full advantage of
the great potential of data mining. In addition, the KD process is not too flexible
in a multidisciplinary research group, where new information and data sources
are added into the study on the fly.

3.2 Visual analytics

As concluded during the KD process, the raw data has no value in itself; only the
extracted information has value. Also, in real-world scenarios, time and money
are wasted and opportunities are lost if the results are not acquired in a reason-
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FIGURE 4 The present situation of visual analytics according to the VTT report [63].

able time frame. In these research tasks, success depends on the availability of
the right information. Visual analytics aims at making data and information pro-
cessing transparent and combines the strengths of humans and computers [72].
By definition, ”visual analytics combines automated analysis techniques with in-
teractive visualizations for an effective understanding, reasoning and decision
making on the basis of very large and complex datasets” [72].

Visual analytics was first developed for security monitoring and analysis af-
ter the events of 11 September 2001 [112]. The main focus was to create a scalable
framework to analyze large amounts of information from different sources and
to be able to develop a solution as quickly as possible [112]. The analytical rea-
soning process is supported by data analysis, visualizations, and user interaction
[112, 72, 86, 96, 65]. Earlier, these aspects were separate research areas, but visual
analytics tries to combine them (Figure 4). The visual analytics process utilizes
the approach of the KD process and integrates user interaction and visualization
into it via highly interactive GUIs (Figure 5).

Visual analytics is often related to very high-dimensional data. EDA pro-
vides many methods to work with many dimensions. Traditional data mining
methods, for example classification and dimension reduction, are studied to pro-
cess data in the application of visual analytics [87, 61, 24, 45, 91]. Clustering
has also been used widely as a data mining method well suited for many tasks
[25, 40, 19, 103, 66]. In visual analytics applications, data mining methods have
usually developed from the basic forms to answer the challenges caused by the
dynamic visualization interface [122, 21, 24, 27]. Visual analytics applications are
often complex, and solving the problem requires the use of multiple data types.
For the problems that require visual analytics, one of the most common variables
is time (temporal data and time-series data) [119, 122, 81]. For certain types of
tasks, statistical methods have been proven useful [4, 109, 119].

Visual analytics emphasizes the meaning of visualization in the analytical
reasoning process [112, 72]. The visualization is traditionally done with his-
tograms, graphs, scatter plots, and other 2D and 3D representations in which
the numerical results are presented [39]. Some of the visualization methods are
developed for a specific purpose, such as a variable relationship visualization
[117, 118]. In the advanced visualization of multidimensional data, a common
solution is to use parallel coordinates and different modified scatter plots in the
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FIGURE 5 The visual analytics process according to Keim et al. [72]. Automated data
analysis is shown on the left side, and visual data exploration is presented
on the right side.
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basic visualization of the data [21, 111]. Still, in visualizing high-dimensional
data, data mining methods are often used to process the data suitable for 2D or
3D visualizations [1, 9]. The traditional way is to apply data mining to the data
and then produce an interactive visualization to explore the data [83, 114, 96, 89].
However, in visual analytics, the results of data mining are not necessarily pre-
sented in a single figure but rather in more than one figure to provide different
view points [94]. With interactive interfaces, the challenge is to integrate analysis
with automated analysis and visualizations [111].

Typically, the interaction possibilities in visual analytics applications are nu-
merous. Interaction in GUIs and other visualizations consists of common interac-
tions, for example, select, explore, reconfigure, encode, and filter [72]. These re-
sourceful interactions make it possible to apply the researcher’s own knowledge
to the analysis and to obtain a deeper understanding of the high-dimensional
data [47, 120]. In many cases, a new GUI is developed to analyze a specific data
[26, 67, 24]. To be able to analyze complicated data, the GUI can be made more
complex. The influence of personality on interaction in the interface has been
studied [52].

Visual analytics software and frameworks have been actively developed in
the last few years [95, 19]. Recently, visual analytics has been applied in the area
of energy analysis. Goodwin et al. modeled and visualized energy consumption
at home [49]. However, examples of industrial applications of visual analytics are
few. One possible reason for this might be that visual analytics requires the tight
integration of software and algorithms; user interaction, data analysis, and visu-
alization methods should make up a seamless analysis process [72]. Even if there
are applications where users may input existing knowledge into the analysis via
labeling [87, 106] and automatically generate visualizations based on context [60],
in industrial applications, the meaning of meta data and contextual background
should not be underestimated. Therefore, a novel context-sensitive framework
tailored for industrial needs was developed in this study.

3.3 Context-sensitive approach

The concept of context sensitivity fits well with the idea of visual analytics. In vi-
sual analytics, the researcher is seen as a part of the knowledge mining process by
contributing his/her background knowledge [72]. That background knowledge
is important for a deeper understanding of the problem and is helpful in find-
ing more reliable solutions, for example, understanding the content in document
analysis [108]. Still, it is necessary to recognize and define the context before us-
ing it [12]. The sensing of contextual facts provides more information, which in
this case is necessary for a proper and valid analysis [3].

Context sensitivity in the field of computing can be defined, as in [58], ”A
computational method, a computer system, or an application is context-sensitive
if it includes context-based functions and if it uses context to provide relevant
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information and services to the user, where relevancy depends on the user’s situ-
ation.” Regarding industrial applications, one could add that context sensitivity
depends not only on the user’s situation but also on the stage of the process and
the state of the environment.

Context awareness is often used in relation to location awareness, mobile
devices, and web-page document analysis where location and other sensor mea-
surement information is part of the data [102, 20, 30, 57]. In this study, the term
”context-sensitive” is used to refer to industrial process circumstances, as it gives
more choices and sets fewer limitations.

In analysis cases, contextual information contains all meta data related to
the test or measurement environment, software architecture, data processing, vi-
sualization, and end users, as well as to preliminary knowledge from the related
application area. In a complete analysis chain, contextual information should be
taken into account in every analysis phase and should be included as a part of
automated processing. An industrial application, which for example uses burn-
ing biomass to produce heat and electricity, has a very specific context basis.
Therefore, a general context-sensitive approach has been proposed, where the
contextual background and other meta data are constantly considered during the
analysis [PII, PIV]. This approach consists of three separate phases: sensing, pro-
cessing, and actuation (SPA) (Figure 6(a)). The steps are explained as follows.

Sensing starts with obtaining all possible data related to the measurement
environment and equipment, as well as background knowledge about the appli-
cation area. The sensing phase is directly related to the application area and can
be updated based on the changes in the environment. Data sensing in industrial
processes comes down to measuring a process. Process measurements provide
valuable information about the state of the process used to monitor and control
industrial processes and for research and development purposes.

Processing describes the content of the preprocessing, transformation, and
refinement aspects of the analysis. The context in this step is not directly associ-
ated with the application area. Therefore, the same set of computations is modi-
fiable to the analysis of the same kind of data in different environments. Still, it is
necessary to observe and use contextual background knowledge for processing,
especially if the context changes in any previous phase. Data processing becomes
immediately more challenging when time is a variable [88]. The challenge is that
time adds dynamicity to the environment, meaning that the environment changes
over time. While analyzing a dynamic system, it must be remembered that differ-
ent contextual sources, for example the temporal context that includes the time
stamp and date, can affect processing methods [57].

Actuation defines the actions based on the results in the processing phase.
Different contexts, for example different user roles, will be selected according to
the current situation. In the ultimate scenario, these contexts could be selected
automatically based on the knowledge gathered from the user. In a dynamic set-
ting, dynamic visualization methods are also needed. A key feature in visualizing
dynamic data is visualization of the change in the process. Rapid changes in val-
ues are typically caused by events that are anomalous. Another key feature in
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FIGURE 6 The framework of iterative SPA with elements of visual analytics. The frame-
work was introduced in [PIV]. The top section (A) presents the general level
context-sensitive approach on a macro level, whereas the bottom section (B)
introduces the iterative SPA framework on a micro level.

visual analytics is the help it provides for the researcher or operator in making
the big picture of the process understandable. In dynamic visualization, the im-
portance of context sensing becomes emphasized. On one hand, it is important
to get the different users to understand the process. On the other hand, the users
with different user profiles should be able to use the system efficiently.

However, the SPA process framework may be too straightforward for real-
world applications. Therefore, an iterative SPA approach was developed (Fig-
ure 6(b)) [PIV]. The iterative SPA framework is divided into two hierarchical
levels. On the general macro level, the energy production process is analyzed
as a straight-forward analysis process, from variable measurements to visualiza-
tion and the interpretation of results. Different contexts are related to each SPA
step and are considered in the overall analysis process. For example, the sensing
context includes information about how and where measurements are taken, the
processing context describes software analysis methods, and the actuating con-
text defines the kind of visualization used.

By its nature, the SPA framework is scalable for different application areas.
In this thesis, industrial processes are considered. In theory, all measurements
should remain constant while using the same fuel. However, the environment
keeps changing, which causes variability of the measurements. The possible rea-
sons for a change can be, for instance, fouling and differently sized particles in
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FIGURE 7 Cumulative addition of the meta data to the analysis process in different
phases.

the bed material. For data processing, the challenge is to detect the significant
changes among the general noise and variability. Contextual information plays
an important role in reasoning and decision making. One example is a case where
gas content measurements suddenly start varying more than usual between dif-
ferent measurement locations. This indicates that either something is wrong with
the sensors or that something unusual is occurring in the process. With contex-
tual background knowledge, the change could be spotted and explained with
more accuracy. Also, in actuation the role of the end user may change during
the analysis, for example if an operation fault has been detected. This should be
reported to superiors without forgetting the earlier findings or the environment.
Thus, the context in the actuation process changes, and the system should adapt
to the new situation.

