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Abstract
Supervision has grown as an active research topic over the last twenty years. It involves
process monitoring followed by situation assessment and action proposals in order to
assure process operating under specifications. The main focus is centred on situation
assessment to decide on the adequacy of process behaviour with respect to
specifications. It consists of evaluating the state of the process and its evolution. Fault
detection, isolation and identification are the typical steps involved in this procedure.
Multiple approaches have been proposed for each of these objectives, but it is not
always possible, or it is unfeasible, to have a mathematical (functional or structural)
model to represent the system operation. Therefore, other types of approaches must be
considered in order to identify the different situations that the system may experience at
a given time, these situations can be either normal operations or failures.
Classification methods are typically proposed as strategies for diagnosis. Here,
identification of the functional states is reduced to recognising the current shapes of
variables as well-known states, commonly taking advantage of a process expert or past
experiences. On the other hand, there are some drawbacks such as the great deal of
process data available, the lack of interpretability of raw data and the need to associate
them with a reduced number of predefined system states (normal operation, fault 1, …
fault n). This is because human knowledge is related to concepts and symbols whereas
process acquisition systems provide monitoring systems with numerical data.
Consequently, these type of knowledge-based decision systems are usually forced to
work in a higher level of abstraction using symbolic variables instead of raw data
coming from sensors. To solve this, qualitative representations are proposed to represent
signal trends.
This doctoral dissertation deals with the study of classification methods when
performing qualitative trends analysis. Thus, a tool specifically designed to obtain
qualitative trends based on episodes from a measured variable is presented and some
techniques are proposed to deal with these problems. The main contribution of this
thesis is a new algorithm that returns a normalised index related to the degree of
similarity between sequences of episodes. The aim is to obtain qualitative trends and
their classification by means of the extracted knowledge from past experiences.
Performance of the proposed techniques is validated using different scenarios: a
laboratory plant, an industrial plant and an electrical system problem known as voltage
sag.
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Chapter 1.
Introduction

1.1. Motivation
The growing necessity for improvements in product quality, process productivity,
production time reduction and environmental and safety requirements have motivated
the need for automation in the monitoring processes. High process efficiency is
expected and therefore unnecessary stops should be eliminated, the occurrence of
abnormal situations predicted and acted upon quickly and effectively if those situations
are unavoidable.
On the other hand, the considerable increase of process measures and their complexity,
makes it necessary to assist the plant operator in monitoring and the decision-making in
order to manage abnormal situations. The ASM® Consortium (ASM, n.d.) defines an
abnormal situation as:

A disturbance, or series of disturbances, in a process that causes plant operations
to deviate from the normal operating state.
The nature of the abnormal situation may be of minimal or catastrophic
consequence. It is the job of the operations team to identify the cause of the
situation and execute compensatory or corrective actions in a timely and
efficient manner.
A disturbance may cause a reduction in production; in more serious cases it may
endanger human life.
Abnormal situations extend, develop, and change over time in the dynamic
process control environments increasing the complexity of the intervention
requirements.
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Fault diagnosis is the first step in Abnormal Situation Management (ASM). The aim of
ASM is timely detection, diagnosis and correction of abnormal conditions. The main
objective is to avoid plant shutdowns. Furthermore, early diagnosis can reduce the loss
of productivity during an abnormal event if it is performed when the plant is still
operating within a controllable region (Fig. 1.1, Mylaraswamy, 1996). Specifically,
diagnosis should assess the current process state using online process measurements
while the process is operational. Therefore, identifying that the process is normal is as
important as identifying that there is a problem with it. Diagnosis deals with process
measurements and process knowledge. The latter encompasses a variety of knowledge
which includes known facts and process behaviour, an estimate of the current state of
the process and, maybe, future behaviour. To sum up, diagnosis can be defined as a
transformation of the process measurements using process knowledge to identify
different process states.
Reconfiguration follows diagnosis of faults and assessment of situations. It consists of
proposing changes in the plant using the diagnosis result in order to keep the process
under specifications when a faulty situation (non-catastrophic) is detected and
diagnosed. Simple actions could be set points adjustment or tuning parameters in
controllers. However, other actions related to maintenance or planning (control or
system) could be proposed according to a predefined strategy (i.e. repair manuals,
maintenance schedulers, planners and agendas).

Fig. 1.1 Impact of faults in process operations (Mylaraswamy, 1996)
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The importance of fault diagnosis when the plant is in a controllable state is completely
out of doubt, not only from a safety point of view, but also in terms of economic costs.
A study obtained by the ASM Consortium estimate the cost of lost production due to
abnormal situations is at least $10 billion annually in the U.S. petrochemical industry
due to unexpected events. For this, there is an immediate need to design better and more
efficient intelligent real-time operator support system. Such a system can perform
automated control actions as well as to give support to operators for decision making.
Nevertheless, the implementation of such systems in real plants presents a variety of
difficulties: complexity of modern plants, lack of useful process models, different
sources of knowledge, efforts to maintain the system and operator‘s adaptation.

1.2. Objectives
Operators have an important role in the adequate functioning of processes, but the
complexity, sophisticated control strategies, highly integrated plants and millions of
pieces of collected data is an obstacle too large to overcome without support. A
supervision project involves process monitoring followed by situation assessment or
fault diagnosis and action proposals to assure process operating conditions. The main
focus is centred on situation assessment to decide on the adequacy of process behaviour
with respect to specifications.
Thus, when the monitoring task detects a deviation in process behaviour, the fault or
situation must be identified. For this, process knowledge has to be obtained, which can
be taken from analytical models of the process variables, but it is difficult to obtain
accurate models and they are sometimes too complex to deal with. Another way of
obtaining knowledge is by using previously processed data and applying Artificial
Intelligence (AI) knowledge-based techniques in order to assess situations.
Knowledge-based detection can respond to a description of situations from the signals
or their abstractions. Therefore, in many cases it is reasonable to create a 'mental model'
of plant operations and use methods to handle this knowledge, such as a human expert
operator. Plant operators typically monitor the process status for signs of normality or
abnormality in the measured process signals. Their knowledge is based on the ability to
recognise patterns that may indicate abnormal operation. In this case, the problem in the
situation assessment process lies in the computerised recognition of patterns. Then, a
correct representation and classification of these patterns allows the identification of
certain kinds of situations. When some of these process statuses are observable, they are
called symptoms. Symptoms are, therefore, observable behaviour in the process when
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an undesirable event occurs in the system and they can be classified through an
experience-based diagnosis. A good diagnostic method should be able to detect these
symptoms and compare them to the normal state and flag them as abnormal. However,
different patterns belonging to the same kind of situation can have a different duration
or magnitude. This fact, obvious to a human observer, can greatly complicate the task
for a computer. For this reason, it is necessary to have tools to handle the process
signals.
Knowledge-based systems are usually forced to work at a higher level of abstraction
using symbolic variables instead of raw data from sensors to deal with human
knowledge and reasoning. Qualitative trend representations based on episodes are a tool
for abstracting a quantitative monitored signal in a qualitative form using symbols (or
episodes). Therefore, episodes applied to situation assessment are, without a doubt, an
important support for situation assessment because the study of trends allows symptoms
(or patterns) in the process to be classified.
The objective of this thesis is two-fold. First of all, although of secondary importance, it
aims to improve the performance of existing qualitative episode-based trend analysis, to
make it more widely applicable depending on the different needs of the process plants.
This method will be applied to process variables in order to obtain qualitative patterns
that can be compared to others. It is thus possible to assess different process statuses.
The second, and main, aim of this thesis is to obtain a general similarity measure for
qualitative trends signals. Since episodes are an asynchronous and qualitative
representation, it is essential to have an algorithm that, when dealing with this type of
representation, can be applied to situation assessment in dynamic systems using pattern
matching. Thus the main subject of this thesis is the introduction of a new method that
quantifies similarity between qualitative patterns of signals by means of different
alignment algorithms.

1.3. Outline
The chapters of this thesis are divided into those dedicated to the state of the art and
basic concepts behind the thesis, and those dedicated to presenting the contributions.
The chapter organisation is intended to provide a linear reading of the work developed.
The following paragraphs provide a more detailed overview of the thesis:
Chapter 2 introduces the terminology used in the field of fault detection and diagnosis.
An overview of various diagnostic methods from different perspectives is also provided.
The general formulation used in subsequent chapters and a discussion about problems in
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fault detection and diagnosis are also presented. More emphasis has been placed on
knowledge-based representations and the task of diagnosis as a classification problem,
which is the challenging problem that has motivated this thesis.
Chapter 3 provides the reader with some definitions of qualitative trends based on
episodes and their use for process monitoring and fault detection and diagnosis. Several
qualitative representations are presented and the main formalism used in this work is
described. Other studies about symbolic representations are also outlined.
Chapter 4 is dedicated to presenting the architecture and development of a software tool
for qualitative trend extraction. This software, called Qualtras, facilitates the abstraction
of the most significant characteristics of the signals by representing any process signal
by means of episodes.
In chapter 5, terminology and problems related to the retrieval of similar time sequences
are enumerated. Next, an overview of the most common methods for sequence
alignment and similarity is given and the comparison of patterns as a classification
method for diagnosis is introduced.
Chapter 6 proposes the use of the Dynamic Time Warping (DTW) algorithm to reduce
the effects of time misalignments. However, due to the high computational cost, two
different solutions are developed. First, the application of representations based on
episodes is proposed. Secondly, a modification of DTW in order to be applied online is
explained. Both approaches are illustrated with practical examples.
Chapter 7 covers the design of a new algorithm (QSSI) to deal with the comparison of
qualitative sequences based on episodes. The algorithm returns a normalised index
related to the degree of similarity between qualitative trends signals. This is the most
innovative aspect of the work since QSSI addresses the main drawbacks of DTW when
it performs situation assessment by comparing qualitative trends. Two application
examples based on the QSSI similarity principle are presented.
Chapter 8 offers an illustrative comparison between the three methods developed in this
thesis and different similarity measures which deal with numerical series. The results
obtained suggest studying the use of qualitative methods as an alternative to numerical
similarity techniques.
Finally some conclusions from this work are drawn up in Chapter 9, where a
perspective of future research opportunities will also be given.
The thesis finishes with three annexes and the bibliography.

Chapter 2.
Fault Detection and Diagnosis

2.1. Introduction
Nowadays, the interest for supervision is increasing due to the growing demands for
quality, safety, reliability, availability and cost efficiency in industrial processes. As
systems grows in size and complexity, the possibility of misbehaviour increases. Thus,
the call for fault tolerant systems is gaining more and more importance. Fault tolerance
could be achieved either by passive or active techniques (Frank and Koppen-Seliger,
1997):

The passive approach makes use of robust control techniques to ensure that the
closed-loop system becomes insensitive with respect to faults. This solution
allows small faults be tolerated without control system reconfiguration.
The active approach provides fault accommodation, i.e., the reconfiguration of
the control system when a fault has occurred. Reconfiguration can be thought at
various degrees, i.e. set point changes, parameters re-tuning or structural
changes. The aim of this approach is to avoid a fast degradation of the whole
system due to this fault. The majority of actual solutions involve human
decision.

This chapter introduces the terminology used in the field of supervision and fault
detection and diagnosis (FDD). It also overviews different diagnostic methodologies
from different perspectives and remarks on the importance of human knowledge of
process behaviour and how it can be used to implement supervisory structures.
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2.2. Terminology
The terminology in the field of supervision, fault detection and diagnosis is not
consistent in the literature. Consequently, the SAFEPROCESS Technical Committee
(International Federation of Automatic Control) tried to find commonly accepted
definitions. Some of these preliminary proposals are collected in Isermann and Ballé,
1997, which is generally in accordance with the terminology used in this text.

About states and signals:
Fault: Unpermitted deviation of at least one characteristic property or variable of
a system from its acceptable/usual/standard condition.
Failure: A permanent interruption of a system's ability to perform a required
function under specified operating conditions.
Malfunction: Irregularity in fulfilment of a systems desired function.
Error: Deviation between a measured or computed value of an output variable
and the specified or theoretically correct value.
Disturbance: An unknown (and uncontrolled) input acting on a system.
Perturbation: An input acting on a system which results in a temporary
departure from steady state.

Residual: Fault information carrying signals, based on deviation between
measurements and model based computation.
Symptom: A change of an observable quantity from normal behaviour.

About functions:
Fault detection: Determination of faults present in a system and time of
detection.
Fault isolation: Determination of kind, location and time of detection of a fault.
Follows fault detection.
Fault identification: Determination of the size and time-variant behaviour of a
fault. Follows fault isolation.
Fault diagnosis: Determination of the kind, size, location and time of detection
of a fault. Follows fault detection. Includes fault isolation and identification.
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Monitoring: A continuous real-time task of determining the condition of a
physical system, by recording information, recognising and indicating anomalies
in the behaviour.
Supervision: Monitoring of a physical system and taking appropriate action to
maintain the operation in the case of faults.
Protection: Means by which a potentially dangerous behaviour of the system is
suppressed if possible or, means by which the consequences of a dangerous
behaviour are avoided.

About models:
Quantitative model: Use of static and dynamic relations among system variables
and parameters in order to describe a system‘s behaviour in quantitative
mathematical terms (also called analytical or numerical model).
Qualitative model : use of static and dynamic relations among system variables
and parameters expressed in symbolic terms in order to describe systems
behaviour in qualitative terms such as causalities of if-then rules.
Diagnostic model: A set of static and dynamic relations which link specific input
variables -the symptoms- to specific output variables- the faults.
Analytical redundancy: Use of two or more, but not necessarily identical ways,
to determine a variable where one way uses a mathematical process model in
analytical form.

About system properties and its measures:
Reliability: Ability of a system to perform a required function under stated
conditions, within a given scope, during a given period of time. It can be
expressed by the Mean Time Between Failure (MTBF). It is the mean value of
time passed between two consecutive failures
Safety: Ability of a system not to cause a danger for persons or equipment or
environment.
Other terms such as, availability or dependability, are less frequent terminology,
referring to probability of satisfactory operation of systems through time. They
are not used in this text.
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Although all of these topics exist in the bibliography and correspond to different stages
in the study of faults of plants, the majority of works in the domain are centred on: fault
detection, fault diagnosis, monitoring and supervision.
The scope of supervision is not only to detect malfunctions and faults, but also to
propose actions against these situations. Therefore, basic tasks associated to a
supervisory system have a correspondence with fault diagnosis, (Gentil, 1996), and
other fault related tasks. Once faults are detected and localised, actions can be proposed
or ordered to assure global performances. See Fig. 2.1 for the relationship between tasks
and terminology.

Faults
Detection of the
abnorm al
operation m ode

Relative to :
Process

DETECTIO N
ISO LATIO N

M O NITO RING

Q ualification of
this situation.
DIAG NO SIS
Deduction of the
origin.
IDENTIFICATIO N
SUPERVISIO N

Propose actions.

Fig. 2.1 Supervision tasks.

Nowadays, commercial industrial applications cover simple monitoring tasks that
consist in data management (storing, visualisation and representation) and alarm
generation. This is the case of extended SCADA packages. More advanced systems can
diagnose and propose actions, but final decision about alarm certainty or action validity
is restricted to human operators.
Several survey papers over the last three decades have summarized much of the
research into the fundamental processes of automated FDD. The first major survey was
written by Willsky, 1976. Other key survey papers were presented by Isermann, 1984,
Gertler, 1988, Frank, 1990, Isermann and Ballé, 1997, Frank and Koppen-Seliger, 1997.
The developments in fault-detection methods are also summarized in the books by
Himmelblau, 1978, Pau, 1981, Patton et al., 1989, Mangoubi, 1998, Gertler, 1998, Chen
and Patton, 1999, Patton et al., 2003 and Isermann, 2006. In (Venkatasubramanian et
al., 2003a; Venkatasubramanian et al., 2003b; Venkatasubramanian et al., 2003c) was
published a three part series reviewing process fault detection and diagnosis, and
Katipamula and Brambley, 2005 review different methods orienting the paper to
building systems.
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2.2.1. Types of faults
The types of faults depend basically on their location within the system, the number of
components that can be affected and their temporal evolution.
Concerning the effects of the faults, they are classified in additive faults (those which
correspond to sensor and actuator faults) and multiplicative faults (or parametric):

Additive process faults: These are unknown inputs acting on the plant, which are
normally zero and which, when present, cause a change in the plant outputs
independent of the known inputs.
Multiplicative process faults: These are changes (abrupt or gradual) in some
plant parameters. They cause changes in the plant outputs which depend also on
the magnitude of the known inputs. Such faults best describe the deterioration of
the plant equipments, such as contamination, clogging, or the partial or total loos
of the power.

Fig. 2.2 Time-dependency of faults: (a) abrupt; (b) incipient; (c) intermittent

Fault location can be distinguished in:
Sensor faults: These are discrepancies between the measured and the actual
values of the individual plant variables.
Actuator faults: These are discrepancies between the input command of an
actuator and its actual output.
Plant faults: such faults change the dynamical properties of the system, either by
a disturbance entering the process or structural malfunctions.
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Regarding the time dependency of faults, they can be distinguished in Fig. 2.2:
Abrupt faults: These are faults that appear "abruptly" in a time instant. For
example in a break down of a power supply.
Incipient faults: These are faults that increase steadily and that are brought about
by wear.
Intermittent faults: These are faults that do not appear continuously. For example
an intermittent electrical contact.

2.2.2. Structures and Methodologies.
Supervision is essentially the set of techniques used with the goal of assuring the
integrity of a system. The definition given above assigns to supervision the role of
detecting (to recognise and to indicate) in real time abnormal behaviour of a process
taken benefit of all information available about the process (measures, models, history,
experience and so on).
According to these goals, the main part of supervision of a complex system is focused
on to detect and isolate occurring faults and provide information about their size and
source (Zhang et al., 2002). The most important and difficult task is centred on fault
detection and diagnosis where difficulty increases with the real time constraints and
complexity of systems (non-linear, coupled dynamics, time dependencies, etc.). The
classical procedure of a fault diagnosis system is depicted in Fig. 2.3. This is achieved
in three basic steps, residual generation, evaluation and analysis, not always clearly
separable.

Fault Detection and Isolation

PROCESS

Data
Information
knowledge

Symptom and
residual
generation
Symptoms
Residual

Classification
and residual
evaluation
Location of
faults

Fault
diagnosis
Origen and
source of
faults

Fig. 2.3 Schematic representation of the procedure of fault diagnosis.

The methodology used in fault detection is clearly dependent on the process and the sort
of available information. A distribution of fault detection methods depending on
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applications is summarised in Isermann and Ballé, 1997. Existing approaches range
from analytical methods to artificial intelligence and statistical approaches.

Fig. 2.4 Classification of diagnostic algorithms (Venkatasubramanian et al., 2003a)

Dash and Venkatasubramanian, 2000 and Venkatasubramanian et al., 2003a classify the
diagnostic systems (Fig. 2.4) based on the a priori knowledge used, that is, the set of
failures and the relationship between the observations (symptoms) and the failures.
Thus, the methodology used in fault detection and diagnosis is clearly dependent on the
process and the sort of available information. From a modeling perspective, there are
methods that require accurate process models, semi-quantitative models, or qualitative
models. Most of these methods are based on comparing measures and simulations for
obtaining a residual. At the other part of the spectrum, there are methods that do not
assume any form of model information and rely only on historic process data. The
knowledge-based model offers an alternative to that situation in which an accurate
model is difficult to be obtained.
In any case, model based fault diagnosis of dynamic processes is a very active area of
research. Approaches coming from two different research communities (FDI
community in the Automatic Control area and DX community in the Artificial
Intelligence area) are proposing different methodologies that share many concepts and
tools. However, in practice there are difficulties in sharing results coming from both
communities due to the different kind of formalisms and backgrounds. Puig et al., 2002
try to connect both communities in order to share tools and combine methodologies.
Following a classification close to that of Fig. 2.4, this work classifies the methods
within two categories: model-based techniques and non-model based techniques,
although some authors can include the techniques stated below in different groups.
Model-based techniques can use quantitative or qualitative models. Quantitative models
are sets of quantitative mathematical relationships based on the underlying physics of
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the processes. Qualitative models are models consisting of qualitative relationships
derived from knowledge of the underlying physics. In contrast the non-model based
techniques are based solely on process history. The main examples of techniques for
both categories are described in the following sections. The aim is to provide the
general concepts being a good entry point to this field and to place the thesis within the
broad scope of the fault diagnosis problem.

2.3. Model-Based Techniques
The model-based diagnosis (MBD) approach rests on the use of an explicit model of the
system to be diagnosed (Frank et al., 2000; Isermann, 2005, Angeli, 2008). The
occurrence of a fault is captured by discrepancies between the observed behaviour and
the behaviour that is predicted by the model. A definitive advantage of this approach is
that it only requires knowledge of normal system operations, following a consistencybased reasoning method.
Most of model-based fault detection and diagnosis methods rely on the concept of
analytical redundancy (Kinnaert, 2003; Kleer and Kurien, 2003, Ding, 2008). In
contrast to physical redundancy, when measurements from parallel sensors are
compared to each other, now sensory measurements are compared to analytically
computed values of the respective variable. Such computations use present and/or
previous measurements of other variables, and the mathematical model of the process
describing their nominal relationship to the measured variable. The idea can be
extended to the comparison of two quantities generated analytically, obtained from
different sets of variables. In either case, the resulting differences, called residuals or
analytical redundancy relations are indicative of the presence of faults in the system.
The generation of residuals needs to be followed by residual evaluation, in order to
arrive at detection and isolation decisions. Because of the presence of noise and model
errors, the residual are never zero, even if there is no fault. Therefore the detection
decision requires testing the residuals against thresholds, obtained empirically or by
theoretical considerations.
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Fig. 2.5 Conceptual structure of model-based fault diagnosis

2.3.1. Principles of model-based diagnosis
Fig. 2.5 depicts the conceptual structure of model-based fault diagnosis system, which
concerns two stages: residual generation and decision making. This structure of two
stages was proposed by (Chow and Willsky, 1980) and has been accepted by the
majority of the scientific community of fault diagnosis. The two stages can be described
as follows:

Residual generator
Its aim is to generate a residual or a fault indicator signal, using the inputs/outputs
information from the monitored process. This auxiliary signal is created in order to
reflect the fault appearance in the process. Residual may be equal to zero or close to
zero in fault free situation and different from zero under fault situation. Above means
that residual do not depend on the inputs and outputs, in ideal conditions. The algorithm
used for generate residual is called residuals generator.

Decision making
Once residuals are obtained they are examined in a module of change detection with the
purpose of deciding if there exists a fault (or not). The decision making procedure can
be performed by a simple test of thresholds on the instantaneous values or a moving
average of the residuals, or even statistical theory can be used. Threshold logic,
statistical decision theory, pattern recognition, fuzzy decision making or neural
networks are actual methods used to decide whether and where a fault has occurred.
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2.3.2. Fault diagnosis techniques based on analytical models
Different kinds of process models and methods can be used to generate residuals of
state or output variables. The more used techniques for residual generation by means of
analytical models are: observers (Chen and Patton, 1999; Mendonça et al., 2009), parity
equations (Gertler, 1991, Gertler, 1998), parameters estimation (Isermann, 1997) and
structural analysis (Staroswiecki et al., 2000).

Observer based methods
It is one of the most known residual based techniques. The basic idea of the observer or
filter-based approaches is to estimate the states or outputs of the system from the
measurements by using either Luenberger observers in a deterministic setting (Beard,
1971; Frank, 1996) or Kalman filters in a stochastic case (Willsky, 1976; Basseville,
1988). Then, the error between real data and estimated data or a function of them is
used as residual. The flexibility in selecting observer gains has been studied (Frank and
Ding, 1997). The freedom in the design of the observer can be utilized to enhance the
residuals for isolation. The dynamics of the response can be controlled, within certain
limits, by placing the poles of the observer.
The extension of existing results of this linear technique to the non-linear case is not an
easy task. Alcorta García and Frank, 1997 present a survey of the principal observerbased approaches to FD for deterministic non-linear dynamic systems. Some
approaches can solve non-linear problems but expressed in special forms (Zhang et al.,
2002). Because of this, a complete solution to the fault detection and isolation problem
is still unsolved.

Parity (consistency) relations
Parity equations are rearranged and usually transformed variants of the input-output or
state-space models of the plant (Gertler, 1991; Gertler and Singer, 1990). The essence is
to check the parity (consistency) of the plant models with sensor outputs
(measurements) and known process inputs. The idea of this approach is to rearrange the
model structure so as to get the best fault isolation. Parity relations concepts were
introduced by (Chow and Willsky, 1984). Further developments have been made by
(Gertler et al., 1990; Gertler et al., 1995; Staroswiecki and Comtet-Varga, 2001) among
others.
There is a fundamental equivalence between parity relations and observer based
methods. Both techniques produce identical residuals if the generators have been
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designed for the same specification (Frank, 1990; Gertler, 1991; Ding and Jeinsch,
1999).

Parameter estimation
The parameter estimation approach detects faults by the estimation of parameters within
a dynamic system, where the faults are assumed to be reflected by these features
(Isermann, 1984; Isermann, 1997, Patton et al., 1999). The system parameters can be
classified as physical and abstract parameters, which directly and indirectly represent
the status of a real system, respectively. As, in most practical cases, these parameters
are not obtained, parameter estimation methods are applied by measuring the input and
output signals, provided that the first principle (physical principle based) model is well
known (Isermann 2005). However, due to the difficulty of constructing an accurate
model for a complex non-linear system, the application of this method is often restricted
to simple linear systems.
A relationship, though weaker, has been found between parity relations and parameter
estimation as well (Delmaire et al., 1994; Gertler, 1995; Gertler, 2000).

Structural analysis
The structural analysis is the study of the system properties, which are independent of
the actual values of the parameters. Only links between the variables and parameters are
represented in this analysis. These links result from the operating model and are called
relations or constraints. They are independent of the operating model and are thus
independent of the form under which this operating model is expressed (qualitative or
quantitative data, analytical or non-analytical relations). The links are represented by a
graph, on which a structural analysis is performed (Izadi-Zamanabadi and Staroswiecki,
2000; Blanke et al., 2006). The main advantages of the structural analysis approach are:
it determines the part(s) of the system on which some Analytical Redundant Relation
(ARR) (Puig et al., 2004) can be generated, and it is used to obtain the calculation
sequences of the ARR.

2.3.3. Qualitative model based methods
In these techniques the knowledge is obtained from the structure and the behaviour of
the process as a set of relations that describe the interactions between various process
variables. The goal is to dispose of a rough model to be used as a model-based
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approach. Contrary to the analytical model, the qualitative models can be incomplete or
contain uncertainties.
In this section, some causal model-based methods will be briefly discussed. Causeeffect arguments are a basic component of human reasoning about system behaviour,
and a causal model reflects the causal relationships between process variables.

Signed Directed Graph (SDG)
The most widely used form of causal knowledge is the Signed Directed Graph (SDG).
The process variables are represented as graph nodes and causal relations by directed
arcs. Nodes have qualitative states, then, the state of the system is described
qualitatively by a pattern. The cause-effect graph is a subgraph of the signed digraph
consisting of valid nodes (any variable which is first affected by the root cause) and
consistent branches (a consistent path for the propagation of the influence of its initial
node to its terminal node).
A problem with the SDG process models is that they only describe local, direct
causalities between variables. To overcome this problem, Oyeleye, 1989 introduces the
Extended SDG, which analyzes the loops in the SDG and insert additional non-physical
arcs into the graphs.
In Wilcox and Himmelblau, 1994 the Possible Cause-Effect Graph (PCEG) was
presented as a generalization of the SDG. There are two concepts involved in
representing the process state relative to the PCEG: the representation of the complete
state using a pattern, and the representation of incomplete knowledge of the process
state using a constraint.
Li and Wang, 2001 presents a methodology for qualitative modelling and simulation of
the temporal behaviour using a fuzzy clustered digraph. The qualitative information is
represented by several classes, obtained as clusters using PCA to categorically
characterize dynamic trends of individual variables. The quantitative information is
introduced by the utilization of fuzzy c-means clustering approach for automatic fuzzy
grouping of the data points in the PCx plots. The study is focused on simulation, rather
than on fault diagnosis, and as a data based method it needs extensive training.
Recent works considered the use of wavelets as signal preprocessors in order to perform
SDG in processes with load-fluctuations (Tsuge et al., 2000).
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Fault Tree Analysis (FTA)
FTA is an analysis technique for safety and reliability aspects that uses a graphical
representation to model causal chains leading to failures. The fault tree is a logic tree
that begins with the top event (incident) and continues by deductive reasoning through
all the intermediate events to primary events and initiating events. The tree usually has
layers of nodes. They provide a computational means for combining logic to analyze
systems faults. At each node different logic operations like AND and OR are performed
for propagation. The main difference between a SDG and a fault tree representation is in
the primary unit that makes them. In a fault tree, the primary unit is an event, while in a
SDG, the primary unit is a process variable.
The fault tree is constructed by asking questions such as what could cause a top level
event. In answering this question, one generates other events connected by logic nodes.
The tree is expanded in this manner till one encounters events (primary events) which
need not be developed further (Lapp and Powers, 1977). Once the fault tree is
constructed, the next step in the analysis is the evaluation of the fault tree. Fault trees
are usually generated manually. Considerable knowledge, system insight and overview
are necessary to consider various failure modes and their consequences at a time.
Because of this, the effort can be diminished by the automation of Fault Tree generation
(Liggesmeyer and Rothfelder, 1998; Mäckel and Rothfelder, 2001).

Qualitative physics
Qualitative physics is an area of AI concerned with modeling a physical system in order
to simulate it or solve particular problems regarding the system (Ramil and Smith,
2002). Three examples of qualitative models without using graphical representation but
focused on representing the dynamics of systems using equations are:
The Qualitative Simulation (QSIM) method by Kuipers, 1986 which represents
qualitative behavior using qualitative differential equations. Qualitative
modeling involves specifying a constraint model of the physical process in terms
of qualitative versions of mathematical relationships such as addition,
multiplication and differentiation. QSIM representation and simulation
algorithm allows to reason mathematically about the description of the process.
Qualitative Process Theory (QPT) construes physical systems as consisting of
entities whose changes are caused by physical processes (Forbus, 1996). The
domain is described by a collection of objects and each of these objects
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completely defines a qualitative state. The qualitative state is defined by a set of
parameters which take on values in a quantity of space.
Compositional modelling is a strategy for organising and reasoning about
models of physical phenomenon. It uses explicit modelling assumptions to
decompose domain knowledge and semi-independent model fragments, each
describing various aspects of objects and processes (Falkenhainer and Forbus,
1991).

2.4. Non-model-Based Techniques
Model-based fault detection requires process variables (measures) to compare real
process response and model response. This comparison is performed under the
assumption that the same input is provided for both systems. Therefore, process
measures and actions must also be supplied as input to the model. Other methods can be
applied if only process outputs are available.
In non model-based techniques, past experimental records are analysed in order to
detect irregularities which would link the observed data (the symptoms) with the final
conclusions (the diagnosis). The non-model techniques can be divided into two
categories: signal-based approaches and knowledge-based approaches, although
sometimes the dividing line between the categories is not clearly defined.

2.4.1. Signal-based approaches
Signal-based methods are focused on analysing signal features. Proper signals, or
symptoms, are extracted from the system, which carry significant information about the
fault of interest. The symptoms are either directly, or after proper modifications, used
for fault diagnosis. Typical symptoms are: the magnitudes of the time functions of
measured signals, limit values, trends, statistical moments of amplitude distribution or
envelope, spectral power densities or frequency spectral lines, correlations coefficients,
covariance and so on.
Knowledge of the system is assumed to consist of learning associations between process
measures and operating conditions. In this sense, they could be considered as
knowledge-based methods. There are numerous approaches of signal based methods;
some of them are as follows:
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Physical redundancy: multiple sensors measure the same physical variable
finding any discrepancy among them.
Statistical techniques: mean, variance, control limits, entropy, etc. are estimated.
Frequency analysis: Some plant measurements have a typical frequency
spectrum under normal operating condition; any deviation from this is an
indication of abnormality.
Limit checking: plant measurements are compared to fixed thresholds.
Probabilistic: Bayes decision.

The use of statistical techniques for FD is based on viewing diagnosis in terms of
quality control. Statistical methods aspire to give early detection. The calculations
provide an early warning indicator of effects on the process, allowing for correction at
the best possible moment. For example, an instrument is used to take measurements on
a certain quality variable. If the measurement is within the control limits, it is assumed
that the instrument is working normally. If the measurement falls outside the control
limits, the instrument is statistically out of control. Statistical Process Control (SPC) has
been widely used to analyse a process, or its outputs, so as to take appropriate actions to
ensure stable levels of quality within the process. If the majority of the processes are
multivariate in nature, then, a Multivariate SPC (MSPC) has to be used.
A statistical technique that has a wide area of applications is Principal Component
Analysis (PCA). It involves a mathematical procedure that transforms a number of
correlated variables into a smaller number of uncorrelated variables called principal
components. So, PCA permits a reduction in the dimensionality of data while retaining
the useful information, computing a compact and optimal description of the data set.
PCA has been extensively used for fault detection, fault diagnosis, process monitoring
and sensor faults. The generation of principal components and their use is described
elsewhere (Jolliffe, 1986; Efthimiadu et al., 1995; Martin and Morris, 1996).
Basically, the application of PCA to FD consists in the calculus of the Squared
Prediction Error (SPE) of residual space for the ith sample of process variables. The
process is considered normal if the value SPEi is between the control limits. Another
index often used for FD is the Hotelling T2 test. It is an overall measure of variability.
For new data, the score space is monitored by computing the T2 value as the sum of the
squares of the selected scores scaled by the respective eigenvalue computed from data
representing normal operation. Other monitoring charts can be displayed (e.g., plots of
one principal component against another). From the analysis of different monitoring
charts a fault can be diagnosed.
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Several applications performing PCA can be found in the literature. Kourti and
MacGregor, 1996 examine the application of some traditional statistical process control
methods, including PCA, for process monitoring in a variety of industrial processes.
Dunia and Qin, 1998 develop an approach for process and sensor fault identification
and reconstruction based on principal component analysis. Singhal and Seborg, 2001
and Ge and Song, 2008 use a PCA similarity factor to develop both methodologies for
pattern matching in multi-variate time-series. Yoon and MacGregor, 2004 present a
multiscale PCA algorithm and procedures for both fault detection and isolation.
Furthermore also the combination of PCA with other techniques has been successful.
Maurya et al., 2003 present a PCA-QTA technique for fault diagnosis. Lu et al., 2003
develop a wavelet-based time-frequency approach to improve PCA-based methods by
extending the time-domain process features into time-frequency information. In (Fourie
and de Vaal, 2000) multiscale wavelet decomposition is first performed on process data.
Then, linear PCA and Nonlinear PCA are performed separately and an ANN is trained
using the linear PCA transformed data set as the input layer and the non-linear principal
scores as the output layer.

2.4.2. Knowledge-based approaches
In the case of noticeable modelling uncertainty, a more suitable strategy is that of using
knowledge-based methods. Instead of output signals, any kind of symptoms can be used
and robustness can be attained by using only those symptoms which are not strongly
dependent upon the systems uncertainty. In this case, knowledge which is often
incomplete and cannot be represented by analytical models has to be processed.
These methods are a field in continuous evolution, where AI techniques have an
important role. There is not a unified theory to be applied to these methods and, in fact,
knowledge-based methods can be applied to all three phases of fault diagnosis; namely
residual generation, residual evaluation and fault analysis, although the phases in this
case are not always as clearly separable as in the case of the analytical approach.
Knowledge based methods correspond mainly to classification methods and pattern
recognition approaches. These techniques can use the history knowledge either
qualitatively or quantitatively based on the nature of subsequent analysis. Expert
Systems, Artificial Neural Networks and Qualitative Trend Analysis are the main
examples of techniques of this group.
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Symptoms based methods
They consist in organizing the expert knowledge that is used to link observations with
solutions. Then, these techniques deal with process variables to identify fault symptoms
in them, where a symptom is a subjective evidence that indicate the existence of a fault.
Symptoms-based methods allow a forward reasoning from fault to possible faults.
These methods can be performed with different techniques: Expert Systems, Fuzzy
logic (Isaza et al., 2009), Case Based Reasoning (CBR). In such implementations, major
difficulties exist in the knowledge acquisition task and knowledge representation.
Expert Systems are also known as rule based systems. They use sets of rules to match
observed symptoms to causes. Typically, rule based (RB) methods are made up of an
antecedent part (series of events) and a consequence part, which maps these events to a
known fault or some other event, which forms the antecedent of some other rule and so
on.
An improvement respect to these methods corresponds to the use of fuzzy logic in the
RB methods. In the case of Fuzzy Logic Systems (Tarifa and Scenna, 1997) the rules
are put in a fuzzy way. A rule-based system can also be viewed as a lookup table, which
contains explicit mapping of known symptoms to root causes.
In (Kempowsky et al., 2006; Kempowsky et al., 2005) a tool (SALSA) based on fuzzy
methodology of conceptual clustering and classification is used to perform situation
assessment. First, an offline learning stage allows obtaining behavior patterns from
training data. So SALSA identifies several classes representing operations in the system
that they need to be validated. Once the behaviour pattern is elaborated, online data is
analyzed to recognize what is the current functional state of the process assigning it to
the class with the highest adequacy. If a new situation cannot be classified to any
existing class, the approach can generate new classes from the unrecognised patterns.