All in all, new meta data and contextual information is cumulatively added
in each phase of the SPA process, which is illustrated in Figure 7. The increasing
amount of meta data sets requirements for the software to integrate more infor-
mation into the analysis. For example, setting labels and marking the data are
ways for the end user to input additional information into the study [24].



4 VISUAL INSPECTION OF INDUSTRIAL TIME

SERIES

In this chapter, the background of the tools and techniques used in this study are
presented. The first section familiarizes the reader with the clustering method.
Next, change-point detection is briefly explained from statistical and predictive
points of view. The last section is about visual analysis and the GUI.

4.1 Data profiling using clustering

The goal in clustering is to find groups of objects such that the objects in one
group are similar to one another and dissimilar to the objects in other groups,
that is, the inter-cluster distances between objects in the same group are mini-
mized [54, 6]. Han and Kamber classified clustering algorithms into five major
categories, but in this study only two are relevant, the partitional and the hier-
archical algorithms [54]. All partitional algorithms consist of the same expecta-
tion maximization (EM) kind of iterative relocation of prototypes, where, first,
the closest prototype for each observation is detected and then the statistical esti-
mate to determine the cluster representative is computed [16]. In a clean setting,
this provides a disjoint division of the given data into subgroups, which are rep-
resented by the corresponding prototypes.

One of the oldest but still most popular partitional clustering algorithms is
the k-means [41]. Its popularity is due to tis efficiency, simplicity, and scalability
when clustering large data sets. However, there are many challenges related to
k-means: i) one needs to detect the number of clusters k separately, ii) an appro-
priate initialization is needed because the iterative relocations necessitate a local
search, and iii) it is prone to outliers and non-Gaussian errors in data due to the
use of the mean as the statistical estimate for the prototypes. Related to the latter,
the sparsity of any given data in the form of a missing value can be thought of as
an ultimate outlier because any value (in the variable’s value range) could be the
one unavailable.
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Therefore, second-order statistics that rely on the normally distributed er-
ror are not the best choice to define a prototype, especially with sparse data with
missing values. Instead, one can and should use the so-called non-parametric, ro-
bust statistical techniques [59]. Two simple and robust location estimates are the
median and the spatial median. The median, however, is univariate and utilizes
only the available values of an individual variable. The spatial median, on the
other hand, is truly a multidimensional location estimate and can take advantage
of the pattern of available data as a whole. The spatial median has many attrac-
tive statistical properties. In particular, its breakdown point is 0.5, meaning that
it can handle up to 50% of data contamination.

In [6], a robust approach utilizing the spatial median to cluster sparse and
noisy data was introduced, namely the k-spatialmedians clustering algorithm. It
minimizes the score (cluster error) function of the form locally:

J =
K

∑
k=1

∑
i∈Ik

‖Pi(xi − ck)‖2. (1)

Here, Ik refers to the observations that are closest to the kth prototype ck and the
projections Pi, i = 1, . . . , N specify the available values of the ith observation:

(Pi)j =

{
1, if (xi)j exists,
0, otherwise,

where j is the jth value in p-dimensional object xi ∈ R
p.

In the actual realization of k-spatialmedians, the projected distance in (1)
is used first, and the recomputation of the prototypes is based on the sequential
over-relaxation (SOR) algorithm [6] with the overrelaxation parameter ω = 1.5.

As explained above, a prototype-based clustering algorithm requires that
the number of clusters corresponding to the number of prototypes be given. The
so-called cluster indices measure the quality of the final result of a relocation
algorithm in detecting k [53]. Generally, these methods take into account the
clustering error (1) by combining it with the distance between the prototypes.
For example, the Ray-Turi [99], the Davies-Bouldin, and the Davies-Bouldin� [77]
indices are well known clustering evaluation indices.

The approach in hierarchical clustering differs from prototype-based parti-
tional clustering. Hierarchical methods gradually merge observations (agglom-
erative) or divide superclusters (divisive) in order to optimize a score function
[55]. For example, in one agglomerative clustering method, the observations are
merged such that the minimum distance between each cluster is maximized. Hi-
erarchical and partitional clustering methods often produce different results due
the score function [6]. For instance, the purpose of the k-means method is to min-
imize the distance between the observations and the centroids, whereas Ward’s
method minimizes local variance within the clusters. The clustering error (1)
measures the distance between the observation and the cluster center, and there-
fore the partitional methods often produce results with smaller error in the envi-
ronmental setting used in this study.
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The advantage of using clustering methods over traditional dimension re-
duction methods, such as principal component analysis (PCA) [64] in the trans-
formation phase, is that clustering does not lose the original variable space. There-
fore, which original time-series measurements are combined in the clustered pro-
totype can be easily indicated. With time-series data in particular, these prototype
variables have the same characteristic properties as the original measurements.
For example, the changes in mean and variance are preserved within an accept-
able temporal margin. Moreover, the principal components are oriented along
the direction of the greatest variability of data [70] so that the direction of level
changes of certain variables can be completely lost.

Clustering has been used in various domains and applications [33, 92, 35,
100, 78]. Recently, clustering methods have proved to be solid tools for visual
analytics and data exploration [89, 14]. With dynamic data, for example multi-
variate time series, it is common to modify the original clustering algorithm to
meet the challenges relating to the nature of temporal data [104, 80]. However,
clustering sequences of time series have been noted to be pointless [74]. Cluster-
ing as part of the KD process is still important and is a good way of processing
data streams [44].

4.2 Change-point detection

Change-point detection is the identification of abrupt changes in the generative
parameters of sequential data [10]. Change-point detection is defined as the de-
termination of those time stamps where statistical properties change significantly
accordingly to some predefined criterion [10]. These change points are often con-
sidered points of interest in a data stream, especially in industrial data [44]. In
practice, a change in the behavior of a measured value can indicate a change in
the process, such as the temperature of the bubbling bed starting to rise suddenly.
In order to assess the whole process, the change points of variables should be de-
tected and analyzed. There are a few implementations of change-point detection
algorithms used in the industry [71, 110]. Still, there are challenges in this domain
[42].

The basic types of statistical change are based on first- and second-order
statistics, that is, changes in the level or variability of the signal [10, 79]. The
change might be instant (i.e., an abrupt change) or gradual (i.e., a trend). For ex-
ample, a rapidly increasing variance may indicate a high risk of malfunction of
a mechanical device, whereas slowly decreasing temperature in the superheaters
is correlated with fouling in the furnace in the power plant. For change-point
detection, typical solutions rely on a statistical model of data distribution [23, 82].
The challenge for real-world applications is that the probability function has to be
estimated [76, 44]. The advantage is the speed and the simplicity of the detection
after the parameters have been adapted for the application at hand. Cumulative
sum control chart (CUSUM) is one of the commonly used methods for detecting
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level-based changes [23]. The challenge in using CUSUM in an industrial envi-
ronment is its inability to detect multiple change points.

For time-series analysis and prediction, the most commonly used classical
methods (autoregressive, AR; integrated, I; moving average, MA; both separately
and together, or possibly with seasonal ARIMA, SARIMA) are composed of a
class of linear models based on the Box-Jenkins methodology [15]. However,
the behavior of modern industrial processes is non-linear (see, e.g., [116] and the
articles therein). Using feedforward neural networks is one possible technique
to capture and represent non-linear behavior [13, 56]. In particular, there are
many recent examples of the use of the multilayered perceptron (MLP, aka back-
propagation neural network, BPNN, or single hidden layer feedforward network,
SLFN) neural network for time-series prediction (e.g., [121, 97, 34, 116, 31, 69]).
Zhang and Kline [121] underline the importance of preprocessing, data prepara-
tion and transformation, and variable (feature) selection when using neural net-
works for seasonal time-series forecasting. In this direction, differencing was re-
ported to be especially useful for the MLP in [97]. Still, applications with noisy
real-world data require robust methods [68].

To apply change-point detection in visual analytics, the detection algorithm
is wrapped as an automated routine, a detector. The detector detects change
points from the time series in a moving window. In multivariate time series, one
detector is run for each univariate time series. The principle behind a detector is
as follows.

First, (univariate) time-series data is a sequence of indexed values

y = 〈y(t)〉 = 〈y(t1), . . . , y(tl)〉,

where ti, i = 1, . . . , l, is the sampling time; l determines the number of points, that
is, the length of the time series; and 〈·〉 denotes an ordered row vector. A mul-
tiple (or multivariate) time-series of the n univariate time series with the same
sampling rate can then be simply stored and represented by a matrix Y ∈ R

n×l

with the individual time series in the rows. Typically, with industrial measure-
ments in the same process, the different recordings can have different sampling
frequencies and/or can represent different time intervals. Thus, to produce one
time-series matrix Y for further analysis, temporal alignment and downsampling
or oversampling are necessary.

Now for the detector, it is necessary to determine manually the window
length w, where w < l. Then, let Ij = 〈tj−w, . . . , tj〉 be a subset of time indices
such that tj ∈]w + 1, l] and y′ = 〈y(tj−w), . . . , y(tj)〉. Now, let f (y′) be a sta-
tistical estimation method, for example, moving average or variance, applied to
the window values y′. Next, statistical change-point estimates are computed for
each subinterval Ij as sj = s(tj) = f (y′(Ij)) − f (y′(Ij−1)). In this way, a vector
containing the detector values s = 〈0 . . . sj〉 for j = w + 2, . . . , l is achieved. The
final binary change-point detection result is then computed with the threshold h

as

ŝ = 〈ŝj〉 =

{
1, if sj > h,
0, otherwise,



35

where the binary change-point matrix for matrix Y′ is denoted as Ŝ ∈ R
k×l. For

each different change-point detection method, that is, a detector, one matrix Ŝ is
produced, so at the end, there are m change-point matrices for m detectors. The
threshold h is set for each Ŝ separately. By default, the threshold is computed for
95% of the data mass.

4.3 Visual data analysis

Motivated by the challenges and versatility of visual analytics (see Section 3.2), a
visual framework, DebVA, was built for this study to visualize time-series vari-
ables focusing on the change points. The goal of variable visualization is to rep-
resent the absolute level of the variable and changes in relation to time. The user
interaction and interactive visualizations have been examined during the design
process [105, 72]. From a data analysis point of view, time is the only unifying
factor for these data sets recorded with different equipment. Therefore, special
requirements are set for both data preprocessing and data visualization.

MATLAB [85] was chosen as the computational engine of the framework
because of its large and versatile base of methods and toolboxes and the weakly-
typed core language. MATLAB has a collection of implemented algorithms, and
development using it is often faster than with traditional languages. However,
building a GUI in MATLAB is a challenge because of the visual analytics require-
ments for user interactions. It is also known that after a version upgrade in MAT-
LAB, all the features may not function properly in old interfaces. Therefore, Java
was chosen as the language for GUI development. A Java GUI was built using
the Java Swing library [32], and visualizations use the JFreeChart library [46].
The main advantage of using a Java GUI on top of MATLAB is that all Java vi-
sualization tools can be combined into powerful data processing techniques in
MATLAB.

The framework is mainly targeted to explore data measured in energy pro-
duction processes related to power plants, but due to the modular interface, the
same approach can be used for other application domains as well. One can
specify and modify settings for the framework and implement new detectors to
achieve the goals of different types of time series analysis tasks. More precisely,
the modular approach provides tools for quick adaptation, for example, to in-
clude a new change-point detection method as a detector, thus allowing the com-
parison of different detectors. A screen shot of the GUI with its major features
summarized is shown in Figure 8.

Generally, the GUI (Figure 8) is divided into two main panels that are aligned
horizontally. The upper panel, Data browser, offers tools for analyzing time-series
visually, and the lower panel, Analysis session, provides an interface to apply
change-point detection and to adjust detector values. The sizes of the two main
panels can be adjusted vertically with a slider (Number 6 in Figure 8), so that
the user may concentrate only on relevant part of the analysis. All variable- and
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FIGURE 8 DebVA user interface with example data. In the upper panel (A), time-series
data is visualized. Change points are analyzed in the lower panel (B).

detector-related selections are provided on the left-hand side, which then affects
the visualizations in the center of the GUI. It should be noted that in both Data

browser and Analysis session, the visualized time-series are scaled into [0, 1]. A
user can launch a separate window with the original scale (Number 5 in Fig-
ure 8), where other relevant information like the current set of change points are
also visualized similarly to the main GUI. Some options for visualizations and
analysis, for example, the amount of bins in histograms and the window size of
detectors, are global are can be changed from the menu bar of the GUI.

The main contribution of the graphical part of the framework is the ability
to visualize time-series variables with additional (contextual) information. There-
fore, the main focus of the GUI is reserved for graph visualizations. The main
graphical elements are 2D charts where time series are visualized in time and a
1D histogram illustrating the discrete density distribution.

In all time-series plots, change points are visualized as colored markers be-
low the corresponding item in time. Colored markers for change points follow the
graphical outline of the detectors. Because all change points are aligned, one can
use the interaction possibilities of the interactive interface to browse and compare
different change-point detectors within the data set. In the detector visualization
panel, each detector is plotted with a different color and marker combination.

Color design in a GUI plays an important role in successfully understand-
ing and analyzing data. Colors can be used advantageously to highlight correct
information, but the whole interface may become unusable if colors are used care-
lessly. In this framework, general guidelines GUI design have been followed. The
color palette toolkit provided by NASA’s Ames Research Center [93] is used for
the color design of plots.



5 SUMMARY OF INCLUDED ARTICLES

5.1 Context-sensitive approach

5.1.1 Paper [PI]: Methods of Visual Analytics in Knowledge Mining

This article was published in 2011: J. Henno & Y. Kiyoki & T. Tokuda & N.
Yoshida (Eds.), 21st European- Japanese Conference on Information Modelling
and Knowledge Bases. Tallinn, Estonia, June 06–10, 2011, vol.1, pp.117–121.

Objective of this study

Visual analytics is a multidisciplinary field that combines many technological as-
pects with human technology. One objective is to show the difference between
visual analytics and traditional data mining. Otherwise, a general review of the
research and applicable methods are discussed.

Findings and contribution

In this article, an introduction to visual analytics in knowledge mining is given.
When the data masses grow, special methods are required in the analysis. Di-
mension reduction methods are well studied in the area of data mining, but most
can be applied to visual analytics with small modifications. Visualization and
interaction are very important elements in visual analytics. The challenges will
increase after the dimension of the data exceeds three. Processing is then required
to be able to visualize the data. However, temporal data and online settings create
another set of challenges.

5.1.2 Paper [PII]: Context-Sensitive Approach to Dynamic Visual Analytics of

Energy Production Processes

This article was published in 2013: Peter Vojtáš & Y. Kiyoki & T. Tokuda & N.
Yoshida (Eds.), Information Modelling and Knowledge Bases XXIV. IOS Press,
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Amsterdam, pp.15–22.

Objective of this study

Data masses require significant data processing. Traditional methods are limited
in terms of usability features and easily understandable results. Based on the
open research questions and challenges in the paper [PI] relating to industrial
data analysis, the objective of this paper was to define and propose a context-
sensitive approach. The analysis of the approach begins with the measurement
procedures (sensing), followed by an analysis of the data (processing) and an
analysis of the results (actuation). Another aspect of this approach is to take all
meta data into account throughout the whole analysis process. In this article, the
focus is on the field of energy production where biomass is utilized as a fuel.

Findings and contribution

In this paper, a three-phase SPA (Sensing, Processing, Actuation) analysis frame-
work for analyzing real-world industrial cases is designed and proposed. It takes
into account the whole process from the measurements to end user decision mak-
ing. The first phase, sensing, describes the measurements (equipment, location,
etc.) and the preprocessing of the data. Then, the computations, including di-
mension reduction, are performed for the preprocessed data in the processing
phase. Finally, the numerical results are visualized and the obtained knowledge
is utilized in the decision-making process. Background knowledge is utilized in
all phases as contextual knowledge. A highly interactive user interface plays a
significant role in this framework. At the end of this article, one practical exam-
ple of the usage of the framework is given.

5.1.3 Paper [PIV]: Context-Sensitive Framework for Visual Analytics in Energy

Production from Biomass

This article was published in 2015: B. Thalheim & H. Jaakkola & Y. Kiyoki & N.
Yoshida (Eds.), Information Modelling and Knowledge Bases XXIV. IOS Press,
Amsterdam, pp.449–456.

Objective of this study

The SPA framework proposed in paper [PII] was improved in this paper. It
was discovered that the preliminary model was too limited and the process too
straightforward. Here, an iterative SPA model to integrate more elements of vi-
sual analytics into the framework was introduced. In addition to visual analyt-
ics, the authors emphasize the importance of sensing contextual information and
background knowledge. To be able to utilize this framework, a GUI to analyze
industrial time series was developed. The framework was tested with real-world
data collected from a BFB power plant.
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Findings and contribution

After the research in [PII], the context-sensitive approach was improved with an
iterative element. In this iterative context-sensitive proposal, the improvement is
to be able to move back and forth between SPA phases. In addition, each of the
phases are divided into internal SPA substeps. For example, if it is noted in the
middle of the processing that there is too much noise, it can be backtracked to the
previous phase, to apply noise filtering, and then the analysis can be continued.
The idea is to utilize the context information, the meta data, in the analysis to
obtain more knowledge from the data. To fulfill the requirements of the iterative
framework, a GUI was developed to automate data processing and visualization.
It was recognized that it is challenging to validate the results with real-world
data, as there is not just one correct answer. The value and reliability of the com-
putational methods are emphasized.

5.2 Tools for the analysis

5.2.1 Paper [PIII]: Region of Interest Detection Using MLP

This article was published in 2014: 22nd European Symposium on Artificial Neu-
ral Networks, Computational Intelligence and Machine Learning, Bruges, Bel-
gium, April 23–25, 2014.

Objective of this study

The objective of this paper was to test the predictive change-point detection method.
A novel technique to detect regions of interest in a time series as deviations
from the characteristic behavior was proposed. The technique uses a reliably
trained MLP neural network with detailed complexity management and cross-
validation-based generalization assurance. This technique is tested with a sim-
ulated and a real data set (the latter found in the UCI Machine Learning reposi-
tory).