Qualitative trend-based methods
This approach transforms data from the process variables in description of its trends in
an explicit and meaningful form. Qualitative abstraction of variables represents valuable
information that can be used to examine the current status of the plant. The procedure
for Qualitative Trend Analysis (QTA) has three main components:
1. The language used to represent trends.
2. The method for identification of trends in variable readings.
3. Interpretation of those trends in terms of fault scenarios.
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The qualitative representation of trends has fundamental elements called primitives.
Groups of primitives form episodes and episodes combine to form a trend.
A method used for primitive identification can be based on first and second derivatives
of the process trend calculated using the finite difference method. Another method is the
use of an ANN.
Observed symptoms or trends, possibly in combination with other information, trigger
the memory of similar situations in the past. The primitives thus identified are used in a
knowledge base (KB) to perform fault diagnosis.
More details about this method are given in Chapter 3.

Neural network based methods
The Artificial Neural Network (ANN) based methods have received considerable
attention over the last few years. ANNs are inspired by biological neural systems. They
consist of a network of many simple units (neurons) where each neuron can compute an
output that is a (generally nonlinear) function of the weighted sum of inputs. The
weights are parameters of each connection in the net. Using a set of training data, the
weights of all connections are adjusted so that the output matches the correct
classification as closely as possible. After proper training, a good net may perform very
well in classifying unknown input data. The training is quite time-consuming, and may
require a large set of training data.
In the petrochemical industry ANNs have been used as supervised pattern classifiers.
They are trained on historical or simulated steady state process data with the aim of
detecting a specified number of suspected faults.
The first reports (Hoskins and Himmelblau, 1988; Venkatasubramanian and Chan,
1989; Watanabe et al., 1989; Venkatasubramanian et al., 1990) show the application of
Backpropagation networks (BPNs) using sigmoidal functions in the first layer. In more
recent studies, Radial Basis Function networks (RBFNs) are preferred because they
provide more reliable generalisation and fewer extrapolation errors (Gomm et al., 1998;
Yu et al., 1999).
Many successful studies have been reported on integrating wavelet transformations with
neural networks (Zhao et al., 1998). Wavelets functions are more localized and pick up
edge effects.
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Ruiz et al., 2001 presented a fault detection and diagnosis scheme that incorporates the
advantages of neural networks but as a supplement to a fuzzy system in a block oriented
configuration. The neural networks require no explicit coding of knowledge and the
fuzzy system provides insight into the problem-solving process.
Self Organizing Maps (SOMs), which are trained unsupervised, are not always able to
classify data correctly. However, their ability to classify data autonomously is very
interesting and useful when real industrial processes are considered (Koivo, 1994).
Regarding the special case of faults in sensors, auto-associative neural networks have
been showing good results. Their application is based on the Nonlinear Principal
Component Analysis (NLPCA) technique (Kramer, 1992). Furthermore, a robust autoassociative neural network can be used to gross error detection, identification and
removal into a singles step. Dong and McAvoy, 1996 suggest a method that uses
principal curves and three-layered neural networks. Mo et al., 1998 suggest NLPCA that
is based upon functional-link auto-associative neural network (the input layer is
expanded by using the concept of functional link).
Recent works enhance the use of the ANN framework for FD by big improvements in
the following issues: speed of training, introduction of time explicitly into the classifier
design and on-line updation using a mirror-like process model (Rengaswamy and
Venkatasubramanian, 2000).

2.5. Motivation to incorporate expert knowledge in
diagnosis systems
The complexity of designing diagnosis approaches has been introduced in the previous
sections. The need to incorporate expert knowledge in these designs is present in all
tasks involving supervisory systems. Fault detection can be performed by using
analytical models, but these models are not always available and the final decision
concerning the residual generated is always submitted to a human expert. On the other
hand, the use of knowledge-based representations is needed by numeric to qualitative
interfaces in order to reason about process variables. The important role of human
knowledge in process supervision is to concentrate attention on the techniques that
permit the use of expert knowledge to automate those tasks.
Nowadays, the main contribution for designing supervisory systems comes from the
experience of operators and expert engineers. In fact, they are also present in the
majority of applications for final decision making. Sometimes, the description and
translation into computers of this expert knowledge, related to process variables,
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becomes very difficult or impossible due to the different nature of human descriptions
and data obtained from process.
Usually, experts describe situations or estimations of those situations, while data is
instantaneous samples of measures. In the procedure of matching the evolution of
process variables and these situations, humans use an imprecise description of
magnitudes. An example can clarify these difficulties: the following sentence, ―when
temperature in the reactor increases, open the input valve slowly‖, describes an action
(open valve slowly) to be performed when a process variable (temperature) experiments
certain behaviour (increasing). This expert description is easily interpreted by humans,
but difficult to interface with numerical magnitudes coming from the process
(temperature) or actuators to perform this action (open valve). They are imprecise
descriptions of numerical magnitudes available in the process. This imprecise
description must be processed before being used in the control structure. The
representation of this kind of information and the ability to deal with the relationship
between imprecise variables is in the scope of qualitative methods. The use of
qualitative techniques implies a description of process variables given by short sets of
labels or symbols (low, normal, high). The number to symbol translation must be a
reliable task despite the great deal of numerical data and the imprecision, uncertainty or
incompleteness of measured signals. At the same time the result must be useful for the
supervision tools.
An additional inconvenience of using expert knowledge for process supervision refers
to temporal references. Usually it describes process behaviour in an uncertain period of
time, or changes in the evolution of process variables without dating these events. In the
example cited in the previous paragraph, the label increasing is related to a
characteristic of a process variable during an imprecise period of time. This
consideration must be taken into account when building numeric to qualitative
interfaces in order to benefit from these kinds of descriptions of variables evolution.
This also applies to more general descriptions of process behaviour such as transient or
steady state, for instance. In this case, both possibilities are exclusive, but real transition
between both states is gradual. Then difficulties exist in determining the limits between
both, because it includes all the process variables analysed. Thus, time is a fundamental
variable in studying dynamic systems but, at the same time, its qualification is difficult.
Control systems normally use a synchronous representation of time, with a constant
sampling rate but the interesting events are not periodic. Thus, supervisory systems
need asynchronous representations of time.
Knowledge-based methods try to use expert knowledge of processes directly. These
methods are more process dependent, since they use specific abstraction tools
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(abstractors) that must be designed to carry as much information as possible about the
faults to be detected. Abstractors can be used as analysis tools to obtain significant
information from process signals at several abstraction levels, which is from the
measured signal, to more elaborated information about it, in the sense of its
compactness and representativeness. This thesis proposes QTA to represent qualitative
trends of signals (tendencies, oscillation degrees, alarms, degree of transient state, etc.).
One of these techniques is the representation of signals by means of episodes. An
episode can integrate numeric and symbolic data at several levels of abstraction. The
next chapter describes this type of representation in more detail.
The task of diagnosis can be viewed as a classification problem or a pattern recognition
task, and thus the diagnostic system is also referred to as a diagnostic classifier.
Whenever an abnormality occurs in a process, a general diagnostic classifier would
come up with a set of hypotheses or faults that explains the abnormality. The
completeness of a diagnostic classifier would require the actual faults to be a subset of
the proposed fault set. The resolution of a diagnostic classifier would require the fault
set to be as minimal as possible. Thus, there is a trade-off between completeness and
resolution.
Furthermore, classification through the comparison and matching of temporal signals
(process measurements) when performing fault diagnosis can also be affected by the
time misalignments within the measurements. For instance, in symptom-based methods,
such as case-base reasoning, a representative historical database of signals (cases) that
have been analysed previously and suitably annotated, is used to identify the root cause
of a change (fault) and develop an effective remedy (diagnosis). A hard problem in this
method is to locate an instance (case) in the historical database (case-base) that is the
most similar to specific data. Pattern classification or signal comparison is a popular
method for finding similar signals in historical data. The challenge in this approach
results from the fact that, because of the nature of industrial processes, signals that
result from two instances of the same change are not exact replicates invariably; there
are deviations between the two instances. The differences could be in the length (total
time) of the two signals or in the magnitudes or profiles of the variables. Therefore, the
direct comparison of two signals would be incorrect, because there is no guarantee that
the corresponding segments of the signals are being compared. Consequently, robust yet
sensitive methods for comparing unsynchronised signals are an active area of research.
Part of this thesis has focused on the task of developing a new tool to perform
qualitative trends from process variables. Thus, the main body of effort has been aimed
at providing a useful tool for calculating a similarity measure between different trends.
These representations are composed by qualitative and quantitative information in an

28

Fault Detection and Diagnosis

asynchronous time domain. A set of case examples has been developed to test both
techniques.

2.6. Conclusions
The aim of this chapter is twofold: first to review some of the definitions and methods
used in the field of FDD, and second, to place this work within the broad scope of fault
diagnosis.
The methods have been classified into two categories: model-based methods and non
model-based methods. The use of one or the other category is only subject to the
knowledge of process behaviour or faults.
Although quantitative model-based methods are most accurate and reliable they have
two major shortcomings: the complex technology or natural process is generally for
nonlinear time-varying systems, which makes it particularly difficult to detect structural
changes in the system and to obtain adequate models for this purpose. Secondly, the
model available is often assumed to represent normal operating conditions, and the
impact of a departure from these conditions on the model outputs is difficult to predict.
Consequently, these methods are difficult to apply to a dynamic process submitted to
repeated changes in the operation mode.
On the other hand, when analytical models are hardly available, knowledge-based
models are a realistic alternative, allowing one to exploit as much knowledge of the
process as is available, but, for instance, expert systems need expert knowledge of the
process.
The main difficulty with knowledge-based methods is the translation of the numeric
values (data coming from the process) to qualitative data (symbols) that can be used
with these techniques. This problem has motivated the first part of this thesis, therefore
the next chapter is devoted to presenting some definitions and the main formalisms in
the qualitative representations and their use for process monitoring and fault detection
and diagnosis.

Chapter 3.
Qualitative Representations of
Signals

3.1. Introduction
Over recent years most industrial plants have been rebuilt or restructured, and the
process control equipment modernised to include a wide range and number of sensors.
Process data is usually stored in databases to be analysed by experts, but as the amount
of data stored increases, the task of extracting useful information becomes more
complex and difficult. Also, the growing complexity of control systems makes it more
and more difficult to make decisions. However, the large volumes of information
collected at industrial plants by modern control systems have to be used to improve
efficiency and productivity, to avoid unscheduled shutdowns and abnormal situations.
All this information must be represented with the aim of studying it and concluding new
knowledge or making decisions about a problem. A simple way of knowledge
representation are rules (if, then). It is also possible to represent it using trees, diagraphs
or case-bases. Experts usually use qualitative language to describe system behaviour,
for instance: high, medium, low. There is an important part of the AI community that
studies how to represent qualitative information and to deal with it in a way similar to
natural language and thought processes.
The study of qualitative sequences has been often reported by researchers as Qualitative
Trend Analysis (QTA) (Venkatasubramanian et al., 2003c) or Qualitative Shape
Analysis (Rengaswamy et al., 2001). In contrast to qualitative methods using
relationships derived from knowledge of the underlying physics (Manders et al., 1999;
Kuipers, 2001), QTA is a non model-based technique that uses historical data from
previous experience of the process.
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The variation of a process variable concerning time is called the trend of that variable.
A process trend has an intuitive meaning about how process behaviour changes over
time. A qualitative trend is obtained from one or more signals (or functions of them),
adequately processed. The objective is to represent the signal using qualitative symbols
or shapes, also called primitives by some authors (Rengaswamy and
Venkatasubramanian, 1995), that have a meaning within the context of the process.
Qualitative trends based on episodes and their analysis is a knowledge-based method for
extracting features, that allows the diagnosis of situations if the episodes are processed
by others tools, for instance, using fuzzy logic, such as reference (Dash et al., 2003) to
pattern recognition. In this case, the dimensionality of variables is not altered but the
complexity of the system states is reduced allowing only a finite set of qualitative
descriptions. A benefit of this representation is that it allows the extraction of
meaningful information, that is, the interpretation by an expert operator who would
usually suffer from an excess of process data.
In this thesis the method of representing knowledge is to build qualitative trends based
on episodes which represent dynamic behaviours in the process. Thus, in this chapter,
several formalisms and approaches concerning qualitative representations are described.

3.2. Qualitative representations based on episodes
Signal representation by means of episodes provides a good tool for situation
assessment. On the one hand, uncertainty, incompleteness and heterogeneity of process
data make qualitative reasoning a useful tool. On the other hand, reasoning not only
with instantaneous information, but using the historic behaviour of the process is
necessary. Moreover, since a great deal of process data is available for the supervisory
systems, to abstract and use only the most significant information is required. The
representation of signals by means of episodes provides an adequate response to these
necessities.
Episodes are a portion of qualitative information that has a specific meaning for a
specific representation. In a qualitative context based on episodes, a trend is defined as
the sequence of qualitative episodes over time. The general concept of episode in the
field of qualitative reasoning was introduced by Williams, 1986, who defined an
episode as a set of two elements: a time interval, named temporal extent, and a
qualitative context, giving the temporal extension significance.
This definition allows an episode to be defined as explicitly as the qualitative context.
The description of variable behaviour over time is referred to as a history or trend. A
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qualitative trend is a contiguous, non-overlapping sequence of episodes; then, trends use
a qualitative representation of time because they break down time into a set of regions
of interest. To achieve the desired descriptions, every episode must achieve the largest
continuous interval of time in which the variable maintains a single qualitative value.
The motivation to use representation by episodes comes from the needs of supervisory
systems (Williams, 1986,Konstantinov and Yoshida, 1992,Gentil, 1996). These needs
can be summarised as:

Need for qualitative reasoning: uncertainty, incompleteness and heterogeneity of
process measurements make the qualitative representation of signals a good tool
for supervisory tasks. Moreover, the heterogeneity of the knowledge that has to
be used in supervisory tasks makes qualitative reasoning a necessary tool in
many cases.
Need for temporal reasoning: in the field of supervision, reasoning, not only
about instantaneous information, but also about the historic behaviour
(trajectory) of processes is necessary. For this reason, reasoning about time is
essential. In process control, time is usually sampled in a uniform way; but the
important events for supervision (e.g., faults) happen in an asynchronous way.
Therefore, asynchronous representations will be more useful than synchronous
ones.
Need for a compact knowledge representation: since a great deal of process data
is available for supervisory systems, it is necessary to abstract and use only the
most significant information. This implies a qualification of the signal
behaviour. The abstraction process could be done in a temporal way (qualifying
time) or by qualifying a signal characteristic.
Need for natural knowledge representation: knowledge about processes often
comes from human operators and engineers‘ experience. To make the use of this
kind of knowledge easier, signals must be represented in a natural way.

Clearly, the problem of trend identification is a difficult task. The disparity in rates of
fault evolution highlights the need for automated identification to be extremely robust
while using minimal or no a priori information about behaviour or process data. The
presence of sensor noise further complicates the task. So, formalisms have to take into
account some important issues (Dash et al., 2004):
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Time-scale of identification: Process behaviours changes depending on events
that occur in the process. The changes in the behaviours can be slow or quick
depending of the disturbances, faults or noise present in the signal process. So,
time-scale trends have to be adapted over the time.
Noise: In a real process the noise in the process signals disturbances the
information about process behaviours, but sometimes filters can eliminate
important information in the trend.
Scale variant nature: The representation of qualitative trends depends on the
scale which they are observed. If the process signals have important variations in
the values ranges over time, it will be necessary to adjust parameters in the
representation, such as size of samples window for the detection of these
changes in the trend. Also, it is possible to obtain several trends in different
scales of observation.
Simplicity: Trends have to be easy to understand in order to extract information
and reason about it. Also the computational complexity of the algorithm should
not be prohibitive to restrict its usefulness.

Cheung and Stephanopoulos, 1990 exposed the conditions that have to be assumed for a
formal representation of process trends:

Existence: a trend is a physical entity with real values. A trend is an integral
description of the temporal description of the temporal transformation of process
behaviour as detected by sensor measurements.
Stability and localisation of its characteristics: a trend must be stable to small
perturbations and its geometrical features can be detected and localised in the
time scale.
Uniqueness in scaling: it is possible that different scales of observation exist for
data observation and therefore for the trend, but the trend of a variable is unique
for a given scale in a given time interval.
Functional characteristics: the trend must represent the physical transformation
of process behaviour over time. In the formal representation geometrically
distinguished time points are defined: they represent a transition point for a
change in level (for instance a change from negative to zero), change in
direction (for instance a change from increasing to decreasing at a maximum
point) or a change in the curvature.
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Several qualitative representations based on episodes have been developed in order to
give general representations for any process signals. In the following subsections, some
of these formalisms and approaches are described.

3.2.1. Triangular and trapezoidal representation of process
trends
A general formalism for the qualitative representation of trends is developed in Cheung
and Stephanopoulos, 1990; introducing the concept of trend as a continuous sequence of
qualitative states. The qualitative state QS of a variable x at t [a,b] is defined as the
triplet of qualitative values characterised by the signs of the first and the second
derivative.
undefined
QS(x,t)=

if x is discontinuous at t

[ x ( t )],[ dx ( t )],[ ddx ( t )]

otherwise

[3.1]
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[3.2]

Thus, an episode of the variable x is defined as any temporal interval (ti,tj) [a,b] such
that QS(x,t) is constant t (ti,tj). So an episode is the pair
< t-extent,QS(x,ti,tj)>

defined as the temporal extent of the episode t-extent=(ti,tj) | ti < tj and the qualitative
state of x over (ti,tj), QS(x,ti,tj)=QS(x,t)
t (ti,tj).
Each episode then represents an interval of uniform behaviour where all the qualitative
properties are constant.
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This approach has a practical extension in the triangular and trapezoidal representations.
A triangular episode is the triangular region constructed by the intersecting lines of the
initial slope, the final slope and the average slope through the boundary points (Fig.
3.1). For any time interval (ti ,tj) a triangular episode is defined by the set:

< [ddx] ,( ti , tj ) ,<x(ti) , x‘(ti)> , <x( tj ),x‘(tj)>>

such that the qualitative value of [ddx] is constant at (ti , tj)

(t j , x( t j ))

x

[ddx] = [dx] = +
(t i , x( t i ))
t

Fig. 3.1 A triangular episode.

Triangular episodes can be considered as geometric primitives used for modelling
episodes, and consequently trends. Every trend can be represented by a series of
episodes and the most concise representation results when all the episodes are maximal.
There are seven basic types of episodes (Fig. 3.2) defined by the qualitative values
alone; these seven types are defined under the constancy of [dx] and [ddx].

[ddx] = [dx] = +

[dd x] = 0
[d x] = +

[dd x] =
[d x] =

-

[ddx] = +
[d x] = +

[dd x] = 0

[dd x] = 0

-

[d x] = 0

[d x] =

[dd x] =

Fig. 3.2 Set of triangular episodes.

[d x] =

+
-
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The triangular representation allows explicit information of significant information of a
trend to be given. Qualitative features like ‗increasing’, ‗spikes’, ‗oscillations’, etc., can
be directly expressed by the type of matched triangular shape. At the same time
quantitative information, like coordinates of extrema and inflexion points, are also
available.
The trapezoidal representation is based on trapezoidal episodes. A trapezoidal episode
(Fig. 3.3, Fig. 3.4) is an episode where qualitative context is defined by the constancy of
the qualitative value [ddx]. In addition, it includes the value and the slopes at the
boundary points and the convexity point of the episode. The boundary points of
episodes are the second order zero crossings and the convexity points are defined as the
point at which the slope is equal to the slope of the line joining the boundary points of
the episode.

(t j , x( t j ))

x
Convexity
point

[ddx] = [dx] = +
(t i , x( t i ))
t

Fig. 3.3 A trapezoidal episode.

[ddx] =

-

[ddx] = +

Fig. 3.4 Types of trapezoidal episodes.

Trapezoidal episodes can be built using the triangular representation by grouping
consecutive triangular episodes, or they can also be built from another trapezoidal
representation, grouping trapezoidal episodes and obtaining representations in different
temporal scales. This method is called qualitative scaling; it is a local scaling and brings
out the local character of trends with minimum distortion. A similar trapezoidal
representation is also given by Ayrolles, 1996.
The trend-based window approach suggested by Cheung and Stephanopoulos, 1990
allows the trends to be viewed from different scales. In each window, the trend segment
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is represented by an initial slope, a final slope, and a line segment connecting the two
critical points. A series of such segments represents a process trend.
This representation was later used by Bakshi and Stephanopoulos (Bakshi et al., 1994;
Bakshi and Stephanopoulos, 1994a; Bakshi and Stephanopoulos, 1994b) to develop a
methodology to extract temporal characteristics from trends, based on multiscale
analysis using wavelets. The methodology consists of three steps: First, a wavelet signal
decomposition that acts as a noise removing filter; second, the triangular representation
of smoothened process signals and finally, a search algorithm that makes use of
decision trees and Shannon‘s entropy comparisons for the identification of certain
classes of process outcomes. In Stephanopoulos et al., 1997 this methodology has been
implemented as a part of a broader system aimed at fermentation database mining,
diagnosis and control.
The same representation is used in Wong et al., 2001 as a basis for classification of
tendencies. First, signals are filtered by means of wavelets and next the triangular
episodes are obtained. Next, logical fuzzy is used to convert the quantitative values of
magnitude and duration related to the episodes in another symbolic representation
including ‘small, medium, large‘ symbols representing these quantitative values. As a
result the 7 initial symbols become 57. Then classification of sequences is carried out by
means of HMM (Hidden Markov Models), that they convert the input in a numeric
probability, and compared with another method that uses a back-propagation neural
network (BPNN). The methods are applied to a simulation of a tank reactor.
More recently, Villez et al., 2008 used the cubic spline wavelet to obtain a filtered
signal in different scales. The resultant signal is qualified according to its first derivative
and two letters are used to represent upward and downward behaviour, although they do
not include temporal information. The approach is illustrated by a diagnosis example
where the resulting qualitative representation is looked up in a dictionary of trends.
Finally, in Villez et al., 2009 the seven primitives are used in order to represent different
faulty profiles. They conclude that qualitative analysis may be a good task for the
automation of fault detection and diagnosis tasks.

3.2.2. Qualitative Temporal Shape Analysis
Konstantinov and Yoshida, 1992 propose a representation of signals based on an
expandable set of profiles. Each profile (qshape) is characterised by two symbolic
strings (SD1 and SD2) representing the evolution of first and second derivative signs of
the signal.
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SD1 x t

sd1

, ,

SD 2 x t

sd2

, ,

t

[3.3]

t1 , t 2

Then, the qualitative shape of a signal is represented by the combination of these
strings:

qshape x t

SD1 x t

, SD 2 x t

, ,

;

, ,
[3.4]

t

t1 , t 2

Hence, two temporal shapes are considered qualitatively equivalent if their qshapes
coincide. The analysing procedure extracts in real time SD1 and SD2 over a predefined
time interval [t1,t2] and compare them with those of an expandable shape library that
stores all interesting shapes (Fig. 3.5).

Fig. 3.5 Some elements of the expandable set, represented by sd1 and sd2.

The time-scale of analysis is fixed a priori which limits its generic applicability and it is
possible that the representation of trends can be multiple. Also, with increasingly
complex shapes, the library can become quite big and the simple reasoning based on the
extent of derivatives sign matching may not be suitable.
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3.2.3. Trends Description Language (TDL)
Janusz and Venkatasubramanian, 1991 propose a qualitative description (TDL) of
signals consisting of primitives, episodes, trends and profiles. Primitives are based on
the sign of first and second derivatives (positive, zero or negative). Then, nine basic
types, represented in Fig. 3.6, make up the set of primitives.
The first step in obtaining the signal profile is the identification of each signal sample
with a primitive (Fig. 3.7b). This step is solved as a pattern recognition problem by
means of neural networks. Then, consecutive samples with the same primitive are
grouped to build episodes (Fig. 3.7c). The trend of a signal consists of a series of
episodes, and finally the profile is obtained by adding quantitative information (Table
3.1). In this case, the proposed quantitative information is the signal value at the
boundary points and the length of the episode, which can be considered the minimum to
identify subtle distinctions between trends.

C

B

A

F

D

E

H

G

I

Fig. 3.6 Set of primitives.

a) O riginal signal :

b) Prim itives :

DD D H GG GE E E I BBB
c) E pisodes :

D 3 H1 G 3

E3

I1

B3

Fig. 3.7 Episodes (primitive & length) recognition.
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Table 3.1 Signal Trend (series of episodes) and Profile (episodes & signal value at the boundary
points) corresponding to Fig. 3.7.

Signal Trend:
Profile:

(D3)(H1)(G3)(E3)(I1)(B3)
(6.1 D3 7.3)(7.3 H1 7.3)(7.3 G3 6.4)(6.4 E3 5.5)(5.5 I1 5.5)(5.5 B3 7.0)

Later, Rengaswamy, 1995; Rengaswamy and Venkatasubramanian, 1995 extended this
method using syntactic pattern recognition involving an error correcting code (ECC)
acting as a postprocessor to rectify inconsistencies due to noise and discontinuities. The
primitives were identified from the sensor data using a neural network. Each data set in
a given time window would be classified to one of the primitives.
Vedam and Venkatasubramanian, 1997 improved the framework proposed in
Rengaswamy and Venkatasubramanian, 1995 with an adaptive algorithm for the
identification of trends based on wavelets. The algorithm can adjust the time window in
the input of neural nets to adapt the identification to the distinct dynamics of the
process. The primitives identified are used as input to a knowledge base in order to
perform fault diagnosis. This system, called W-ASTRA is demonstrated on a fluidised
catalytic cracking unit. Later Vedam et al., 1998 proposed a B-Spline based
compression method to identify piecewise linears for automatic trend extraction
wherein the window is adaptive to the sensor trend and avoids the use of neural
networks.
Another trend detection approach based on wavelets is suggested in Flehmig et al., 1998
to localize intervals in which the measured process signal is well approximated by a
polynomial. The method is illustrated using measurements derived from a industrial
desalination plant.
An improvement based in Rengaswamy and Venkatasubramanian, 1995 is developed by
Rengaswamy et al., 2001 for the automated detecting and diagnosing of different kinds
of oscillations in control loops. Initially they consider just a restricted set of primitives:
increasing, decreasing, steady. To identify the primitives, a time window is chosen to
perform a local structure identification procedure using a feed-forward neural network.
Then a global time-scale identification procedure looks for significant changes in the
qualitative shapes. With the identification of global time-scales, the algorithm can
distinguish between four types of shapes: namely, increasing, decreasing, oscillating,
and steady.
Using the primitive-based language in (Rengaswamy and Venkatasubramanian, 1995),
Dash et al., 2004 proposed a novel approach to automate the identification of process

40

Qualitative Representations of Signals

trends based on an interval-halving procedure. The idea is to fit polynomials to the data
and to identify qualitative primitives. For this purpose first data length is recursively
halved until a unimodal region (quadratic) with acceptable error is found. The second
part comprises of assigning primitives to the piecewise polynomials and the labelling is
based on the sign of the first and second derivatives. Some guidelines for tuning the
parameters used in the framework also are presented. The same technique is used in
Dash et al., 2003 where a fuzzy logic-based multivariate framework is presented for
inference the trend information with the behavior or state process. The application of
this approach was illustrated in the fault diagnosis of an exothermic reactor case study.
Afterwards, a similar work was published in Maurya et al., 2007 applied to the fault
diagnosis of the Tennessee Eastman process. In this work they defined some similarity
measures and confidence index (C.I.) used later in Maurya et al., 2010. Here, an online
implementation of the interval-halving algorithm is developed. The key feature of the
algorithm is the use of an adaptive window size. They discuss a framework for online
fault diagnosis where the presence of a non-A primitive (steady behaviour) and the
departure from the NOR (normal operating region) indicates the presence of a fault.
After detection, they estimate the time at which the fault occurred in order to extract an
appropriate portion from the sequence of primitives to compute the similarity between
the extracted trend and the trends from a database.
Based on the 7 primitives, Sundarraman and Srinivasan, 2003 decided to use only firstorder trends, since they are simpler and more robust to noise. The authors describe a
process variable as an ordered collection of enhanced atoms. An enhanced atom consists
of a first-order shape, the time duration for which that shape is manifested, and the
variable magnitudes at the beginning and end of the shape. This trend, including
quantitative information, is called an enhanced trend. Then, they defined a distance
measure as the maximum value obtained from matching degree to shape, magnitude and
duration for two trends.

3.2.4. A general formalism
The majority of the representations described in the previous section are based on the
evaluation of the sign of the first and the second derivatives. The proposal described in
Colomer, 1998 and Meléndez and Colomer, 2001 is the extension of this formalism to
both qualitative and numerical context in order to be more general. It means that a
general formalism must be able to build episodes according to any feature extracted
from variables (e.g., the level of noise, a threshold overtake or some deviation with
respect to a normal value). In fact, some analytical methods of fault detection or
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diagnosis use other information apart from the first or the second derivative of signals
(Basseville, 1988).
Since this formalism is used as a basis of the toolbox to represent qualitative trends in
this work, the main definitions are identified below.

The initial representation of time and signals
The starting point for qualitative representation must be the measured signal. Supposing
that the signal is obtained at discrete time instants [t0,t1,...,ti], the time and the measured
signal values can be represented in a natural way as follows:

[t0,t1,...,ti]: time
[x(t0),x(t1),...,x(ti)]: signal
ti < tj

i<j

The final objective, that is the qualitative representation, can be obtained from this
initial quantitative representation.

Characteristic Function
Characteristic function is the basis of the qualitative representation presented. The
value of a characteristic function F at a time instant ti can be any function of the signal
at ti and at the previous time instants, the previous characteristic function values and the
time:

F ti

f x t0 , x t1 ,..., x ti , F t 0 , F t1 ,..., F ti

Some examples of characteristic functions can be
the signal:
F(ti) = x(ti)
its first derivative (numerical approximation):
F(ti) = (x(ti)-x(ti-1))/( ti - ti-1)

1

, t 0 , t1 ,..., ti

[3.5]
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some transforms (FFT, Wavelet transform...),
its level of noise, etc

This characteristic function must be chosen according to the interesting features of the
signal (and process) and to the supervisory system goals (changes to be detected). When
more than one characteristic function is needed to describe all the interesting variable
characteristics, the previous notation is expanded to:

F ti

F1 ti

, F2 ti , ..., Fnf t i

[3.6]

with nf the set of characteristic functions.

Characteristic Interval, Characteristic State, Qualitative State
The qualitative description of a signal needs the definition of its qualitative state. In
order to provide it with significance, this definition must be made according to the
concept of characteristic function as defined above.
The simplest way to obtain qualitative states from characteristic functions is the
qualification of its range of values. In this way, the range of values of each
characteristic function is divided into a set of contiguous and non-overlapping intervals,
called characteristic intervals. Thus, the characteristic state of a characteristic
function indicates that the value of the characteristic function belongs to a characteristic
interval.
Let nj be the number of characteristic intervals for a characteristic function Fj :

[Ij1 , Ij2 ,… Ijnj]: set of characteristic intervals of the characteristic function Fj.
[Sj1 , Sj2 ,… Sjnj]: set of symbols associated with characteristic intervals Iji i.
QFj(ti): Characteristic state of Fj at ti.

Then, for any k:
QF j ti

S jk

F j ti

I jk

[3.7]
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and for a time interval:

QFj(ti ,tj): Characteristic state of Fj at [ti, tj)

QF j ti , t j

S jk

Fj t

I jk

t

ti ,t j

[3.8]

The range of values of each characteristic function can be qualified in several ways,
depending on the process behaviour and the supervisory system characteristics. In Fig.
3.8 a), b) c) and d) some ways of choosing the characteristic intervals are shown. There
are infinite possibilities, but a large amount of characteristic states also means a poor
abstraction capability from the point of view of representation compactness.
Finally, the qualitative state of a variable, which qualitatively represents all its
interesting characteristics (given by the characteristic functions and the characteristic
intervals), is defined as the set of characteristic states for each characteristic function:

QS x , ti

QF1 ti , QF2 ti ,

QFnf ti

[3.9]

and for a time interval:

QS x , ti , t j

QF1 ti , t j , QF2 t i , t j ,

QFnf ti , t j

This definition supplies a generalisation of the concept of qualitative state.

a)

neg
neg

b)

c)

d)

-inf

-

neg

-

-

0

pos

zer

pos

zer

small

pos

inf

normal

large

Fig. 3.8 Some possibilities ( a), b), c) and d) ) in the choice of characteristic intervals.

[3.10]
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Characteristic Instants
One of the most important goals of the representations of signals in episodes is the
qualification of time, dividing it into significant intervals. That is, simplifying the signal
from the temporal point of view. This simplification is done by the temporal extension
of the episodes, which has to be determined from the changes in the qualitative state.
Consider a variable x(t), a characteristic instant is defined as a time instant where
there is a change in the qualitative state of x(t). Formally, ti is a characteristic instant of
x(t)
QS(x,ti) QS(x,ti-1)

Episodes, Fundamental and Auxiliary characteristics
An episode k is defined as a set of numerical and qualitative values, including the
qualitative state QS and the left and right characteristic instants (tl, tr):

k

tl k , QS k , t r k

[3.11]

The qualitative state and the left and right characteristic instants are the necessary data
that describe the temporal extension and the qualitative context of episodes; so, it can be
called the fundamental characteristics of an episode. It is noted that the width
between the pair of characteristic instants tl, and tr is not necessarily the same for each
episode.
Also, there are other qualitative or quantitative data that can be interesting from the
point of view of process supervision but not necessary to qualify the time (to determine
the temporal extension of episodes). These characteristics can be called auxiliary
characteristics to distinguish them from the fundamental characteristics. An example
of auxiliary characteristic is the ‗convexity point‘ in the trapezoidal representation.
Therefore, an episode

k

k

with the conditions:

will be a set of qualitative and quantitative data as follows:

tl k , QS k , auxiliary characteristics , t r k

[3.12]
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1

QS k

QS x, t l k , t r k

QS k

QS k

unique over t l k , t r k

[3.13]

1

[3.14]

1

This last condition can be expressed as:

QF j k

In this thesis, an episode

k

k

QF j k

for any F j

follows the expression:

QS k , d k , auxiliary characteristics

dk

tr k

tl k .

[3.15]

[3.16]

Finally, the qualitative representation of a variable will be composed by a sequence of
episodes:


1 ,  2 ,  3 ...  N

[3.17]

which qualitatively describe a variable over a period of time limited by the left
characteristic instant of the first episode and the right characteristic instant of the last
one.

3.2.5. Example of representation based on the general
formalism
According to this formalism, a new representation to describe signal trends depending
on the second derivative as characteristic function is proposed. Derivatives are
computed by means of a band-limited FIR differentiator (Colomer and Meléndez, 2001)
in order to avoid noise amplification. Then, the range of values of the second derivative
is divided in five disjoint intervals by means of two significant values and

-inf -

neg

- zer

pos

Fig. 3.9 Characteristic intervals.

inf

Fig. 3.9
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Consequently, 5 qualitative states (Table 3.2) compose the fundamental set of episodes,
representing the qualitative values of the characteristic function.

Table 3.2 Set of qualitative states
inf
neg
QS ( x , t i )

QF ( t i )

zer
pos
inf

if F ( t i )

inf ,

if F ( t i )

,

if F ( t i )
if F ( t i )
if F ( t i )

,
,
, inf

In order to obtain a more significant representation, the qualified first derivative (Fig.
3.10) at the characteristics instants (tl and tr, beginning and end of each episode) is used
as a qualitative auxiliary characteristic. Then, a set of 13 types of episodes is obtained
(Fig. 3.11). A major benefit of this set of episodes for supervisory tasks is that
discontinuities and stability periods (usual in fault situations and in normal situations
respectively) are explicitly represented by means of 5 types of episodes ( — ).

neg

-

pos

zer

Fig. 3.10 Qualitative values for first derivative.

B C D

\ —
E F G

/
H

I J

K L M

Fig. 3.11 Set of episodes.