Findings and contribution

In the field of industrial time series, neural networks have traditionally been uti-
lized mainly for classification purposes. In this paper, an algorithm was proposed
to detect deviation from the deterministic behavior of the time series data. The
MLP neural network was adapted for this task with a reliable training method.
Ten-fold cross-validation was used to assure proper generalization of the ob-
tained MLP network. The simulated data showed reliable results and the change
points were detected with high accuracy. The results for detecting multiple changes
in the real data set were promising, regardless of the extra noise. The validation
of the real data was challenging, as there is no absolutely correct answer. All in
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all, using neural networks for predictive change-point detection for time series is
a promising novel approach.

5.2.2 Paper [PV]: Hierarchical, Prototype-based Clustering of Multiple Time

Series with Missing Values

This article was published in 2014: 23rd European Symposium on Artificial Neu-
ral Networks, Computational Intelligence and Machine Learning, Bruges, Bel-
gium, April 22–24 2015.

Objective of this study

In this paper, a technique is presented to divide a given set of multiple time se-
ries containing missing values into disjoint subsets. The subsets are stored in a
dynamic tree-like structure generated from the results of the recursive usage of
a robust clustering algorithm. The unsupervised clustering is applied here in a
supervised setting, that is, with a set of multiple time series with given labeling.
The experiment is run with the same data set used in paper [PIII] found in the
UCI Machine Learning repository.

Findings and contribution

Clustering algorithms are divided into partitional and hierarchical methods. In
the proposed algorithm, the hybrid clustering method is applied recursively to
construct a tree-like structure. In the algorithm, a robust partitional clustering
method, k-spatialmedians, was utilized. The number of clusters and the division
of the data were detected using cluster evaluation indices in a mixture-of-experts
fashion. The algorithm is applied recursively to the nodes until the stopping
criterion is satisfied. The original data is stored in the leaf nodes of the generated
tree. Combined with labeling information, each node represents a characteristic
prototype of the data. Moreover, this algorithm was a first step towards a decision
tree using recursive clustering for time series.

5.3 Analysis of industrial multivariate time series

5.3.1 Paper [PVI]: Improving Analysis of Particulates in Energy Production us-

ing Visual Analytics

This article was submitted to Expert Systems.

Objective of this study

While burning biomass as a fuel in a power plant, the behavior of the small partic-
ulates is not well known. In this paper, the computational methods and the anal-



41

ysis process itself are described with a real-world use case analyzing behavior of
the fine particles. The paper introduces the phases of the approach to analyze
industrial time series. The results from earlier papers are utilized in the analysis
process. The fine particles are profiled with the clustering approach (proposed
in [PV]), and the NeuroDetector introduced in [PIII] is applied for change-point
detection. Also, the iterative framework and the graphical tool illustrated in the
paper [PIV] form the basis of the visual analysis. With these tools, a sample of
full-scale time-series data measured in a power plant is analyzed. The objective
was to find cause-effect relationships between variables and particularly to find
an explanation for the behavior of fine particles in the flue gas.

Findings and contribution

This study proposed an approach to analyze industrial multivariate time series
data. As an application area, energy production provided many challenges. First,
the measured real-world data is noisy, and different data sources are not directly
comparable. The dimension of the measured data was high; therefore, there
were challenges regarding visualization and understandability of the data. The
presented solution emphasizes the preprocessing of the multivariate time-series
data. The preprocessing consisted of the traditional preprocessing tasks and a
novel way of clustering the time series as a whole. With vector quantization
using clustering of the multivariate time-series data, the dimension of the data
was vastly reduced, and certain profiles for the deterministic behavior of the data
were generated. After the dimension reduction, the time series were visualized
separately in the graphical tool where change-point detection was applied. The
results of the change-point detection were loaded back into the graphical tool
and the possible cause-effect relationships were considered. It was noted that the
evaluation of the results was challenging because there are no absolutely correct
answers. The results were validated by the experts in the field of energy produc-
tion. The proposal gives a new point of view in terms of analyzing measured
industrial time-series data.

5.4 Summary of the results

The results of the papers have contributed to two main aspects: general-level
context-sensitive framework and application-level method development. The
main results are summarized in Table 1. The obtained results are compared to
the original research questions in Table 2. The context-sensitive framework is
oriented as a general-level approach to solve research problems involving multi-
ple data sources and a multidisciplinary research group. In this study, the target
was industrial-oriented applications with time-series data. This application en-
vironment is defined as a new context in the early stages of the iterative context-
sensitive framework. Therefore, the same model can be utilized in several differ-
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TABLE 1 Summary of the results of included articles.

Obtained results General Application Paper No.

(a) Theory base State-of-the-art analysis [PI]
(b) Context-sensitive
approach

Design of analysis ap-
proach to energy pro-
duction from biomass

[PII]

(c) Iterative SPA
framework

Design of analysis
framework in en-
ergy production from
biomass

[PIV]

(d) NeuroDetector Method application Change-point detection [PIII]
(e) Time-series profil-
ing

Method development Transformation of time
series

[PV]

(f) Visual analysis
process

Design of analysis pro-
cess

Analysis of industrial
time series

[PVI]

TABLE 2 Positioning of obtained results to each research question.

Research questions Obtained results

RQ1 OR (a,c,e,f)
RQ2 OR (b,c)
RQ3 OR (a,b,c)
RQ4 OR (e,f)
RQ5 OR (d,f)

ent cases by modifying only the sensing part of the framework.
The specific domain in this study was the analysis of measured data from

a BFB power plant using biomass as a fuel. To be able to reliably meet the ob-
jectives of this study using real-world time-series data, new tools were required.
One was the application of a robust and reliable way of detecting abrupt changes
from univariate time series. For this, an MLP neural network with robust train-
ing was applied. The second tool was developed for transformation of the multi-
ple time series to form characteristic profiles of the deterministic behavior of the
data. This time series vector quantization method was implemented using unsu-
pervised k-means clustering in a supervised manner. The resulting profiles were
combined with meta data that were used to construct a dynamic decision tree.
In addition, a way of exploring the data and presenting the results in an under-
standable form was needed. For this, a graphical visualization framework was
developed. Altogether, the individual results and the GUI, utilized in the manner
described in the context-sensitive framework, answer the challenge of analyzing
industrial cases with time series data.



6 DETECTOR-BASED VISUAL ANALYSIS

FRAMEWORK

In order to further demonstrate and evaluate the proposed detector-based visual
analysis framework (Figure 9), an example of the analysis chain is given. The
familiar Dodgers data from the UCI Machine Learning repository [5] was used in
this case (see the description of the data in [PIII, PV]). Based on the traffic sensor
readings, the goal was to detect a match that occurred in the evening. The anal-
ysis chain presented in [PVI] was applied to Dodgers data. The preprocessing
and transformation phases followed the same principles introduced in [PV] (Fig-
ure 9, Sensing). Thus, after the clustering, a dynamic tree structure containing
the profiles of different traffic patterns was formed. For this study, only the traf-
fic from weekdays was selected for consideration. In practice, in the first round,
all weekday data was clustered in one cluster (122 days) and weekend data in
the other cluster by the accuracy of 96%. The weekday traffic was then divided
into six different clusters: one contained all matches scheduled in the evening (46
days), another contained all normal traffic with a few matches in the daytime (71
days including 4 daytime match days), and the rest contained inconsistent mea-
surements or days that the sensor was offline. The prototypes were computed for
these two main clusters as match day traffic and normal day traffic. The daytime
match days were ignored as part of statistical variation.

Next, the match day traffic prototype was declared a test time series, the
goal of which is to detect the match time. The usage of a known prototype is
rationalized due to the validation of the results. The knowledge of the match
time was not used in the training or in the detection of change points. In addition
to these two time series, a different time series was computed in order to highlight
the statistical deviations. The difference time series (y2) was computed simply by
normalizing and reducing the prototype of normal traffic pattern (y0) from the
test time series (y1), as follows:

y2 = y1/max(y1)− y0/max(y0).

These, time series (y{0,1,2}) were then combined with timestamps as a suit-
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FIGURE 9 The detector-based visual analysis framework. The Dodgers data was used
in the demonstration and evaluation of the framework. On the practical
level, the raw data is first formatted to target data. The data was then trans-
formed ready for analysis. In the last phase, the findings were interpreted
and evaluated. The red area in the third figure on the practical level marks
the pattern for detected match ending. This was detected from the traffic
sensor readings illustrated in the first figure on the practical level.
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able data set matrix (Y) for further analysis, which was done in the GUI (Figure
10). The produced three time-series prototypes are part of the processing phase of
the framework (Figure 9, Processing). The NeuroDetector was trained for predic-
tive change-point detection. The selection of training data was done based on the
known meta data from the study environment. The goal was to predict if there
is a match in the evening. Also, it is known from the history that the match typ-
ically starts at 19:00 and ends at 22:00 on weekdays. Therefore, the training data
for the NeuroDetector was determined as a section of the normal traffic pattern
prototype in the evening (i.e., traffic between 17:00 and 24:00).