As example the Fig. 3.12 shows the qualitative representation of a signal obtained step
by step.
An approach based on this representation is used in Ramil and Smith, 2002 to extract
qualitative information from different systems. Then they compare this information
against the theoretical results from various software evolution models.
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Fig. 3.12 Example of a qualitative representation

3.3. Other representations
Many other studies about temporal series have developed techniques for dimensionality
reduction that can be interpreted as qualitative representations. These techniques
provide results similar to those described in the previous section but they cannot be
considered as based on episodes according to the definition introduced by Williams,
1986. The next section is dedicated to temporal representation by obtaining a linear
approximation of raw data as the most common technique. Finally, a method known as
SAX is explained.

3.3.1. Linear segments
One of the areas of interest in data mining is the representation of time series, so many
high level representations have been proposed (Faloutsos et al., 1994; Geurts, 2001;
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Keogh et al., 2001a). Fig. 3.13 illustrates the most commonly used representations, each
can be visualised as an attempt to approximate the signal by a linear combination of
basis functions.
On the other hand, linear approximation can represent the mental models given by
human operators. Thus, this type of representation could be qualified and used for the
same purposes as previous methods.

Fig. 3.13 The most common representations for time series data (Lin et al., 2003).

Haar wavelets
Haar wavelets are the fastest to calculate and the easiest to implement among wavelet
family. The Haar transform can be seen as a series of averaging and differencing
operations on a discrete time function. For an input represented by a list of 2n numbers,
the signal is averaged, pairwise, to get the new lower-resolution representation of data
with values. This process is repeated recursively, pairing up the averages to provide the
next scale, finally resulting in 2n − 1 differences and one final average. So the first
wavelet bases, representing different resolution levels, can be combined to produce an
approximation of the original sequence. More information can be found in (Struzik and
Siebes, 1999; Chan et al., 2003).

Piecewise Aggregate Approximation (PAA)
Piecewise Aggregate Approximation (PAA) approximates a time series by dividing it
into k segments of equal length, and then uses the mean value of each segment to form a
feature vector to represent the original sequence (Keogh et al., 2001b; Yi and Faloutsos,
2000). The PAA representation can be identical to the Haar wavelet representation as is
demonstrated in Keogh and Pazzani, 2000b. PAA is used in a symbolic approach called
SAX (see section 3.3.3).
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Adaptive Piecewise Constant Approximation (APCA)
Keogh et al., 2001a extend the idea of PAA to Adaptive Piecewise Constant
Approximation (APCA). APCA is similar to PAA, except that it allows arbitrary length
segments. Thus, there may be several short segments representing the regions with great
fluctuations, while there may be fewer long segments representing the flat and
featureless regions. This significant feature enables APCA to have a smaller
reconstruction error than that of PAA.

Piecewise Linear Approximation
Intuitively, piecewise linear approximation (PLA) refers to the approximation of a time
series T, of length n with K straight lines, where K<<n. The algorithms which return a
piecewise linear representation from time series are called segmentation algorithms.
There are different algorithms for determining the approximating line, the most
common use techniques such as linear interpolation and linear regression (Chen et al.,
2007; Keogh et al., 2003).
Other works obtain similar results without reference the PLA method. The authors in
(Galati and Simaan, 2006) present an automatic decomposition approach called
ALESDA, a least squares error algorithm supplemented with a combinatorial search
algorithm capable of finding an intuitive decomposition in the form of simple primitives
such as ramps, steps, and impulses.
Yamashita, 2006 suggests a very simple methodology for diagnosing valve stiction. The
method determines typical patterns from valve-input and valve-output in the control
loop. It consists in the approximation of time trends of signals by means of three simple
symbols: increasing (I), decreasing (D) and steady (S). The identification of proper
symbols is based on the calculation of the derivative of the signal and its normalization
with respect to mean and standard deviation. The identified series of symbols are
combined to form a time series of movements which is the basis for calculating a
stiction index.
Charbonnier and Gentil, 2007 splits the data into linear segments and classifies the
latest segments into seven shapes: Steady, Increasing, Decreasing, Positive or Negative
Step, Increasing/Decreasing or Decreasing/Increasing Transient. After that, they
transform the obtained shapes into 3 types of episodes defined as {[steady, increasing,
decreasing], duration, extreme values}. The approach is used to recognise specific
situations for Intensive Care Unit patient monitoring by means of simple rules.
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Later, the approach was improved and presented as the online auto-tuning trend
extraction method in Charbonnier and Damour, 2008. Basically, the methodology
consists of three successive steps. First, a segmentation algorithm splits the data into
successive line segments. Siegel‘s repeated median filter is used as a linear
approximation method (Fried et al., 2006). Then the difference between the linear
approximation calculated by the segmentation algorithm, y(k), and the measured signal,
ym(k), is calculated. This variable is called the residual and it will be used to estimate the
signal variability. In the second step the segments are transformed into episodes. The
primitives are either increasing or decreasing, depending on the sign. Otherwise, it is
steady. The last step is to aggregate, if possible, the current episode to the previous one
to form the longest possible episode.

3.3.2. Shape Definition Language (SDL)
Agrawal et al., 1995 present a Shape Definition Language (SDL) for retrieving objects
contained in histories based on shapes. The method consists of the conversion of the
original data into a string of symbols, where a symbol is a label describing classes of
transitions. The idea is to divide the range of the possible variations between adjacent
values in a collection of disjoint ranges, and to assign a label for each one of them. So
the behaviour of a series may be described taking into account the transitions between
consecutive values. Fig. 3.14 shows an example of a translation using the set of symbols
(Down, down, stable, zero, up, Up). Every string of symbols may describe an infinite
number of curves. The language also consists of different operator, allowing some
operations between the obtained profiles and their comparison based on matching their
labels.

Fig. 3.14 Time sequence and assigned labels.
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3.3.3. Symbolic Aggregate approXimation (SAX)
A symbolic representation approach called SAX (Symbolic Aggregate approXimation)
is presented in Lin et al., 2003. First, the normalised time series of length n is
transformed into the Piecewise Aggregate Approximation (PAA) representation and
then the PAA representation is symbolised into a discrete string (Fig. 3.15) or word of
longitude w. Each PAA coefficient has an associated symbol determined by
breakpoints. The breakpoints produce a equal-sized areas under Gaussian curve and the
symbols are assigned from down to up. Note that the breakpoints are similar to
characteristic intervals and so the Gaussian distribution can be another type of
characteristic function.
The parameters w controlling the numbers of elements and a controlling the granularity
of each element have to be chosen empirically. This may present a drawback because if
the reduction scale (the ratio n/w) is larger, the chance of information loss increases.
Otherwise, if n/w is small, PAA becomes meaningless.
Since the appearance of SAX several authors have adopted the method in their work.
Some examples are given below.

Fig. 3.15 A normalised time series is discretised into the symbolic string baabccbc (Lin et al., 2003).

The authors in Tanaka et al., 2005 transform time series data into a symbol sequence by
SAX algorithm. Previously, for multi-dimensional time series data, PCA has been
chosen as reduction method to obtain 1-dimensional time series data since they need to
maintain only the characteristic patterns that appear frequently in the original multidimensional time series data. Finally, an algorithm using the concept of Minimum
Description Length (MDL) extracts the most frequently occurring pattern (motif) (Lin et
al., 2002). The concept of MDL is to select the best model which compresses data well.
The experiments show this approach to be useful in extracting motifs, although if the
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contribution ratio of time series for first principal component is low the motifs extracted
may not be representative.
In Hung and Anh, 2007 a SAX-based pattern matching is supplemented by a postprocessing step which applies PLA to compare the patterns in a more direct manner.
SAX was also adopted in Minnen et al., 2007 where discretisation and random
projection are used to reduce the comparison space size and the number of candidate
motif subsequences respectively. Time series motifs are approximately repeated
subsequences in a longer time series data (Lin et al., 2002, Vahdatpour et al., 2009).

3.4. Conclusions
In this chapter several formalisms and approaches about qualitative representations have
been described.
Using variables as qualitative trends based on episodes reduces the complexity of the
system state allowing only a finite set of qualitative descriptions. A benefit of this
representation is that it allows the extraction of meaningful information, that is, the
interpretation by an expert operator who would usually suffer from an excess of process
data. So, qualitative process trends providing an intuitive meaning about process
behaviour can be used for monitoring, or could be supplied to other fault detection and
diagnosis tools, expert systems or classification methods.
Finally, it is possible to extract qualitative representations from many other studies
about dimensionality reduction for temporal series. The last section is dedicated to these
techniques.
The general formalism described by Meléndez and Colomer, 2001 suggests the
possibility of representing the signals by using any interesting characteristic. This
formalism allows representations of signals based not only on signal dynamics but also
on any user-defined characteristics according to signal behaviour and supervision
objectives. Moreover, in order to improve the representation usefulness, some additional
characteristics of episodes can be used. These characteristics are called auxiliary
characteristics and bring about a more significant set of episodes.
This approach will be the basis of the tool presented in the next chapter. Although some
other approaches could be used, this is the most general one. In this way, results
obtained by using it should be easily extrapolated.

Chapter 4.
Qualtras: a generalised tool to
generate online qualitative
episodes

4.1. Introduction
In the previous chapter, a general formalism to extract qualitative representations was
described. This formalism will be the basis of the representation based on episodes from
now on. So, its implementation has been carried out to develop a tool capable of
generating episodes online for different variables. The next section summarises the
CHEM Project, within which the toolbox Qualtras was developed, and afterwards its
characteristics are described.

4.2. Origin and Motivation
Qualtras (‗‗Qualitative Trend Analysis Software‘‘) was developed as a result of our
participation in the project GROWTH CHEM ‗Advanced Decision Support System for
Chemical/Petrochemical Manufacturing Processes‘ (Cauvin and Celse, 2004). The
CHEM Project resulted from an initiative by the IMS consortium (Intelligent
Manufacturing Systems) and brought about an international collaboration in order to
improve the supervision of complex plants.
The aim of this project was to build flexible software consisting of advanced and
specialised toolboxes in order to improve safety, product quality and operation quality
as well as to reduce the economic losses from faulty states in the refining, chemical and
petrochemical processes. The result was the integration, in a modular fashion, of a
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number of software tools based on different techniques developed by European research
and academic institutions, for process monitoring, fault detection and diagnosis.
The objective of one of the work packages was to conduct situation assessment via
process trend analysis, in view of imprecise or non-existent models. This was performed
by extracting qualitative and semi-qualitative information from process measurements
and by building several layers of meaning and representation of process measurements.
Within this context we developed the toolbox ‗Qualitative representation of process
trends variables‘, later named as Qualtras. This tool allows the obtaining of an
asynchronous qualitative and quantitative representation (episodes) from input signals
based on its most significant features.

Fig. 4.1 A general view of the toolbox Qualtras implemented in G2.

The aim of such a type of description is to offer an understandable representation to the
operator or to be used as a numeric to qualitative interface for supervisory applications.
A set of desirable characteristics for such a tool have been identified as follows:

Real-time operation.
Modular design to enable different performance.
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Open architecture to enable integration of new or external modules.
Ability to include rules (it can work alone or to feed other tools).
Universal communication language among software applications.

4.3. The architecture of Qualtras
Qualtras facilitates the abstraction of the most significant characteristics of the signals,
representing any process signal by means of episodes. It allows a compact
representation to be obtained and shows the qualitative process perception that expert
operators could have (e.g., ‗‗the pressure dropped abruptly‘‘). That is, it provides an
intuitive representation which is easier to interpret. So the user can extract valuable
information from the output data, or can give information to a fault detection expert
system. Qualtras was delivered as a software library in the real-time expert system shell
G2 (Gensym Corporation) and can be used to build customised applications in an easy
way (Fig. 4.1). G2 allows object-oriented and graphical programming of real-time
application. Blocks managing information are represented by objects. Operation schema
can easily be modified by adding a block and connecting it to other blocks.
This toolbox can be used in any operation mode during the plant operation stage, both
online and offline. A representation of a variable can be obtained offline (from a
recorded signal), or online, generating the episodes at the characteristic instants (when
episodes are finished, not at any sample time).
Qualtras was initially based on Meléndez and Colomer, 2001, but it provides greater
flexibility since it allows choice from among a set of basic functions in order to detect
changes between episodes. These functions even could be considered simultaneously
when necessary to offer a richer representation; for example, to describe interesting
behaviour of a signal with very different dynamics (e.g., spikes and slow slopes). The
episodes generated by Qualtras can be used in diverse applications. An illustrative
example will be presented in section 4.4. Moreover, it can be used as a pre-processing
tool for other decision support tools. For instance, in Kempowsky et al., 2005 the
episodes provide information to a qualitative situation assessment software tool named
SALSA and some tests in a fluidised bed gasifier illustrate the approach.
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Fig. 4.2 The architecture of Qualtras.

The architecture of Qualtras is designed as several interconnected modules to create
modular application configurations. Each module provides a dialogue box that enables
the user to configure parameters. The processing of each variable forms a sequence that
should not be less than 4 modules and up to 9. Fig. 4.2 shows a scheme of these
modules. In the figure, rounded modules represent optional stages, while squared
modules should be considered mandatory. Also, Pre-processing and Characteristic
Function modules could contain interchangeable blocks, allowing the operator to use
the most appropriate as the case may require, including a combination. The details of
the tasks performed by each of the modules are discussed below:

1. Data acquisition: this module acquires online data from the plant and it also supports
the function of historical data retrieval. Simulation in real time is allowed when data
comes from files or a data base.

2. Pre-processing 1: this module pre-processes the measured signal. Typically any filter
could be part of this module. By default Qualtras uses a Bandlimited FIR-derivative
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filter (Colomer and Meléndez, 2001) to compute derivatives. The window size depends
on the noise in the signal. Long sliding windows produce greater filtering but also
greater delays.

3. Buffering: the data buffer (adjustable size) stores internal data for the operation of
the toolbox.

4. Pre-processing 2: this second pre-processing module enables operations that need an
array of data as input. The benefits of some techniques are evident. The wavelet
transform (Mallat and Zhong, 1992) can detect and characterise singularities by
decomposing signals into different scale components. Another operation allows the use
of Piecewise Aggregate Approximation (PAA) to reduce the length of waveforms
without losing information. PAA (Keogh et al., 2001b) is a dimensionality reduction
technique that approximates a time series in a set of M equal-length segments. The
average value of the samples in each segment is used as a representative of them.
Although other techniques could be implemented here, the cubic spline wavelet (Bakshi
and Stephanopoulos, 1994a) and PAA were chosen initially.

These first 4 modules constitute the first step in the processing of data. The idea is
simple: to acquire, filter and store process data. The following modules are:

5. Characteristic function: according to the general formalism described in Section
3.2.4, a characteristic function F (Meléndez and Colomer, 2001), of a signal, x(t), is
formally defined as any function of the variable at a time instant ti, and at the previous
time instants, the previous characteristic function values and the corresponding time
instants (eq. [3.5]). It is used to determine the Characteristic State (eq. [3.8]) indicating
that the value of the characteristic function belongs to a characteristic interval. So, the
range of values of each characteristic function is divided into a set of contiguous and
non-overlapped intervals.
Finally, the qualitative state (eq. [3.10]) is defined as the set of characteristic states for
each characteristic function. In Qualtras the user should define the alphabet or symbols
to represent each qualitative state.
The toolbox implements some characteristic functions (first derivative, second
derivative, signal, linear regression) or can implement other qualitative representations
as characteristic functions, like SAX (Lin et al., 2007), since this representation can be
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adopted as a new sequence of episodes only by converting it to asynchronous.
Therefore, an adequate function has to be chosen according to requirements.
If more than one characteristic function is used, the user must define the episodes
corresponding to the combination of qualitative states. The main idea is that the tool can
be configured in a way that only the interesting characteristics of the signal behaviour
are used to obtain its description.
For example, in some cases, there are measurements that are increasing or decreasing
slightly. If the measurement keeps decreasing/increasing very slowly then it is possible
that the first-derivative will not be capable of detecting it, so it is important to know if
the value is still around the set point or not. In such cases it is also necessary to detect
the magnitude. This is the case in the configuration in Fig. 4.3 where the input variable
is filtered (FIR-12) and qualified using two characteristic functions: FC12 and FC12B.
These functions return qualitative values from the first derivative and the magnitude
respectively. Since two characteristic functions are used together, the tool recognises
this situation and it constructs a table where combinations of the two qualitative values
are summarised as a final episode type (Table 4.1). The user selects the final episode
type by choosing between a set of available symbols (Fig. 4.4) and he can even build a
new one. Finally, note that some quantitative data is also captured by means of a
quantitative data block (QNT-DATA12).

Fig. 4.3 Configuration using first derivative and magnitude for extracting episodes.

6. Qualitative and quantitative data: optionally, there is other qualitative or quantitative
information that could also be interesting from the point of view of process supervision
but is not significant in determining the temporal extension of episodes, i.e.: mean,
slope, maximum, minimum…. Thus, this information will be embedded into the episode
as auxiliary characteristics associated with this signal.
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The purpose of these last two modules is to obtain the qualitative state of a process
variable and the associated auxiliary characteristics. At this moment the signal has been
qualified, it constitutes the primary segmentation of the variable but it is not an episode
yet.

Table 4.1 Configuration table of L1.

1
2
3
4
5
6
7
8
9
10

Combinations of episodes
Signal
First-derivative
Low
Very low
Normal
Very low
Low
Low
Normal
Low
Low
Zero
Normal
Zero
Low
High
Normal
High
Low
Very high
Normal
Very high

Types
31 (Low)
20 (s)
16 (o)
6 (f)
32 (Normal)
7 (g)
17 (p)
8 (h)
33 (High)
19 (r)

Fig. 4.4 Collection of episodes available in Qualtras.
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7. Building episodes: this element contains information about the current episode
(qualitative value, temporal extension and auxiliary data) and the history of the
episodes. It also adds the temporal extension and timestamp to finished episodes. To
know if an episode is finished, this block starts a procedure that tries to associate the last
episode with the former one to form the longest possible episode. The procedure also
aggregates episodes of very short longitude with the contiguous ones. These episodes
usually correspond to transitory or noisy episodes. The minimum duration can be
readjusted individually for each type of episode in order to be considered a true
qualitative state. This operation provides high robustness regarding noise, but has the
drawback of introducing a delay in communication when it works in online mode.
Finally, it visualises the episode and stores it as historical data in csv format (commaseparated values) and furthermore, this block can initialise the communication online of
the resulting episodes. The successful communication of Qualtras with other tools in
online mode can be achieved by structuring the output data. Qualtras uses XML
architecture for communication between applications. XML (Extensible Markup
Language) is a standard concerned with the description and structuring of data so that
applications can share data using common vocabularies (Bierman, 2000).

4.4. Application example: fault prediction in a blast
furnace
The applicability of this tool is demonstrated in a pre-fault detection approach in a blast
furnace (Gamero et al., 2006). The example discusses the analysis of differential
pressure signals in a blast furnace stack by using PCA (Principal Component Analysis)
and episodes generated by Qualtras. The objective is to predict aerodynamic instability
in a blast furnace with sufficient warning to enable the blast volume to be reduced in
order to minimise that instability. The main characteristic of this process is the lack of a
valid physical model in order to predict instabilities. So, the expert knowledge and
signal-based methods are used to provide an efficient approach to slip prediction.
This example provides a good opportunity to show the operation of Qualtras when
working separately, as well as being used as a complement for other strategies in
process supervision. The approach described in this section was developed within the
CHEM project and tested in a real blast furnace operated by Corus (Fig. 4.5).
The process description will be given next and afterwards some PCA concepts are
briefly described before showing the test results.
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Fig. 4.5 A capture from Qualtras integrated in the monitoring application in Corus.

4.4.1. Process description
In the blast furnace process, iron oxide is reduced to metallic iron, which is then melted
prior to tapping at 1500 deg C. Liquid slag is also removed, the slag being formed from
the non-ferrous components of the iron ore (predominantly lime, silica, magnesia and
alumina).
The blast furnace itself is a water-cooled vessel, of circular cross-section, about 30m
tall. Layers of coke and prepared iron ore (burden) are alternately charged into the top in
a controlled manner. Air at approximately 1100 deg C (hot blast) is blown into the
bottom of the furnace through copper water-cooled tuyeres. The air reacts with the coke,
and supplementary injected oil, to form a reducing gas of CO and H2. The burden takes
about 7 hours to reduce and melt as it descends the furnace stack; the residence time of
the ascending reduction gases is in the order of seconds. The furnace is kept full by
charging a fresh batch of burden as soon as the level at the top drops below a preset
level. Burden descent is usually steady at about 5 metres/hour. The liquid iron and slag
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collect in the furnace hearth, built from carbon bricks, and are periodically removed by
opening a clay-lined taphole.
Redcar blast furnace is the largest in the UK, producing 65000 tonnes of liquid iron per
week. Each hour requires the charging of 5 to 6 batches of prepared ore, each of 110
tonnes, and the same number of batches of coke, each of 22 to 23 tonnes. Heat is
removed at the wall through large water-cooled panels, called staves, installed over 13
rows. These are made from copper in rows 7 to 10, the region of highest heat load, and
cast iron above and below these levels.
The Redcar plant has 4 columns of pressure tappings. The pressure is measured at each
stave row between row 6 and row 13 in each quadrant. Fig. 4.6 shows the furnace cross
section. Under normal state, the pressure should reduce gradually between the bottom
(row 6) and the top (row 11) of the section of furnace stack under examination. It has
been noticed that trends in differential pressure (pressure drop) between the lower and
middle part of the stack can be a good indication that the furnace process will become
unstable. The differential pressures found most responsive are the pressure measured at
row 6 minus the pressure measured in row 9, for each quadrant individually.
An ‗unstable‘ event is when the material in the furnace stack suddenly ‗slips‘ rather
than descends steadily. This is often preceded by the ascending gas channelling through
zones of lower resistance rather than being evenly distributed across the furnace. Such
an event can be predicted by a sudden change in differential pressure values over the 4
columns of pressure tappings. In Fig. 4.7, differential pressure trends are recorded at a
frequency of one sample/min. over a 10-hour period. In this figure, the occurrence of
slips is marked by the dotted lines at the right of each of the two highlighted periods. It
can be seen that the differential pressures reduce significantly prior to these events.
A physical model is not available to predict slips so it is important the expert knowledge
that should be considered. Therefore, other methods based on signals in the data rather
than models could be used.
The methods described have been tested in the blast furnace to predict slips over the 22
days where significant instability was experienced over a 2 year period.
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Fig. 4.6 Transverse section of blast furnace
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Fig. 4.7 Fault determined by pressure differentials
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4.4.2. PCA
Principal Component Analysis (PCA) is a multivariate technique that transforms a
number of correlated variables into a smaller number of uncorrelated variables called
principal components. PCA has been extensively used for fault detection, fault
diagnosis, process monitoring and sensor faults. However, in this application the
emphasis is placed on predicting the fault so that action can be taken to reduce its effect.
Several applications performing PCA can be found in the literature. (Yoon and
MacGregor, 2004; Singhal and Seborg, 2001; Maurya et al., 2003).
Thus, the aim of PCA is to reduce the dimensionality of data without loss of useful
information. This is achieved by redefining variables to generate new axes for the
system in an optimum manner to maximise the variation described by each new axis.
The first axis describes the greatest variance in the data, the second axis the next
greatest variance in the data with subsequent axes describing the remaining variance.
This generates the principal components (PC1,…,PCm) which are a linear combination
of the original normalised ones;

PC1

x

1,1 1

1,2

x 2 .....

1, n

xn

...
PC m

[4.1]

x

n ,1 1

n ,2

x 2 .....

n ,n

xn

where m<n, being n is the number of original variables, x the original normalised
variable, the eigenvector which transforms the original normalised variables onto the
principal component axis and PC the principal component. The generation of principal
components and their use is described elsewhere (Jolliffe, 1986; Efthimiadu et al., 1995;
Martin and Morris, 1996).
Since only a few principal components are usually required to describe the variation of
interest within the data, it is possible to use these to formulate a MSPC chart. This in
practice means that instead of monitoring all of the relevant variables, which would
prove difficult and could be misleading, only a small number of principal components
need monitoring to detect when a process is going out of control, even when only one of
the original variables has caused the process change. It is this aspect of PCA that makes
it suitable for applying to blast furnace instability detection. In practice, it has been
found sufficient to monitor only the first two principal components which represent
68% of the variance in the data. An adaptive PCA algorithm was developed for on-line
blast furnace application to account for normal process variations.

Application example: fault prediction in a blast furnace

65

PCA is applied by means of the Computas iMSPC toolbox © (―intelligent Multivariate
Statistical Process Control‖)1, developed in G2. This toolbox contains all standard
functions from MSPC theory required to implement multi-variate models. The toolbox
has a comprehensive user interface to implement and modify models, and to display
their outputs. The MSPC modules are embedded in a framework for on-line
Performance and Quality Management (PQM) that emulates sophisticated expert
reasoning on the results of the MSPC calculations. The aim is to enable early detection
and prevention of performance and quality problems.
The multi-variate model is calculated using a standard desktop statistical analysis. It is
important to select periods of data representing unstable periods to ensure that the
model does not simply represent process ‗noise‘.

4.4.3. Prediction instabilities on the blast furnace
Several tests were performed in order to predict blast furnace aerodynamic instability
with sufficient warning to enable the blast volume to be reduced in order to minimize
that instability in the blast furnace. The effect is usually seen as one or more of a sudden
slip of the burden, detected by the rapid descent rate of the level measuring rods; a
temporary increase in heat loss to the furnace wall (heat flux); or gas channelling. All
are caused by disruption of the normal gas flow through the burden.
Next the results obtained in three approaches are presented. The first two apply
individually the two methods described previously. The third one combines PCA and
QTA, so that Qualtras is applied on the principal components rather than on the
differential pressure signals.

By using episodes
This approach uses differential pressure trends in order to extract episodes. The
necessity of obtaining an effective qualitative representation from the first instants of
the episode without waiting until the end of the episode for its identification, leads to
the choice of the first derivative as used feature in order to obtain the episodes
representation. This simple representation, however, offers enough information to
characterize the signals of the analyzed process. Due to the use of only the first
derivative at the beginning of each episode, only five basic types are obtained.
However, since the previous state to a slip is often a fall in pressure followed by a
1

Copyright © Computas AS
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steady trend at low level, a differentiation has been introduced among the episodes of
stability according to the value of the signal. So the type episode called G was
subdivided in High (Gh), Medium (Gm) and Low (Gl) as presented in Fig. 4.8. This
representation was adopted to represent symptoms of blast furnace instability by means
of differential pressure trends as a first approach. An example of this representation for
two variables is shown in Fig. 4.9.
The first test on the blast furnace was composed of 12 data sets representing several
levels of instability (Table 4.2). This group of data sets is representative of the most
important instabilities that could appear in the blast furnace with acquired experience
over a 2 years period. The trend prior to a slip is given by the step from a stability
episode (Gh, Gm, Gl) to a stability episode Gl by means of episodes indicating fall (A,
F). The notation used for each quadrant in Table 4.2 is as follows:

S: A sequence of episodes exists with instability risk.
F: A significant falling episode exists.
Nr: The time between sequence recognition (instability prediction) and the slip in
minutes.
-: There isn‘t a sequence suggesting risk.

Table 4.2 Results from each quadrant using episodes.

Data set 1
Data set 2
Data set 3
Data set 4
Data set 5
Data set 6
Data set 7
Data set 8
Data set 9
Data set 10
Data set 11
Data set 12

Depth of slip

Q1

Q2

Q3

Q4

2.0m
2.0m
1.5m
1.5m
1.5m (partial)
1.5m (partial)
1.5m
1.5m (partial)
1.0m
1.0m
No slips
No slips

S
S
S
S
S
S
S
S
S
-

S
S
S
S
S
S
S
S

S
S
S
S
S
S
S
-

S
S
S
S
S
S
S
S
-

81
F 43
F 67
F 40
F 65
32
F 62
32
F 90

F 41
19
F 5
F 24
F 32
38
F 45

F 34
54

F 27
41
F 34
F 12
F 34

F 60
F 21
979
F 51
41
F 69
F 28
31
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A significant falling episode means that other quantitative values such as amplitude or
slope could be considered. This property facilitates the exclusion of false alarms
produced by similar sequences and validates a sequence which precedes an unstable
event. Now, note from analysing the results in Table 4.2 that a valid sequence always
exists in at least in one quadrant. Nevertheless, when a valid sequence occurs in only
one quadrant false alarms arise. This fact was confirmed during the on-line operation
where some false alarms arose but they were discarded by an expert operator. In order
to significantly decrease the number of false alarms, the pre-fault stage will be indicated
by a valid sequence of episodes in two or more quadrants and the time after sequence
recognition it must be kept in mind. That is, a validity interval should be defined for
significant sequences. A value of approximately 60 minutes is enough defined by an
expert operator. Consequently, some slips will not then be predicted especially partial
slips or small slips.
The results obtained are encouraging and validate the episode based approach, although
they suggest the need to use more process signals in order to discriminate false alarms
and detect small slips. To this end, PCA allows an increase in the number of signals
considered whilst reducing the dimensionality of data.

Fig. 4.8 Set of episodes used in first approach

68

Qualtras: a generalized tool to generate online qualitative episodes

4
3
Variable 0
2

1
Variable 1

Time

F-1-10-0,8

Variable 0
Variable 1

Gl-1-4-0,1

Time-line

1

2

3

4

Gl-11-5-0,8

L-5-3-5,0
5

6

7

Gh-8-6-4,9
8

9

H-16-7-2,7

F-14-5-3,2

Gm-19-4-3,1

10 11 12 13 14 15 16 17 18 19 20 21 22

Fig. 4.9 Episode representation of process variables

By using PCA
A seven variable PCA model was selected from the three different models developed at
Corus. The model is run every minute. It uses differential pressures in the furnace stack
and off gas analysis. A number of contribution analysis schemes have been developed,
based on the first two principal components, to identify which parameters have
undergone the greatest change when bi-variate plots exceed warning and action limits
for a set number of samples.
This model has been run on line at Redcar Blast Furnace with messages being sent to
the test queue.
It was found that when the action limit was exceeded for several minutes, and at least
one differential pressure was identified as having changed significantly, process
stability deteriorated. When only the warning limit was exceeded, many false alarms
were generated.
The technique is also used for data compression: A stability index is calculated as the
square root of PC12 + PC22, then normalized on a scale of 0 to 10. This is trended on
the user interface as a summary indicator of process stability; the higher the value the
more stable the process.
A summary of results comparing PCA model and the approach described in next section
is shown in Table 4.3. This table indicates that only 8/19 major events were predicted,
but three of these ones were predicted exclusively by iMSPC.

Application example: fault prediction in a blast furnace

69

Fig. 4.10 Bi-variate score plot. Example event detected by iMSPC exceeding action limits.

By using PCA and episodes
Many events were missed using only iMSPC. So a technique was developed where two
of the principal components generated by iMSPC are fed to Qualtras (Fig. 4.11) for the
generation of episodes. It is now necessary to adapt Qualtras to the new trends, so a
greater segmentation between episodes is introduced basing on their different range of
values. Fig. 4.12 shows the new set of episodes using PCA.

iMSPC
Raw data

Qualtras
Principal
Components
PC1+PC2

Episodes
Sequence of episodes
analysed in G2 procedure

Fig. 4.11 Symbolic representation of the hybrid approach.

Fig. 4.12 Set of episodes used in third approach
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The episodes generated were analysed and a common pattern was identified as prefaulty state based on the sequence of episodes, their slopes and amplitudes. These were
converted to rules and have been programmed into a G2 procedure, which is called
whenever the episode type is updated (Fig. 4.13). Thus a current episode of type ‗low‘
or ‗O‘ in PC2 initiates rule analysis which looks for any valid sequence using the
previous three episodes. For each previous episode only certain types are permitted but
the initial type should be an episode indicating falling (‗F‘, ‗O‘, ‗S‘). In this way,
according to the valid types in Fig. 4.13 a valid pre-fault sequence could be formed
from 2 to 4 episodes (for example ‗S-LOW‘ and ‗F-S-G-LOW‘). Also, some
quantitative characteristics in PC1 as the amplitude of all episodes and the slope of
initial episode are considered in order to validate the rule. This has runs on line.
Further analysis has improved on this rule by including as additional condition that the
heat flux must be above a threshold or rising to enable the alarm. This filtered the false
alarms generated from the off line and on line testing.

Fig. 4.13 Valid sequences in pre-fault mode

Results
Table 4.3 summarizes testing of the above combinations of toolboxes on 22 days where
some instability was experienced over the 2 years. An event is classified as having been
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predicted if one toolbox, or combination of toolboxes, predicted it more than 10 minutes
before it occurred. Event types are defined as major event (slip >= 1m and/or excessive
heat flux) and minor event (smaller slip and/or significant rise in heat flux).
Of the nineteen major events, fifteen were predicted using the combination of toolboxes
(episodes generated from PC1 and PC2). The average warning was 38 minutes with a
standard deviation of 15 and range of 13 to 65 minutes. Of these fifteen, five were also
predicted using iMSPC alone. Considering both toolboxes only one major event was not
predicted.
In the other way only 4/10 of the minor events were predicted. However, it is unlikely
that action would have been taken in most cases of minor events, so a missed minor
event is not seen as important.
Sometimes alarms were also generated during an event (high heat flux) but are still
relevant. It is proposed that the advice will be released to operators following testing
with the additional heat flux condition to ensure that false alarms are not generated.
Resuming the results obtained by this approach, almost the 95% of the major events are
predicted in front of the 57% obtained with Qualtras alone or even worst results using
iMSPC. However, combination of both methods demonstrates a higher accuracy in
predictions with fewer false alarms.

Table 4.3 Analysis of off line predictions made by iMSPC and Qualtras.

Event type

Major

Minor

Number of events
Predicted by iMSPC only
Pred. by Qualtras on PC1/PC2
Not predicted

19
8
15
1

10
1
4
6

4.5. Conclusions
The interpretation of time series in terms which a human interpreter arrives at almost
unconsciously is very useful when one reasons about processes. Qualtras facilitates the
abstraction of the most significant characteristics of the signals by representing any
process signal by means of episodes. That is, it provides an intuitive representation as
well as reducing the complexity of the system state by allowing only a finite set of
qualitative descriptions. Each episode is composed of a time interval, a symbol
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describing its behaviour and a set of quantitative and/or qualitative data with additional
information.
The implemented set of basic functions to detect changes between episodes requires the
specific tuning of parameters and thresholds to achieve desired performance levels.
These requirements require a priori knowledge of the process. However, the open
architecture of Qualtras allows the addition of functions designed specifically for a
particular process or new techniques without, or almost without, settings. Then, if only
useful characteristics are used to construct episodes, the representation obtained will be,
at the same time, the most simplified and the most significant from the supervisory
system point of view.
The output of the tool could be used for monitoring or could be supplied to other fault
detection and diagnosis tools, expert systems or classification methods. The illustrative
example has shown how our qualitative trend representation tool allows it to
complement other applications and improve diagnosis strategies. Individually, each one
of the techniques is shown to be useful in developing a decision support system
applicable to an industrial process. However, by combining both techniques the results
are better since the combined approach was able to predict almost all of the major
unstable events. So, Qualtras has been validated in the extraction of qualitative
representations for the different approaches developed in this work.
Moreover, the study of process dynamics implies dealing with the evolution of
variables, and the dynamics of process variables can be representative of specific states.
In these cases, the episode-based representation of a process trend can be treated like
proven cases, considering the pattern of several process variables instead of certain
episodes as was seen in the rule-based ES of the example. Thus, the task of diagnosis
can be viewed as a classification problem or a pattern recognition task.
Classification through the comparison and matching of temporal sequences is an active
area of research in the study of time series. Also, signal comparison can be affected by
several problems as differences in the length (total time) of the two signals, or in the
magnitudes, or time misalignments. Consequently, some issues related to the similarity
of time sequences are enumerated in the next chapter.