FIGURE 10 Visualization of Dodgers data: prototypes from weekday traffic. The nor-
mal traffic pattern is on the top, the test pattern with the evening match is
in the middle, and the computed difference pattern is on the bottom.

The change-point detection was applied to the test time series. Unfortu-
nately, the beginning of the game was not detected by any of the detectors. As
can be seen from the difference pattern in Figure 10, there is no sign of deviation
from the normal weekday traffic pattern when the match starts. The match traf-
fic is mixed into the daily rhythm and routines. However, the end of the match
was detected with the NeuroDetector at 22:00 (Figure 11). Please note that the
knowledge of the average match time was not used in the detection, only in the
validation of the detected change points. The NeuroDetector also detected the
beginning of the normal daily routines (the increasing traffic around 07:00 and
15:00). The statistical detectors also detected changes, but the behavior was not
as coherent.

The change points were also detected in the difference time series. In this
case, it was pointless to apply the predictive NeuroDetector because the deter-
ministic pattern of the difference time series did not follow the real traffic pat-
tern. The statistical detectors were applied to the difference time series, and the
results were relatively favorable (Figure 12). The first indication of a change in
the traffic pattern was determined at 21:20. A clear change point was then de-
tected with almost all detectors about 20 minutes later. The interpretation of the
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FIGURE 11 Detailed view of the NeuroDetector used to test time series. In this test,
it was known that the evening match typically starts at 19:00 and ends at
22:00.

detected region of change points is illustrated in the last phase of the framework
(Figure 9, Actuation). It is noted that one false positive detection was made by a
few detectors after 16:00.

As shown in these results, the suggested framework unifies the whole anal-
ysis process. The main findings on the practical level are that different detectors
are suitable for different tasks and that preprocessing of the data is important.
The statistical detectors find the statistical changes easily, whereas the predictive
detector succeeds in detecting deviation in deterministic behavior. The prepro-
cessing and transformation phases are again emphasized in the pursuit of reliable
results. Using clustering in the dimension reduction of time series forms solid
profiles for different scenarios. In addition, with fine tuning of the parameters,
the suggested framework can be applied in online settings. For example, in the
case of a new observation, the observation can be compared to each of the profiles
to determine the closest prototype, or the trained detectors can be applied to the
observation to find interesting regions or change points.
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FIGURE 12 Detailed view of detected change points with different statistical detectors.
Typically, the evening match starts at 19:00 and ends at 22:00.



7 DISCUSSION

In this section, the most essential findings related to the challenges of the research
are discussed. The findings are:

– Temporal synchronization of separate data sets is a compromise.
– Dealing with similarly behaving variables (i.e., variables with high correla-

tion).
– The difficulty of validating the results.
– A few ideas, how to improve the GUI.
– About the quality and reliability of the detectors.
– Using multiple detectors.
– Novelty of the work.

While analyzing real-time data, it should be noted that preprocessing is one of
the most important steps in any successful case. Synchronization of multiple
data sets with different, varying sampling frequencies is mostly manual work
using MATLAB (or any other language). The question is always which sampling
frequency should be chosen. If the lowest is selected, then there is a possibility
that interesting details are missed. But if the fastest frequency is selected, the most
suitable way of interpolating the slower data sets and whether they are valid
for computations must be determined. Often in real-world scenarios, selecting
the slowest frequency is a solid choice to produce reliable results that are not
necessarily the fastest.

Ultimately, an overall framework for analyzing time-series data was ob-
tained based on the results presented in the papers discussed. In the analysis
of power plant data, there are often similarly behaving variables. From a com-
putational point of view, the smaller number of variables, the better. Therefore,
computing the profiles for certain types of phenomena in the analysis case is rec-
ommended and produces a valid result by itself. The presented clustering algo-
rithm tracks the results of manually combining the variables quite well based on
their location and type. In this way, this preprocessing step could be automated
in certain scenarios.
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On the other hand, in the analysis, the relationships between variables are
difficult to validate. Similarly behaving variables may behave similarly because
they react to the same input, or a change in one variable may influence another
variable. Simply put, there are often no correct answers. The experts in the field
have the best knowledge, and validation of the results is performed in discussion
meetings. The addition of meta data to analyze the behavior of the variables
supports the final interpretation and validation.

In order to utilize the iterative SPA framework, a GUI for MATLAB was
developed that integrates an interactive user interface and visualizations with
powerful automated computations. The development work is still in progress.
One clear improvement would be to make context information more transparent
to the researcher. However, preliminary work with real-world data provided by
Valmet has given positive results.

Still, a very important aspect in the use of the GUI framework presented in
this thesis is to validate the quality of the detectors. If detectors are not detecting
change points correctly, the results are unreliable. It should be noted that one
detector does not fit all types of variables. One detector works for noisy data,
while another does not. Therefore, validating detectors with simulated data sets
is not sufficient for reliable decision making. The results of each detector should
be verified with data gathered from the real world using experts’ opinions. One
way to increase reliability is to add more detectors and vote for the change points.
This is reliable due to statistical phenomena, but minor changes might be lost.

It was found during the analysis that one type of detector does not provide
optimal results for all signals. We have a few differently tuned variants of the
basic average and variance detectors, and it was clearly seen that some variants
worked and others did not. With a different signal, the settings and some conclu-
sions were different. This implies that a single statistical detector is not sufficient
for diverse analysis.

All together, the results presented above were proven useful for both the
industrial parties and to researcher. Even if there was no completely new method
developed, the applications of the methods provided novel approaches. Probably
the most beneficial result was the decision tree-like structure produced by hybrid
clustering of time series. Its diverse application makes it possible to utilize the
algorithm in, for example, clustering, classification, profiling of data, prediction,
dimension reduction, and anomaly detection. Also, the produced GUI for MAT-
LAB, together with the context-sensitive framework, is a key point for the future
and provides some business value.



8 CONCLUSION AND FURTHER RESEARCH

The work in this thesis has been greatly influenced by the ideas of visual analyt-
ics. However, there are still challenges with visual analytics, especially in indus-
trial applications. In this thesis, the context-sensitive approach, the analysis tools
for visual inspection, and the detector-based visual analysis framework were in-
troduced and applied in real-world scenarios. In the analysis of measured data
from the real world, the meaning of preprocessing is emphasized and the use of
robust analysis methods is necessary. The suggested framework can be adapted
to different scenarios by fine tuning the parameters of the applied methods. The
sensing phase depends on the scenario, whereas the processing and actuation
phases are related to the research question and objectives.

The dynamic tree of the data generalization decreases the complexity of the
data set but also gives profiles to certain phenomena traditionally measured with
several variables. The tools and the framework have been introduced in the pa-
pers, but were also demonstrated and evaluated in this thesis. The results are dif-
ficult to validate because of the real-world scenario, but the results look promis-
ing to continue the research. After discussing with the experts the usability of
this kind of approach to analyze energy production processes, it was agreed the
idea was novel and would provide useful information in the analysis.

In the future, it is necessary to improve the context-sensitive SPA framework
and the visual analysis approach. In visual analytics, the real-time results are one
of the key factors. By using different detectors, particularly predictive detectors,
the computation time might become a new challenge. One solution would be to
parallelize the change-point detection either by detector or by variable. The most
beneficial solution would be to parallelize the training of the MLP neural network
for the NeuroDetector. This idea could be developed even further to divide all
tasks into small subtasks. These could then be computed even faster in graphical
processing units (GPUs). Computation in GPUs is an interesting research field
that improves computing time significantly, as shown in [90].

One other improvement would be a proper detector evaluation and the ap-
plication of several more detectors to obtain more reliable voting results. With
numerous detectors, a challenge might be the delay in getting results due to dif-
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ferent delays in the change-point detection. Computations are fast enough with
a small amount of data, but the detection speed of the detectors varies. Figure
12 shows there are differences in detection speed between detectors. Another
improvement would be to integrate meta data into the framework, making even
more solid collaboration between data mining experts and application analysts
possible.

Furthermore, the GUI is merely a prototype for such an analysis case. The
visualizations, user interactions, and possibility of adding more meta data should
be enhanced. At this stage, the GUI does not fully support views for different
stakeholders. However, detailed information can be obtained from a variable in
its original value space. Java offers versatile possibilities for GUI development,
and the creation of context-dependent stakeholder profiles is achievable. How-
ever, this must be left for another study.



52

YHTEENVETO (FINNISH SUMMARY)

Tämä väitöskirja, aikasarja-aineistojen detektoripohjainen visuaalinen analyysi, keskit-
tyy teollisten aikasarjojen analysointiin visuaalisesta analytiikasta ja tiedonlou-
hinnasta johdettujen tekniikoiden avulla. Tietokoneet murskaavat numeroita no-
pasti ja tehokkaasti, mutta ihmiset ovat loistavia päättelemään asiayhteyksiä. Vi-
suaalisen analytiikan tutkimusala yhdistää visualisoinnin, data analyysin sekä
ihmisen ja koneen välisen vuorovaikutuksen. Teollinen mittausprosessi, esimer-
kiksi voimalaitoskontekstissa, tuottaa suuren määrän monimuuttuja-aikasarja-
aineistoa useista eri lähteistä. Mitattuja suureita ovat esimerkiksi pienhiukkaset,
lämpötila, paine, kaasupitoisuus ja automatisoidut voimalan säädöt. Työn kes-
keisin sovellusalue on energian tuotanto biomassasta. On tunnettua, että biomas-
san käyttö on haastavaa sen sisältämien orgaanisten yhdisteiden vuoksi. Lisäk-
si energiantuotantoprosessi kokonaisuudessaan sisältää runsaasti analysoinnin
kannalta merkittävää taustatietoa sekä kontekstitietoa (metadataa), joka tulee ot-
taa huomioon analyysin edetessä. Oman haasteensa tuo se, että kontekstitieto
voi muuttua ajan suhteen ja sen määrä yleensä kasvaa prosessin edetessä. Tämän
suuren datamassan syvemmän merkityksen ymmärtäminen on vaativa tehtävä
sekä ihmisille että tietokoneille.

Tässä väitöskirjassa kehitettiin visuaaliseen analytiikkaan perustuva kon-
tekstiherkkä viitekehys, jossa huomioidaan koko analyysiprosessi mittauksista
loppuanalyysiin. Viitekehys koostuu teoreettisesta kontekstiherkästä lähestymis-
tavasta, jossa määritellään prosessin eri vaiheet ja niiden toimenpiteet, sekä käy-
tännönläheisestä menetelmäkehityksestä, jossa sovelletaan robusteja tiedonlou-
hinta- sekä muutospisteiden havaitsemismenetelmiä aikasarja-aineistoon. Näi-
hin sovellettuihin menetelmiin kuuluvat tilastolliset ja ennustavat muutospistei-
den havaitsemismenetelmät sekä klusterointimenetelmät aikasarjojen profiloin-
tiin. Työssä esitellyt menetelmät ja algoritmit muodostavat työkaluja, joita on tes-
tattu ja sovellettu reaalimaailman skenaarioissa. Esimerkiksi, koko analyysiketjua
sovellettiin tapaukseen, jossa analysoitiin biomassan käytöstä johtuvaa pienhiuk-
kasten muodostumisen suhdetta voimalan automatisoituihin säätöihin. Oheisis-
sa tutkimuksissa nousi esille esikäsittelyn tärkeys sekä visuaalisen analyysin mah-
dollisuudet. Työn osatuloksena kehitettiin graafinen käyttöliittymä, jonka avul-
la voidaan käyttää automatisoituja aikasarjojen analyysimenetelmiä. Käyttöliit-
tymä noudattaa määritellyn kontekstiherkän viitekehyksen periaatteita. Lopulli-
sena yhteenkokoavana tuloksena demonstroitiin ja arvioitiin detektoripohjaista
visuaalisen analyysin viitekehystä liikennevirrasta mitatun aikasarjan avulla.
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Region of interest detection using MLP

Tommi Kärkkäinen1 and Alexandr Maslov1 and Pekka Wartiainen1 ∗

Department of Mathematical Information Technology
P.O. Box 35, 40014 University of Jyväskylä - Finland

Abstract. A novel technique to detect regions of interest in a time
series as deviation from the characteristic behavior is proposed. The de-
terministic form of a signal is obtained using a reliably trained MLP neural
network with detailed complexity management and cross-validation based
generalization assurance. The proposed technique is demonstrated with
simulated and real data.

1 Introduction

Change point detection from a time series is defined as determination of those
time stamps where statistical properties change significantly accordingly to some
predefined criterion. Typical algorithms for this purpose rely on detecting chan-
ges in first or second order statistics, like mean, median, or standard deviation,
or parameters of a statistical model of data distribution [1, 2, 3]. The challenge
for real application, e.g., with industrial measurements [4], is that one needs to
define and estimate the probability distribution which establishes the basis for
change detection [5] (see also [6] for an overview). In this context, a region of
interest (ROI) is considered as a subsequence containing one or more change
points.

Traditionally, neural networks have been utilized with industrial time series
data mainly for classification tasks [7]. MultiLayered Perceptron (MLP) neural
networks are known to be universal nonlinear regression approximators [8]. How-
ever, for real applications this is just the beginning, as summarized by Hornik,
Stinchcombe, and White [9]: ”We have thus established that such ’mapping’
networks are universal approximators. This implies that any lack of success in
applications must arise from inadequate learning, insufficient numbers of hid-
den units or the lack of a deterministic relationship between input and target.”
Therefore, a reliable network training needs to address two other principal char-
acteristics of a data based model in addition to its accuracy: complexity and
generalization to unseen data.

Here we first describe an MLP training algorithm which takes into account
these targets by a detailed management of network’s structural (size of hidden
layer) and functional (size of weights) complexity, targeting at highly reliable
generalization using the well-known cross-validation technique [10]. This train-
ing framework is then applied to the given time series to train MLP capturing
its deterministic behavior. To this end, those subintervals in time where there
are significant deviations greater than predetermined threshold from the model’s

∗The authors gratefully acknowledge the support from Jenny and Antti Wihuri Foundation
(TK) and from the OSER project (AM and PW).
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predictions, are suggested as ROIs. We emphasize that the proposed technique
is unsupervised, i.e., it does not utilize any labeling of ROIs, even if they are
known in advance.

The contents of the rest of the paper are as follows: we describe the proposed
method in Section 2, and report and conclude the computational experiments
in Section 3.

2 The method

2.1 MLP Training

Action of MLP in a layer wise form can be given by (e.g., [11])

o0 = x, ol = F l(Wlõ(l−1)) for l = 1, . . . , L. (1)

By ˜ we indicate the vector enlargement for the bias and F l(·) denotes the
activation function. This places biases in a layer as first column of the layer’s
weight matrix which then have the factorization Wl =

[
Wl

0 Wl
1

]
.

Using the given learning data {xi,yi}
N

i=1 , xi ∈ R
n0 and yi ∈ R

nL , the
unknown weight matrices {Wl}Ll=1 in (1) are determined as a solution of an
optimization problem

min
{Wl}L

l=1

J ({Wl}). (2)

Here we restrict ourselves to MLP with one hidden layer and our cost functional
reads as follows:

J ({W1
,W2})=

1

2N

N∑
i=1

∥∥∥W2F̃1(W1x̃i)− yi

∥∥∥2+ β

2n1

∑
(i,j)

(
|W1

i,j |
2+|(W2

1)i,j |
2
)

(3)
for β ≥ 0. The special form of regularization omitting the bias-column W2

0

is due to Corollary 1 in [12]: Every locally optimal solution to (2) provides an

unbiased regression estimate having zero mean error.
The universal approximation property guarantees accuracy of an MLP net-

work, but in practical applications we also need to address simplicity and gen-

eralization. Simplicity is further divided into structural simplicity, which means
favoring small size of the hidden layer, and functional simplicity, which refers to
favoring small weights improving the network’s fault tolerance [13]. Hence, in
our actual training method we use a grid search for both size of the hidden layer
n1 and size of the regularization coefficient β. Moreover, 10-fold cross-validation
is used as a technique to assure proper generalization of the obtained MLP net-
work. To this end, the usual gradient based optimization methods for minimizing
(3) act locally and, therefore, the solution depends on the initialization. In order
to explore the search landscape better towards global optimization, we repeat
the random started optimization solver three times and select, as the solution,
the one with minimal training error. In the final training of MLP with fixed n1

and β, we test five iterations for slightly more thorough globalization.
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Algorithm 1 Reliable determination of MLP neural network.

Input: Training data {xi,yi}
N

i=1 .

Output: MLP neural network.
1: Define �β, n1max, and nfolds

2: Create nfolds using random sampling
3: for n1 ← 1 to n1max do

4: for regs← 1 to |β| do
5: for k ← 1 to nfolds do

6: for i← 1 to 3 do

7: Initialize (W1
,W2) from U([−1, 1])

8: Minimize (3) with current n1 and �β(regs), and the CVTr

9: Store Network for smallest Perr,Tr

10: Compute Perr,Te for the stored Network
11: Store n

∗
1 = n1 and β

∗ = β for the smallest mean Perr,Te

12: for i← 1 to 5 do

13: Initialize (W1
,W2) from U([−1, 1])

14: Minimize (3) using n
∗
1, β

∗ and the whole training data
15: Select the network with smallest Perr

Minimization of (3) is based on MATLAB’s unconstrained minimization rou-
tine fminunc

1 with self realized MLP cost function and gradient calculations
along the lines of [12] (these are done in full matrix form and then reshaped
to and from one long weight vector for the optimizer). The vector of regular-

ization parameters is defined as �β = 10−i
, i = 1, . . . , 6. The prediction error

(Perr,[Tr|Te]) is computed as the mean Euclidian error. In MLP, the sigmoidal

activation function s(x) = 1
1+exp(−x) is used. Moreover, all input and output

variables are preprocessed into the range [0, 1] of s(x) to balance their scaling
with each other and with the range of the overall transformation [12].

2.2 Application of MLP for ROI detection

Assume that a time series {s(ti)}
T
i=1 is given. The learning data for MLP is

created in the usual way: first a window length L ∈ N, L > 1, is fixed and then
we associate yi = s(ti), i = L, . . . , T, and xi = {s(ti−j), j = L− 1, . . . , 1}.

Then Algorithm 1 is applied to train a reliably generalizing network capturing
the deterministic behavior of the time series. With this model, the absolute
prediction error time series

ei = |N ({Wl})(xi)− yi|, i = L, . . . T,

is created. To this end, a threshold τ ∈ R is fixed and those indices, for which
ei > τ, are proposed as members of ROIs.