Chapter 5.
Time Series Similarity

5.1. Introduction
Process measurements are the fundamental element for carrying out supervisory
systems tasks, namely, fault detections and diagnosis. A suitable and organised way to
register process measurements is a time series or time sequence. Then, it is possible to
associate some of these time series with certain process states or symptoms, that is, to
categorise time series into a finite number of classes extracting particular features that
distinguish one signal from the others. Later, symptoms can be classified by an
experience-based diagnosis.
A good diagnostic method should be able to detect these symptoms and compare them
to the normal state and flag them as abnormal. Unfortunately, time series inherently
contain inaccurate information since measurements are obtained and transferred with
imperfect instruments. Using this data without any pre-processing may affect the
execution of supervision.
The pervasiveness and importance of time series data has motivated a lot of research
focused on problems such as clustering, similarity search, classification and prediction,
etc., (Fu, 2011; Ding et al., 2008; Nong, 2003; Moller-Levet et al., 2003b). The problem
of comparing patterns in an efficient and precise way in series of data is an important
problem in a wide variety of applications. Multiple approaches have been developed
from such different perspectives, including by merging techniques, which makes it
difficult to classify them in a linear order.
Although in this thesis, the objective is to deal with qualitative representations based on
episodes, the aim of this chapter is to present some approaches proposing a
distance/similarity that allows the comparison between series, with special attention to
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those algorithms that will form the basis of the contributions presented in the next
chapter.
In addition, due to their affinity with a strictly qualitative representation, many methods
for performing similarity retrieval in the domain of strings over finite alphabets are
addressed.
This review does not include techniques from the field of machine learning such as
hidden Markov models or neural networks. Some work related to these techniques can
be found in Wong et al., 2001and Srinivasan et al., 2005 respectively. Also not included
are techniques from multivariate statistics like the principal components (PCA) of the
sequences. The reader can find an example of the PCA similarity factor proposed in
Krzanowski, 1979 and modified in Singhal and Seborg, 2002a, Singhal and Seborg,
2002b and Singhal and Seborg, 2006.
The chapter has been organised as follows: section 5.2 presents the terminology and
problems related to the comparison of time sequences used in the literature. Regarding
similarity approaches, it is common to distinguish between those based on signature,
those that propose a data reduction and works based on the temporal alignment. Section
5.3 provides an introduction to these methods. Section 5.4 is dedicated to DTW, the
most used algorithm that deals with temporal alignment. Later in Section 5.5 other
related algorithms are presented. In Section 5.6, the most widely used algorithms for
pairwise sequence alignment are summarised. Section 5.7 will be concerned with some
methods for pattern recognition based on qualitative trends. Finally, some concluding
remarks are given.

5.2. Terminology and similarity measures
This section contains the definitions for some commonly used keywords in similaritybased retrieval of time series. The central concept of ―time sequence‖ will be illustrated
and structural similarity presented.

5.2.1. The time series representation
A time series x (or time sequence) of length m is often defined as an ordered collection
of values of a variable taken in increasing periods of time. The instants of time at which
the measurements are taken are known as time points, and the length between time
points is called the sampling interval. This length can vary if the sequence was sampled
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at different timestamps (eq. [5.1]), or be regular if the sampling interval is constant (eq.
[5.2]). Formally:
x = [(t1,x1),(t2,x2),… ,(ti,xi),…,(tm,xm)]

[5.1]

x = [x1,x2,…, xi,…,xm]

[5.2]

In this thesis the time series will always be referenced as the one shown in eq. [5.2].
The variable comes from a variety of different domains, from engineering
(Notohardjono and Ermer, 1986) to scientific research (Tilman and Wedin, 1991),
finance (Boschen and Weise, 2003) and medicine (Guo et al., 2003; Yum and Kim,
2003).
Antunes and Oliveira, 2001 distinguish four main groups for time series representation:
time-domain continuous, transformation-based, discretisation-based and generative
models.
In time-domain continuous representation the simplest approach is to represent a time
series using the original elements, ordered by their instant of occurrence without any
pre-processing (e.g., y = [y1, y2… yn], where each yi represents a value at a point in
time). Other alternatives are transformations related to the length of the series. If the
series are too long to be manageable, they can be shortened using, for example,
piecewise linear functions. There are several approaches to segmenting the time series
in order to reduce dimensionality.
In transformation-based representations the idea is to transform the initial sequence
from time to another domain, and then use a point in the new domain to represent each
original series. For example, the use of Discrete Fourier Transformation (DFT) to
transform the sequence in a point in the frequency domain choosing the k first
frequencies and then representing each sequence as a point in the k-dimensional space
(Agrawal et al., 1993). Other examples of transformations could be the Discrete
Wavelet Transformation (Popivanov and Miller, 2002) and the Single Value
Decomposition (Korn et al., 1997).
Discretisation-based representations translate the initial time series with real elements to
a discretised sequence. An example of this translation in the Transitional State
Discrimination (TSD) approach (Moller-Levet et al., 2003a), where the time series are
discretised according to the difference in values between successive time points.
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In generative model representation the idea is to obtain a model that can be viewed as a
generator for the time series obtained. For example, Hidden Markov Models (HMM) (Ji
et al., 2003) or Auto Regressive models (AR) (Ramoni et al., 2002).
This dissertation deals with time-domain representations in order to discretise them and
represent time series as sequences of qualitative or semi-qualitative symbols.

5.2.2. Similarity queries and indexing
After representing the time series appropriately, a similarity measure is needed as a
measure of their likeness. Most of the work done so far in time series similarity comes
from the problem of similarity queries in the field of temporal databases. Similarity
queries can be classified into two categories: whole sequence matching (Agrawal et al.,
1993; Shatkay and Zdonic, 1996; Bozkaya et al., 1997) or subsequence matching
(Faloutsos et al., 1994; Moon et al., 2002; {Siu, 2003 #189}). Whole matching refers to
the comparison of two complete sequences, while subsequence matching, as its name
implies, is the comparison of a small sequence with small sequences parts in a complete
sequence.
Most existing methods for evaluating similarity queries exhaustively compare the query
sequence with each sequence in the database. Thus, for large databases, exhaustive
search techniques become too expensive due to the volume of data to be processed for
each query. To solve this problem many existing indexing methods are used to process
queries efficiently (Chakrabarti and Mehrotra, 1999; Gaede and Günther, 1988).
However, certain properties of time sequences make the standard methods unsuitable
and experience has shown that the performance of spatial access methods degrades
considerably for dimensionalities at about 15. In this sense, when the count of features
is great, the meaningful analysis of data is almost impossible. This is known as the
dimensionality curse (Bellman, 1961).
The general solution to this problem is dimensionality reduction (Carreira-Perpiñán,
2001; Keogh and Pazzani, 2000b), to extract the signature of low dimensionality from
the original sequences, in a manner which, to some extent, preserves the distances
between them, and then perform the indexing and searching in the signature space. Thus
in a certain number of occasions it can be useful or even necessary to first reduce the
dimensionality of the data to a manageable size, keeping as much of the original
information as possible, and then feed the reduced-dimension data into the system (Fig.
5.1). Dimensionality reduction can also be seen as a feature extraction or coding
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procedure, or in general, as a representation in a different coordinate system in which
most of the data variance is preserved in a few dimensions. The distance between the
new series representations and the original series must be preserved. An index with the
subset of values extracted from the original data is built. This index provides an
efficient comparison of time series.

Fig. 5.1 The dimensionality reduction problem shown as a pre-processing stage.

Although the importance of using indexing methods has been explained above,
dimensionality reduction may in itself speed up the sequential scan, and some methods
rely only on this, without using any index structure.

5.2.3. Distance or similarity measures
The most common usage of similarity measures refers to distances in metric space with
a global nonnegative distance function. Given a data space defined on a time series
and any two data x, y ∈ , a distance function on is defined as dist: x → ℛ+.
Where ℛ+ is the positive real data.
This distance or dissimilarity includes the similarity between two objects, because an
interpretation of the result of the function is not yet specified. These two concepts of
similarity and dissimilarity measures are antithetical and can be easily transformed. For
example,

sim ( x , y )

1

dist ( x , y )
dist max

[5.3]

Where distmax = dist(x,y) if the objects are most dissimilar.
Typical interpretations of similarity measures are normalised similarity (sim(x,y)) or
dissimilarity measures (dist(x,y)). For example, the value of these metrics can be
between 0 and 1, where sim(x, y) = 0 if the objects are least similar and sim(x, y) = 1 if
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the objects are most similar or identical. In the same sense dist(x, y) = 0 if the objects
are most similar and dist(x, y) = 1 if the objects are most dissimilar.
For two time series x and y of length n, some examples of frequent distances are:

Discrete metric:
n

dist ( x , y )

( xi , y i )

|

( xi , y i )

i 1

0

if

xi

yi

1

otherwise

[5.4]

Minkowski or Lp distance: many similarity measures are based on the Lp distance, also
often called the Minkowski distance.

1/ P

n

dist ( x , y )

xi

yi

P

p

1

[5.5]

i 1

Manhattan distance: for special cases, if p = 1 this yields the L1, Manhattan or city
block distance.

n

dist ( x , y )

xi

yi

[5.6]

i 1

Euclidean distance: for p = 2, dist is identical to the Euclidean metric L2. Most of the
research work adopts Euclidean distance as the metric for sequence similarity.

n

dist ( x , y )

xi

yi

2

[5.7]

i 1

Chebyshev distance: is the maximum distance in any dimension, and the upper bound
for Minkowski distances of growing order p.

n

dist ( x , y )

max ( xi
i 1

yi )

[5.8]
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Hamming distance: is the number of corresponding bit positions or letters that differ.

dist ( x , y )

i

| 1 i

n, xi

yi

[5.9]

The distance function directly affects the matching quality of the retrieved results, such
as the accuracy of classification and clustering. This function is application and data
dependent, and needs to be carefully designed to meet application requirements.

5.2.4. Motivation for non-metric distance functions
Mathematically, a distance ordinarily indicates a function which satisfies the metric
axioms:
Zero property: dist(x,y) = 0 if and only if x = y
Nonnegative property: dist(x,y)>=0 for all x and y
Symmetry: dist(x,y) = dist(y,x) for all x and y
Triangle inequality: dist(x,y) <= dist(x,z) + dist(z,y) for all x,y,z

It is generally desirable to use a distance function which satisfies the axioms above,
since several of the proposed indexing or search techniques require the triangular
inequality to hold. However, even assuming that a metric is used, Weber et al., 1998 has
shown that the performance of any indexing scheme degrades to that of a sequential
scan when there are more than a few dimensions. Otherwise, when the distance is not a
metric or that the number of dimensions is too large, bounding techniques are used.
Moreover, distance functions that are robust to extremely noisy data will typically
violate the triangular inequality. Some of these functions achieve this by not considering
the most dissimilar parts of the objects. So, they represent an accurate model of the
human perception, since when comparing any kind of data we mostly focus on the
portions that are similar and we are willing to pay less attention to regions of great
dissimilarity. In fact, the human appreciation of similarity does not appear to satisfy the
triangle inequality, a result shown by Tversky and Gati, 1982.
Thus, Vlachos et al., 2004 identifies some desirable issues which a distance function
should address:
Different Sampling Rates or different speeds. Time series are not guaranteed to be the
outcome of sampling at fixed time intervals, for example, the sensors collecting the data
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may fail for some period of time, leading to inconsistent sampling rates. Also, two time
series moving in exactly the same way could do it at different speeds.
Outliers. Noise might be introduced due to an anomaly in the sensor collecting the data
or can be attributed to human ‗failure‘.
Different lengths. Normally metric functions deal with time series of equal length, but
often their lengths are different.
Efficiency. The similarity model has to be sufficiently complex to express the user‘s
notion of similarity, yet simple enough to allow efficient computation of the similarity.

There are numerous non-metric measures for distance or similarity between time series,
such as, for example, Dynamic Time Warping or Longest Common Subsequence
described below. In such cases, there is empirical evidence and rational use of these
functions representing the similarity between two sequences.

5.3. Similarity methods
Among the measures for similarity of time series data reported in the literature, it is
common to distinguish those based on signature, those that propose a data reduction and
works based on the temporal alignment. This section reviews these issues.

5.3.1. Methods based on signature extraction.
In many cases, calculating the distance between two objects can be costly due to the
dimensionality curse problem. To avoid this problem a variety of methods where the
time-series are represented as points in a low dimensional feature space have been
presented. The idea is to extract a new object, a signature, much smaller in size than
original series but representing their fundamental characteristics. So the search may be
speeded up considerably by the use of signatures, where the signatures have the
following properties:
Calculating the distance distS between two signatures is less costly than
calculating the distance dist between two original objects (sequences).
The distance between two signatures never overestimates the true distance
between the original objects. This means that, in the best case, the distance
function distS provide the same value than dist, and in other cases the distance
distS will be a lower bound between the original series.
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The main advantage of signature extraction, however, is not this speedup, since the
query time complexity is still linear in the database size. The real power of this
approach comes with the ability to index the signatures.
Many signature types have been proposed for similarity based retrieval of time series.
One of the older techniques of dimensionality reduction is transform the series from the
time domain to frequency domain by means of a transform function, based on the
Euclidean distance preservation stated in the Parseval's theorem and the results of
(Oppenheim and Schafer, 1975). The indexation of the first coefficients of the Discrete
Fourier Transform (DFT) was the method presented in (Agrawal et al., 1993) and
(Rafiei and Mendelzon, 1997). They use the Euclidean distance to measure the
similarity of the time-series represented by the first few coefficients of their Fourier
transformation. The index was constructed with a R*-tree, (Beckmann et al., 1990).
Some works extend this technique to subsequence matching as (Faloutsos et al., 1994).
Another transformation from the Discrete Wavelet Transform (DWT) family, the Haar
transform, was proposed in (Chan and Fu, 1999) instead of DFT. There is no advantage
of this approach over DFT as was established in (Wu et al., 2000). These, and other
signature types, are discussed in more detail in Hetland, 2001.

5.3.2. Methods based on data reduction
Another large group of work is characterised by the fact that it does not handle all the
original data of each series collectively. Instead, the dimension is reduced by selecting a
subset of the original data or by groups. Some of them apply transformations again but
on the subset of the resulting clusters.
Keogh and Pazzani, 1998 introduced a time series representation consisting of
piecewise linear segments to represent shapes and a weight vector that contains the
relative importance of each individual linear segment. The total weight associated with
a sequence of a given length is constant, regardless of how many segments are used to
represent it. In this paper, for a time series A, sampled at k points, its segmented version
containing K linear segments, is denoted as A, where A is a 5-tuple of vectors of length
K.
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Fig. 5.2 A time series represented by a sequence of straight segments.

The ith segment of sequence A is represented by the line between (AXLi AYLi) and (AXRi
AYRi), and AWi, which represents the segment weight. Fig. 5.2 illustrates this notation.
These vectors are used to calculate a new distance measure defined as:

k

dist ( A, B )

AWi · BWi · ( AYLi

BYLi ) ( AYRi

BYRi )

[5.10]

i 1

An approach independently introduced by Keogh and Pazzani, 2000b and Yi and
Faloutsos, 2000 uses an approximation to the original series using k segments of equal
length (PAA) and uses the average value of each segment as a coordinate of a kdimensional signature vector. This approach allows the building of an index in linear
time. While Keogh and Pazzani, 2000b uses the Euclidean distance as the basis for the
new distance defined over the index space, Yi and Faloutsos, 2000 shows that this
signature can be used with arbitrary Lp distances.
Later, Keogh et al., 2001a proposed an improved version using Adaptive Piecewise
Constant Approximation (APCA). This is similar to the PAA, except that the segments
need not be of equal length. Two distance measures are developed for the APCA, one
which is guaranteed to underestimate the Euclidean distance, and one which can be
calculated more efficiently, but which may generate some false dismissals. It is also
shown that this technique can handle arbitrary Lp norms. The empirical data suggests
that the APCA outperforms both methods based on the discrete Fourier transform, and
methods based on the discrete wavelet transform with a speedup of one to two orders of
magnitude.
Perng et al., 2000 proposed the Landmark Model for pattern querying in time series
databases instead of working directly with raw data. In its most general form, the model
allows any point of great importance to be identified as a landmark. The specific form
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used in the paper defines an nth order landmark of a one-dimensional function to be a
point where the function‘s nth derivative is zero. Thus, first-order landmarks are
extrema, second-order landmarks are inflection points, and so forth. Using increasing
types of landmarks will produce a more accurate representation. But fewer landmarks
result in a smaller index tree. The most suitable selection of landmarks and the number
of them used are domain-driven by the data. Since landmarks are sequential, it can
reduce an indexing problem into a string-indexing problem. This model does not rely on
Euclidean distance; rather it identifies features of landmarks that are invariant under
several transformations. While the work does allow a flexible query language, the
feature-extracting step requires the careful choice of several parameters.
Megalooikonomou et al., 2005 proposes a new method for representing time series data,
the Multiresolution Vector Quantized (MVQ) approximation, along with a new distance
function. The method partitions each time series into equi-length segments and
represents each segment with the most similar key subsequence from a codebook. The
codebook is generated earlier during a training phase. By counting the appearance
frequency of each codeword in each time series a new representation is obtained. The
new representation of a time series is a vector showing the appearance frequency of
every codeword. Then they choose the Histogram Model as the distance measure.
Another technique for reducing dimension is introduced in Fu et al., 2008. The time
series pattern matching is based on Perceptually Important Point (PIP) identification and
applied to the technical analysis of stock data in a financial domain, where frequently
used stock patterns are typically characterised by a few salient points. These points are
perceptually important in the human identification process and should also be taken into
accounts in the pattern matching process. The proposed scheme follows this idea by
locating those PIPs in the time series P in accordance with the query pattern Q.

5.3.3. Methods based on temporal alignment
The aim of sequence comparison is to quantify the degree of similarity or, equivalently,
the distance between the sequences. Time series are often affected by problems (Keogh,
1997) when comparing them: noise, offset translation, amplitude or longitude scaling
and time misalignments. Some of these problems can be removed by some form of
transformation. However, the time misalignment problem needs to be addressed in a
different way.
Time misalignment is the unmatching of two time series due to a distortion (expansion
or compression) in the time axis of one or both time series. For example, Fig. 5.3
depicts two similar time series with the same mean and variance; note that while the
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sequences have an overall similar shape, they are not aligned in the time axis. The
intuitive feature alignment is also depicted. Thus, because of time misalignment, the
direct comparison of two signals would be incorrect, since there is no guarantee that the
corresponding segments of the signals are being compared.
Moreover, sequence alignment is a widely used method to deal with sequence
similarity. So, an alignment may be constructed as an intermediate step or as a goal in
itself. An alignment of two sequences can be measured by defining an alignment cost
function. Typically the cost function determines the cost or penalty for mismatched,
deleted and inserted sequence elements in the alignment. An alignment with the
minimal cost with respect to a given cost function is the optimal alignment.
Determination of optimal and near-optimal alignments of sequences is an important
research tool as sequences with low alignment costs have been shown to be frequently
related.
As our contributions are focused on similarity-based temporal alignments, an in-depth
analysis of related methods will be discussed below. Sections 5.4 and 5.5 address those
techniques dealing with temporal alignments, which establish correspondences both in
time and in space between multiple sequences. Namely, for each value x at time t in
sequence X, find its corresponding value y at time t‘ in the other sequence, where
t‘=t±w and w is the temporal displacement.