1http://www.mathworks.se/help/optim/ug/fminunc.html
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3 Experimental results and conclusions

We illustrate the proposed algorithm using two examples, a simulated and a real
data set one. The threshold τ is set to 0.05 and L = 8 is used as the data window
size. We use separate learning data and validation data to assess the method’s
performance to detect ROIs.

Example 1 We created a simulated case with sinusoidal wave form and added

normally distributed degradations of different strength to four subregions. Similar

form with three noncharacteristics subregions is used as validation data. (see

Figure 1)

Example 2 We use the Dodgers data set from UCI repository2. The data de-

scribes a five minute sampled traffic sensor reading storing the amount of cars

passing a ramp on a freeway in Los Angeles. The learning problem is to de-

termine the times of football games which are provided in another file. In the

whole data there is almost six months of measurements (10-Apr-2005 00:00 –

01-Oct-2005 23:55), but occasionally the sensor is off. From the measurements,

we used the indices {380–2466} (11-Apr-2005 07:35 – 18-Apr-2005 13:25, first

five matches) as training data filtering out periods where the sensor is off. As

validation data, the indices {3284-12529} (21-Apr-2005 09:35 – 23-May-2005

12:00, next 18 matches) are used.

Fig. 1: Detected change regions for sinusoidal training data (left) and test data
(right).

In the result figures (Figures 1,2,3), real change points in ROIs are depicted
with red circles and, correspondingly, ROI indices proposed by the thresholded
MLP error are given by green stars. Because Example 2 is related to traffic
near the football stadium, a reasonable assumption is to assume uncharacteristic
traffic patterns also before and after the actual match times. Therefore, we
accept as correct indication of ROI one hour before and after the game.

Because deviation from a normal behavior of a signal can correspond to noise
or actual change, we assume that the time series is not dominated by noise.

2http://archive.ics.uci.edu/ml/datasets/Dodgers+Loop+Sensor: ”These loop sensor mea-
surements were obtained from the Freeway Performance Measurement System (PeMS)”
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Therefore, in the Dodgers example we first apply mean filtering with window
size 11 for denoising. The filter size of 11 is selected empirically in order to
achieve smallest window size for removing noise but sustaining real behaviour of
the data.

Fig. 2: MLP training compared to detected ROIs for Dodgers training data.

Fig. 3: MLP testing compared to detected ROIs for Dodgers test data.
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From the figures we conclude that changes from normal deterministic be-
haviour are detected very well with the simulated case, both with training and
validation data (Figure 1). Also, preliminary results are promising with real
data. In the training data, 4 of 5 games were detected (Figure 2). With this
trained network, 14 out of 18 ROIs were successfully located from the validation
data (Figure 3) with 6 false-positive alerts. However, this was the best result ob-
tained after several runs of the overall algorithm, which is not fully deterministic
due to random creation of folds in cross-validation.

Our numerical experiments confirm the potential of the proposed approach.
When the characteristic behavior of a time series is smooth and deviation clearly
visible, as in Example 1, the results are as expected. Even if no such separation
exists, we were able to identify potential and in many cases correct ROIs in
Example 2. As can be seen, however, in such cases it might be difficult to say
whether a noisy behavior (even after denoising) or actual change regions are
captured. Therefore, reliable denoising is a prerequisite for good performance
of the approach. The method could be improved, e.g., by feature extraction to
replace the raw time series values as MLP input.
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AbstractData masses require a lot of data processing. Data mining is the traditional

way to convert data into knowledge. In visual analytics, humans are integrated into

the process as there is continuous interaction between the analyst and the analysis

software. Data mining methods can be utilized also in visual analytics where the

priority is given to the visualization of the information and to dimension reduction.

However, the provided data is not always enough. There is a large amount of back-

ground contextual information, which should be included into the automated pro-

cess. This paper describes a context-sensitive approach, in which we utilize visual

analytics by studying all phases in the process according to our ”sensing, process-

ing and actuation” framework. Experimental studies show that our framework can

be very useful in the process of analyzing causes for and relations between variable

changes with laboratory-scale power plant data.

Keywords. Visual Analytics, Context, Context Sensitive, Energy Production,

Visualization

Introduction

While analyzing industrial processes, especially those of energy production, the context

information plays a significant role in acquiring reliable results. High level computational

methods are mandatory for processing data, but, if the context is not defined, results

are not fully understood. Energy production from biomass has been a challenging area

due the organic compounds in the biomass [19]. Among other things, gas from burning

biomass forms chloride acids in high temperatures. Another important factor to be taken

into account when utilizing biomass is the amount of small particulates produced.

Visual Analytics is a relatively new research field – the first book in the field was

published in 2005 [21]. It refers to interactive methods and technologies that could be

applied for presenting the results of data mining process to users [21]. Visual analytics

combines automated analysis techniques with interactive visualizations for an effective

understanding, reasoning and decision making on the basis of very large and complex

datasets [12].
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Industrial process monitoring is a well-suited genre for applications of visual ana-

lytics due its elements of data analysis and visualization. However, the set of available

examples is scarce. One possible reason for this is that visual analytics is requires a lot

from software methods and algorithms: user interaction, data analysis and visualization

methods are too far apart from each other [12]. In visual analytics, these methods should

be used simultaneously without restrictions imposed on them in some of these areas.

Highly interactive interfaces combined with automated data analysis and visualization

will reduce the gap between the user and the computer. Interaction possibilities are not

limited only to parameter tuning and data exploration: also contextual information can

be made available.

The concept of contextual sensing fits well also to the idea of visual analytics. In vi-

sual analytics, the researcher is seen as a part of knowledge mining process with his/her

background knowledge [12]. That background knowledge is important for deeper under-

standing of the problem and helpful in finding more reliable solutions. In the same way,

sensing of contextual facts provides more information, which in this case is necessary

for a proper and valid analysis.

Based on this, if something changes in the context, it will have direct effect to the

process and measurements. Change-point detection addresses the problem of discovering

time points at which properties of time-series data change [11]. There are numerous ways

of implementing change-point detection algorithms, but traditionally they are all based

on statistical methods and properties [20]. In this paper, we introduce a context-sensitive

framework and an implementation of it, which utilizes context-sensitive approach and

change-point detection methods for visual analytics.

Our paper is organized as follows. Related work is discussed in Section 1. The prin-

ciples of our iterative context-sensitive framework are introduced in Section 2. In Sec-

tion 3, we present the preliminary implementation of the framework. Conclusions will

be given in Section 4.

1. Background

Although visual analytics and data mining have been extensively researched, there are

still many challenges [22]. Huge data sets and data bases require enormous amounts of

storing capacity and almost incomprehensibly fast data transfer connections. In many

application areas, data is complex or inconsistent. Also, it may happen that even if there

is a huge amount of data with many variables, there is still very little data that is suitable

for training [22]. Therefore, handling big data is challenging and finding the optimal so-

lution for feature selection and evaluation of results is difficult. Existing visual analytics

software and frameworks are still most likely related to certain application fields [1, 17].

Context-sensitivity in the field of computing can be defined, e.g. as in [8], thus: ”A

computational method, a computer system, or an application is context-sensitive if it

includes context-based functions and if it uses context to provide relevant information

and services to the user, where relevancy depends on the user’s situation”. Regarding

industrial applications, one could add that context-sensitivity depends not only on the

user’s situation but also on the stage of the process and the state of the environment.

Context awareness is often encountered in telecommunications and web-page doc-

ument analysis where location and other sensor measurement information is part of the



data [2, 18]. System is context-aware if it ”uses context to provide relevant information

and/or services to the user, where relevancy depends on the user’s task” [3]. Architecture

of context-aware applications is presented in [7]. In our work, we prefer using the term

context-sensitive approach, since it gives more choices and sets fewer limitations.

Traditionally, change-point detection uses statistical methods for finding fluctuation

in the data. Recently, there was an effort to use anomaly detection in data mining to

detect change-points. By defining an anomalous pattern as one ”whose frequency of

occurrences differs substantially from that expected, given previously seen data”, Keogh

et. al. presented a way where anomalies are not explicitly formulated [14]. Otherwise,

fault detection and pattern finding related to industrial purposes have been researched a

lot [5, 9–11, 13].

2. Iterative Context-sensitive Approach

In industrial processes, contextual information contains all meta data related to measure-

ment environment, software architecture, data processing and visualization and also to

preliminary knowledge from the related application area. In a complete analysis chain,

contextual information should be taken into account in every analysis phase and should

be included as a part of automated processing. An industrial application, which for ex-

ample uses burning biomass to produce heat and electricity, has a very specific context

basis. Therefore, in order to compute reliable results, different context environments are

required in analyses for different industrial applications.

To meet these challenges, we are extending the EJC2012 context-sensitive SPA

framework [23] with the iterative SPA approach (Figure 1). The iterative SPA frame-

work is divided into two hierarchical levels. On general macro level, the energy produc-

tion process is analyzed as a straight-forward analysis process, from variable measure-

ments to visualization and interpretation of results. Different contexts are related to each

SPA step which are considered in the overall analysis process. For example, the sensing

context includes information about how and where measurements are taken, processing

context describes software analysis methods, and actuating context defines the kind of

visualization used.

From the visual analytics point of view, this straight-forward macro level is not

enough to provide holistic and accurate information view on user. The model of vi-

sual analytics allows the process move between automated processing and visualizations

while also mapping the raw data for visualizations [12]. Hence, we introduce an iterative

micro level with the SPA structure. The main additional benefit of this is the possibility

to move back and forth and jump over the SPA steps. Micro level is defined below macro

level in the hierarchy and contains all the same contextual elements. In addition, each

SPA step is divided into iterative sub-phases S{S,P,A}, P{S,P,A}, and A{S,P,A} that fol-

low the SPA structure. Here, a sub-process contains one set of iterative SPA sub-phases.

In general, sensing sub-phase {S, P,A}s includes an update loop that initializes a new

set of parameters and restarts the sub-process. A more detailed description of the SPA

phases and their sub-phases is given in the following chapters.



Figure 1. The framework of iterative SPA with elements of visual analytics. On macro level, the analysis

process is straight forward from measurements to analysis. On micro level, there is a more detailed structure in

the analysis chain, where each process phase contains also iterative sub-phases. The next phase can be chosen

by the type of the action required. For example, starting from the Sensing phase, the user can do data mining
by advancing to the Processing phase or mapping and visualize raw data directly in the Actuation phase.

2.1. Sensing contextual information

Sensing starts from inquiring all possible data related to the measurement environment

and equipment as well as background knowledge from application. Also, when conduct-

ing an experiment, everything should be logged as well as possible, especially if adjust-

ments are made. This is the main contribution in sub-phase SS . The more information is

gathered the better. Irrelevant information can be automatically reduced afterwards.

Once the experiment has been completed, all measured data and context information

is processed into variables (subphase SP ). While creating new variables from context

information, one has to decide whether to use them in computation. In general, quanti-

tative or continuous variables can be used in computation, but qualitative or categorical

variables provide meta-data for researcher for the interpretation and evaluation of results

and later for decision making. Variables are also classified as input- or output-type vari-

ables according to their function. For example, temperature and pressure measurements

are output-type (monitored) variables while fuel feeding and bottom coarse conveyor belt

are input-type (controlling) variables.

In the last sub-phase SA, the next actions are decided. In dynamic industry environ-

ment, e.g. in a power plant, context environment may change during time. For example,

it is possible to change the type or quality of fuel. A radical change, like that of fuel in the

context environment, affects the rest of the analysis chain. While analyzing the efficiency

of a certain fuel type, a model of parameter settings is built. Due the some elemental

facts, different fuels behave differently, and the original model will fail to produce reli-

able results. If we find a change in the context environment, the process model should be

updated accordingly.



2.2. Processing Context

Changes in the context environment have to be adapted in the processing phase. Sensing

these changes can be done manually or automatically, depending on the case in phase

PS . Possible changes could be triggered by a different fuel type or an abnormal behavior

of the signals. As a response to these changes, the processing model and parameters are

updated, but also going back to sensing phase is possible.

Processing phase is computationally heavy since all software computations are done

in this phase (more specifically, step PP ). However, with modern computers, computa-

tions are relatively fast with small and large data sets. Here, a large data set contains more

than 100 variables, with several thousands of measurements. In our framework, com-

putations will include the steps of preprocessing (e.g. synchronization), transformation

(e.g. dimension reduction) and change-point detection.

In the last phase PA, the results of processing are briefly verified. For example,

the values for each change-point detector are checked and detection thresholds are fine-

tuned. A more explicit explanation of detectors and threshold is given in Section 3. Based

on human decision, the analysis process may be continued to Actuation phase or iterated

back to phase PS if some tuning of parameters for computation is needed.

2.3. Actuation context in visual framework

Actuation phase starts with (sub-phase AS) sensing the context at the user’s end. Differ-

ent contexts, e.g. different user roles, will be selected according to current situation. In

the ultimate scenario, these contexts could be selected automatically based on the knowl-

edge gathered from the user, For example, different factors could be formed of the role

of the user, expertise of the working group, etc. In practice, an overall view is presented

automatically, but the user may find more detailed information of the data when needed.

After the initialization of the user interface, the results of computations are visual-

ized and examined (sub-phase AP ). Often, the cases with industrial data require discus-

sions and interpretation. Validation of the results, with data from real world, is always

a huge challenge. One of the best validation methods (perhaps the only) is to trust ex-

perts’ opinion. In sub-phase AA, decisions are made based on acquired knowledge. If

the results are insufficient, the user can go back to the previous SPA steps and for exam-

ple adjust the parameters or use different methods. On the other hand, if the results are

proven reliable, measured information has been transformed to some knowledge which

hopefully solves the research problem.

3. Analysis framework for effective computation and visualization

Motivated by the lack of contextual support in existing applications, we started the de-

velopment of a visual analytics software for analyzing time-series data. Matlab [15] was

chosen as a base of the framework because of its computational features. Matlab has a

collection of implemented algorithms, and development with it is often faster than with

traditional languages. However, building a GUI in Matlab is a challenge because of visual

analytics requirements for user interactions. Also, it is known that after a version upgrade

in Matlab all features may not function properly in old interfaces. Therefore Java was



Figure 2. Java GUI with example data. In the upper panel, time-series data is visualized. Change points are

analyzed on the lower panel.

chosen as the language for GUI development. A Java GUI was built using Java’s Swing

library [4], and visualizations utilize the JFreeChart library [6]. The main advantage of

using Java GUI on top of Matlab is that all Java visualization tools can be combined into

powerful data processing techniques in Matlab.

The GUI (Figure 2) is divided into two main panels which are aligned horizontally.

The upper panel, Data browser, offers tools for analyzing time-series visually, and the

lower panel, Analysis session, provides an interface to apply change-point detection and

to adjust detector values. In a basic workflow, the user selects variables for visual inspec-

tion in the Data browser and then, in the Analysis session, a variable for further analysis,

e.g. change-point detection. Variables in scatter plots are normalized between 0 and 1,

and the plots are synchronized in time for easier comparison.

After change-point detection, the findings can be exported and loaded back into the

system as a new data set and the results can be inspected again on the Data browser.

In this phase, the crucial feature for finding relations between variables is the ability to

mark interesting points in time as test points, which are plotted on each variable (Number

2 in Figure 2). Now the user may find similarly behaving variables before and after any

test point. Of course, the automatically computed similarities are given to the user, but

an expert’s opinion is required to achieve reliable results with real world data.

In the experiments, we found out that the key element in mining reliable results is

the change-point detection. Change-point detection is operated in the lower panel Anal-
ysis session of the GUI. On the left, one variable can be selected and then plotted on the

top graph of the lower panel. The rest of the space is reserved for detector plots, where

the results of different change-point methods are visualized. Each detector has a hori-

zontal threshold bar (Number 9 in Figure 2). All detector values exceeding the threshold

level are considered as change points. The user can fine-tune a threshold value for each

detector separately, based on his/her expertise on the field. Detected change points can

be drawn into the top plot with the corresponding variable.

Color design in graphical user interfaces plays an important role in a successful data

analysis and understanding process. Colors can be used for advantage by highlighting



correct information, but with careless usage of colors the whole interface may become

unusable. In this framework, general guidelines of GUI design have been followed. The

color design of scatter plots is chosen with a color palette toolkit provided by NASA’s

Ames Research Center [16].

The GUI is also scalable in the contextual sense. The big picture from data can be

seen on the main window, but more detailed information is available. For example, in the

original space window (opened with the Original scale button) the requested variable is

plotted in a different context and with its original values and time scale containing more

specific information about the measurements and the change-points. Thus the researcher

can find more relevant information of the interesting points in time.

Considering the iterative SPA framework, the GUI concentrates mainly to process-

ing and actuation phases. The data visualized in the upper panel of the GUI supports actu-

ation and decision making in every SPA sub-phase. The lower panel implements the pro-

cessing phase with visualizations computed by automated methods in Matlab. However,

the sensing phase contains still a few steps, which are conducted manually in Matlab, for

example, adding context information into the system.

4. Conclusions

In case of a power plant, the idea of visual analytics is to give tools for research and

development tasks rather than to build a fast controlling system. We have done to this

by extending the context-sensitive SPA framework with an iterative structure. By offer-

ing ways to loop back and provide feedback to previous steps, iterative SPA framework

facilitates getting deeper understanding of measured information.

In order to utilize the iterative SPA framework, we started developing a GUI for

Matlab, which integrates an interactive user interface and visualizations to powerful au-

tomated computations. The development work is still in progress with analysis methods

and to make context information more transparent. However, preliminary work with real

world data provided by Valmet (previously called Metso Power) has given positive re-

sults. Our novel context-sensitive approach and framework, including the analysis-chain,

have given new insights and ways to data analysis. Our tests show that the change-point

detection methods have the key role in achieving reliable results.

In the future, we would like to concentrate our efforts on creating a massive library

of change-point methods. This versatile library would provide tools for different tasks,

as no particular method is the best in every situation. The second improvement to our

framework is not to deal only with the context of a single point in time but with the

context of a region of interest (ROI). In industrial applications, changes might be slow

and take for example half hour to complete. During that time it is impossible to set a

single point in time for the change, but it is happening in a region of time points.
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