Fig. 5.3 a) Two similar time series with the same mean and variance, b) the intuitive feature
alignment.

5.4. Dynamic Time Warping (DTW)
Most of the algorithms that operate with data time series use Euclidean distance or some
variation of it. However, these distances are very sensitive to small distortions in the
time axis (time misalignment). A method that tries to solve this inconvenience is
Dynamic Time Warping (DTW) (Sankoff and Kruskal, 1983), which uses dynamic
programming (Bellman and Stuart, 1962; Sakoe and Chiba, 1978; Silverman and
Morgan, 1990) to align time series with a given template so that the total distance
measure is minimised.
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This old technique is the most used among elastic measures and the main reference for
new similarity methods based on temporal alignment. The original algorithm forms the
basis for the contributions developed in Chapter 6. Thus, this section is dedicated
exclusively to this technique.
DTW finds the optimal alignment between two time series in such a way that they may
be warped non-linearly by stretching or shrinking them along their time axis. This
warping between two time series can then be used to find similar regions between the
two time series or to determine the similarity between two time series. Distance is
calculated as an accumulation of local distances between corresponding elements in the
time series being compared. DTW has been widely used in word recognition to
compensate for temporal distortions related to different speeds of speech.
An example of how one time series is warped to another is shown in Fig. 5.4. Note that
while the sequences have an overall similar shape, they are not aligned in the time axis.
Euclidean distance, which assumes the ith point on one sequence is aligned with ith point
on the other (a), will produce a pessimistic dissimilarity measure. The nonlinear
alignment (b) provided by DTW allows a more sophisticated distance measure to be
calculated. The superiority of DTW over the Euclidean distance metric has been
demonstrated by many authors (Aach and Church, 2001; Bar-Joseph et al., 2002).
The complete problem formulation of DTW is illustrated in Appendix A.

Fig. 5.4 Two different alignments obtained using (a) Euclidean distance and (b) DTW. For clarity,
the upper sequence has been shifted upwards appropriately.
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5.4.1. Literature review on DTW applications
In addition to speech recognition, dynamic time warping has also been found useful in
many other disciplines, including data mining, gesture recognition, anomaly detection,
robotics, manufacturing and medicine. Variations of the original algorithm have been
proposed to cope with specific problems involving comparison of time sequences with
distortion in the time domain.
Nomikos and MacGregor, 1994 reported its use for batch process monitoring. Li et al.,
2004 combined DTW with wavelet decomposition for synchronising batch trajectories.
The original signals were decomposed into approximations and details at different
scales and matched at each scale separately, using DTW. The matched signals were
used, rather than the reconstructed signals, to obtain the synchronised signal.
In Kassidas et al., 1998a an iterative method based on DTW was proposed in order to
synchronise signals from industrial batch processes to a common length. Then they can
build a MPCA/MPLS batch monitoring model. The method is multivariate and it
assigns a weight for each single variable after 10 iterations depending on the smallest
deviation of its average trajectory. The authors applied the same multivariate method in
Kassidas et al., 1998b for pattern comparison. On this occasion the signals were filtered
to remove the magnitude information and PCA was used to reduce the large number of
correlated variables. Then, a set of relative similarity measures permitted fault diagnosis
according to the reference pattern that gives the minimum distance. Ramaker et al.,
2003 modified the procedure proposed by Kassidas and presented a method for warping
spectral batch data. The main changes are related to scaling, the weighting matrix and
the number of iterations.
Vullings et al., 1998 uses a PLA algorithm (Piecewise Linear Approximation) to
segment the filtered heartbeat signal. After this, an algorithm decomposes the signal
into three overlapped parts and it is scaled in magnitude. Finally, each of these parts is
compared to reference patterns by DTW. The distance between lines is calculated using
the difference of slopes and the length of the line segments.
Another medical application of the DTW algorithm is carried out in Caiani et al., 1998.
In the definition of local distance they use the first derivative of the left ventricle
volume signal together with amplitude. Both the amplitude and its first derivative were
normalised by dividing by their respective peak-to-peak amplitudes.
In Kassidas et al., 1998a DTW is used to synchronise batch trajectories by combining it
with Multiway Principal Component Analysis (MPCA) and Multiway Projection to
Latent Structures (MPLS). Initially, there is a set of data for each variable belonging to
different batch processes. These trajectories must be synchronised and they propose an
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iterative method based on DTW. After synchronisation all trajectories have the same
duration and so an average trajectory could be defined. Using this trajectory as the
reference, a normalised weight matrix computing the weight of each variable is
calculated. Finally, by using the synchronised trajectories, they can to build a
MPCA/MPLS model for monitoring the product quality of new batch processes.
The same authors use DTW in Kassidas et al., 1998b to obtain a distance between three
reference patterns representing different faults and several test patterns, previously
filtered and scaled. The patterns consist of a total of 26 variables, so that PCA is used to
reduce the large number of correlated variables. When a new pattern of an unknown
fault becomes available, it is projected onto the subspace defined by the PCA. These
principal components can then be compared using the distances obtained from DTW.
Llanos et al., 2003 used dynamic time warping to cope with Case Based Reasoning
(CBR). CBR methodology proposes a four-step cycle (retrieve, reuse, revise and retain).
It basically consists of retaining experiences as cases for further reuse (submitted to a
Revision procedure). Cases are registers containing a description of a problem
"symptoms" and its solution "diagnostic". The aim is to reuse these cases for solving
new problems by analogy. In the presence of a new problem, the basic procedure
consists of retrieving analogue cases, according to their description (attributes defining
symptoms), and reusing their solutions (diagnostic). DTW is used as a similarity criteria
to implement the retrieval task, with the purpose of reducing the influence of timemisalignments in this task. The method is applied to the diagnosis of voltage faults
registered in a 25kV substation. Bregón et al., 2006 carried out similar work on the
early classification of several fault modes in a laboratory plant.

5.4.2. Variations
In situations with differences in the magnitude of the two signals, DTW would try to
solve the variability in the Y -axis by warping the X-axis. This can lead to unintuitive
alignments where a single point on one time series maps onto a large subsection of
another time series.
On the other hand, DTW does not obey the triangular inequality, therefore, direct
indexing under DTW is impossible and the quadratic time and space complexity of
DTW creates the need for more efficient alternatives. To overcome these limitations
some variations of the original algorithm have been proposed to cope with specific
problems. The approaches fall into three categories:
1) Constraints – Limit the number of cells that are evaluated in the cost matrix.
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2) Abstraction – Perform DTW on a reduced representation of the data.
3) Indexing – Use lower bounding functions to reduce the number of times DTW must
be run during time series classification or clustering.

Constraints are widely used to speed up DTW. Two of the most commonly used
constraints are the Sakoe-Chiba Band and the Itakura Parallelogram (see Appendix A).
When constraints are used, DTW finds an optimal warp path through the constraint
window. However, the globally optimal warp path will not be found if it is not entirely
inside the window. Constraints work well in domains where time series have only a
small variance in their temporal alignment, and an optimal warp path is expected to be
close to a linear warp and passes through the cost matrix diagonally in a relatively
straight line. In fact, for many applications, using constraints leads to better
classification accuracy than unconstrained DTW (Ratanamahatana and E., 2004).
However, constraints work poorly if time series are of events that start and stop at
radically different times. In this scenario, the warp path can stray very far from a linear
warp and nearly the entire cost matrix must be evaluated to find an optimal warp path.

Abstraction speeds up the DTW algorithm by operating on a reduced representation of
the data. The resulting speedup depends on how much abstraction is used. Obviously,
the calculated warp path becomes increasingly inaccurate as the level of abstraction
increases. Projecting the low resolution warp path to the full resolution usually creates a
warp path that is far from optimal. This is because, even if an optimal warp path passes
through the low-resolution cell, projecting the warp path to the higher resolution ignores
local variations in the warp path that can be very significant.
In Keogh and Pazzani, 1999 the time series are abstracted using piecewise linear
segments. Each segment is characterised by a 4-tuple, representing the four points of its
extremes. The distance between two segments is defined as the square of the distance
between their means. Apart from this modification the algorithm is essentially
unaltered. The algorithm, called Segmented Dynamic Time Warping (SDTW), showed
similar results to those obtained by DTW, but with a significant decrease in the
computation time. Exactly the same operation is shown in Keogh and Pazzani, 2000a,
but this time the time series is represented using PAA, thus the algorithm is called
Piecewise Dynamic Time Warping (PDTW). A drawback of PDTW is that it requires
the user to choose a compression rate for the dimensionality reduction, and the
algorithm is very sensitive to the value chosen. A high compression rate means a
coarser approximation, which leads to an increase in false dismissals. A lower
compression rate means a finer approximation, but slower computational time. The

Dynamic Time Warping (DTW)

89

drawback of PDTW motivates the authors in Chu et al., 2002 to introduce the Iterative
Deepening Dynamic Time Warping algorithm (IDDTW). The idea is to execute PDTW
at increasingly higher resolutions until a desired ―accuracy‖ is achieved.
In order to find more natural alignments, in Keogh and Pazzani, 2001, a modification of
DTW that does not consider the Y-values of the data points, but rather considers the
higher level feature of "shape", was proposed. Information about shape by considering
the first derivative of the sequences is obtained; this algorithm was called Derivative
Dynamic Time Warping (DDTW).
Here, the distance measured is the square of the difference of the estimated derivatives
of xi and yj. For simplicity derivatives x‘ of x are estimated as:

x'

( xi

xi 1 )

(( xi
2

1

xi 1 ) / 2)

[5.11]

This estimate is simply the average of the slope of the line through the point in question
and its left neighbour, and the slope of the line through the left neighbour and the right
neighbour. Empirically this estimate is more robust to outliers than any estimate
considering only two data points.
Feng and Wah, 2003 propose a new warping technique for signature verification. The
new approach, called Extreme Points Warping (EPW), first identifies the important
peaks and valleys as extreme points (EP) and later it matches them through DTW. Since
the corresponding matching pairs of EPs have to be peak-peak or valley-valley
matching and the occurrence of ripples, a new local warping path and global cost
equation are defined. Finally, they lineally warp the segments within the consecutive
EPs and they use Euclidean distance or correlation coefficient to measure the similarity
between the signals.
Lei and Govindaraju, 2004 propose a novel similarity measure based on linear
regression analysis and DTW. Their technique, called Regression Time Warping, finds
the path according to the closest pairs of points to a regression line, calculated
previously. Obviously, this path is a sub-optimal solution, but it does not show any less
accuracy than DTW under certain conditions and it is much faster.
Srinivasan and Qian, 2005 proposed an alternative approach that constrains the search
for the corresponding points of the two signals, based on singular points in the signal
that are derived from the perspectives of the operators. These constraints were used with
DTW. The same authors propose a signal comparison-based approach to state
identification and fault diagnosis in Srinivasan and Qian, 2006. The methodology,
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inspired by the Smith-Waterman algorithm (see section 5.6.3), modifies the
initialisation of the DTW algorithm and then all the other elements are calculated
recursively using the Itakura continuity constraint. This way, the method, called
dynamic locus analysis, allows the search for the segment in sequence y that matches
the complete sequence x, where the longitude of y is much longer than x. Sequence y is
part of a reference database that has historical data of common transitions as well as
abnormal operations. Sequence x is composed of the last m samples from an online
sensor. Thus, the strategy is to compare this online signal with a collection of reference
signals in order to perform fault diagnosis and state identification.
Somervuo, 2004 represent the data strings by a sequence of vectors in order to compute
the average between two symbol strings. Each individual vector encodes one symbol
position and the dimension of the vectors corresponds to the size of the alphabet. DTW
was used for comparing the input strings against the model sequences for model
adaptation. Then arithmetic averaging was used, first to determine the length of a new
model vector sequence, and then the vector elements along the warping function. This
approach provides an ordered display by means of representative local averages of the
data.
Another variation called Segment-wise Time Warping (STW) is presented in Zhou and
Wong, 2005. It combines a natural time scaling transformation through stretched
segments and the DTW method. The time complexity of STW is quite high, therefore
they need to use an index structure based on a lower bound function.
FastDTW algorithm has been introduced by Salvador and Chan, 2007 and was initially
designed to cut off the computational cost of the original DTW. FastDTW basically
consists of splitting the complexity of standard DTW by recursively down-sampling the
time series. The warp path found at each iteration of the algorithm is then projected onto
the higher resolution layer and serves as a guide that reduces computational complexity
by spatially reducing the area handled by dynamic programming. FastDTW complexity
is O(n), and is known to find an accurate minimum-distance warp path between two
time series that is nearly optimal. FastDTW is superficially similar to IDDTW because
they both evaluate several different resolutions, but IDDTW does not project low
resolution solutions to higher resolutions.

Indexing uses lower-bounding functions (Yi et al., 1998; Kim et al., 2001; Keogh and
Ratanamahatana, 2005) to prune the number of times DTW is run for similarity
searches. Indexing speeds up applications in which DTW is used, but it does not make
the actual DTW calculation any more efficient.
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The lower-bound time warping distance function defined in Park et al., 2000 returns a
distance value between a numeric value and a category symbol. The function is used to
filter out dissimilar subsequences employing a disk-based suffix tree as an index
structure. However, they only report the speedup for the indexing scheme (which is
relatively small), and there is no comparison in terms of accuracy to the true DTW.
Thus we can say nothing about the quality of the answer set. Their technique also
allows false dismissals.
Among the initial existing lower bound functions, the one introduced in Keogh, 2002 is
the best in terms of the tightness of the lower bound. For each query sequence Q that is
defined, two new sequences U and L form a bounding envelope that encloses Q from
above and below. Then, given a candidate sequence C and a query sequence Q of the
same length n, the lower bound function, LB_Keogh is defined as follows:

n

LB _ Keogh (Q , C )
i 1

( ci

U i )2

if

ci

Ui

( ci

Li ) 2

if

ci

Ui

0

[5.12]

otherwise

Since multi-dimensional index structures begin to degrade rapidly somewhere above 16
dimension, they create a lower N dimension version of the function. For this reason, the
sequences are represented by means of PAA (Fig. 5.5). Finally, to allow indexing they
define a MINDIST(Q,R) function that returns a lower-bounding measure of the distance
between a query Q, and R, where R is a Minimum Bounding Rectangle (MBR)
(Vlachos et al., 2003).

Fig. 5.5 An illustration of the sequences U and L, created for sequence Q (shown dotted) and the
approximation of U and L by means of PAA.
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In Wong and Wong, 2003, the authors use the same lower-bound function as in Keogh,
2002, but they suggest a new approach based on a sliding window of size l in order to
handle subsequence matching of arbitrary length. A set of prefixes of length l of each
possible subsequence is extracted and indexed as l-dimensional points by an R-Tree.
The performance of the query process depends on the threshold and warping window
values.
Shou et al., 2005 adopted a multi-step processing technique for similarity queries using
DTW. First, the numerical sequences are decomposed using an Adaptive Piecewise
Constant Approximation (APCA). Each segment si is represented by a triplet composed
of the minimum and maximum value among all the elements contained in si, and the
number of elements in si. Then they use the segments to derive lower bounds for DTW.
For this, they employ a new Segmented Dynamic Time Warping (SDTW), which
defines the distances between segments. Finally, they develop an index and a multi-step
technique that uses the proposed bounds and performs two levels of filtering to
efficiently process similarity queries. In the paper they also compare the tightness of the
lower bounds proposed by several other authors.
Fu et al., 2005 propose a combination of DTW and uniform scaling called scaled and
warped matching (SWM). The technique involve search pruning by means of a lower
bounding technique to look for similar patterns under arbitrary time scaling.
Sakurai et al., 2005 proposed a new method FTW (Fast search method for dynamic
Time Warping), which efficiently pruned a significant number of the search candidates
to reduce the search costs. They use the coarse version of sequences to compute the
lower bounding distance. Then it is shown that retrieval under the DTW can be faster by
mixing progressively finer resolution and by applying early abandoning to the dynamic
programming computation.
The LB_Keogh is also used in Xi et al., 2006 where a new approach using numerosity
reduction (Pekalska et al., 2006, Wilson and Martinez, 1997) is employed. The authors
observe empirically a best accuracy varying the warping window and they present an
algorithm which dynamically adjusts warping window size during numerosity
reduction.

5.5. Other related methods
This section presents other methods which have often been compared to DTW since all
of them are based on temporal alignment.
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5.5.1. Longest Common Subsequence (LCS)
A useful measure of similarity is the length of a longest common subsequence (Paterson
and Dancik, 1994), often abbreviated to LCSS or LCS. This algorithm is based on the
edit distance required in passing from one string to another one. LCS is the longest
collection of elements which appears in both sequences and in the same order.
Formally, given a sequence A = a1, a2... am , another sequence C = c1, c2... ck is a
subsequence of A, if there is a strictly increasing sequence [i1,i2,… ,ik] of indices of A
such as that for all j = 1 … k, aij = cj (Cormen et al., 2001).
Then, given two sequences A = a1, a2... am of length m and B = b1, b2... bn of length
n, the longest common subsequence of A and B is a longest sequence C, which is both a
subsequence of A and B.
In the most straightforward similarity scoring model, each match between aligned string
characters contributes 1 to the final similarity score and there is no penalty for inserted
spaces or mismatches. The solution to the LCS problem involves solving the following
recurrence equation, where the cost for the edit operations is stored in the cumulative
cell γ:

0

if i =0 or j =0
( i 1, j 1) 1

(i , j )
max

( i , j 1)
( i 1, j )

if i, j >0 and xi = y j
if i, j >0 and xi

[5.13]

yj

For example, if A= GAATTCAGTTA and B= GGATCGA the LCS is GATCGA , that is
LCS(A,B)=6 (Fig. 5.6).

Fig. 5.6 Alignment produced by the LCS algorithm.
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Note that instead of using distance, ―score" is used. Thus, the higher the score, the more
similar the two time series. The LCS score can be converted into distance using the
following formula:

LCS dist ( A , B )

1

LCS ( A , B )
min( m , n )

[5.14]

LCS applied to time series.
LCS belongs to the edit distance family of string matching algorithms. When LCS
applies to time series, the complication is that the elements in A and B are not symbols,
but real values. To take the real values into account, it relaxes equality to be within a
certain tolerance , that is, | xi - yi |≤ .
The concept of longest common subsequences was then used by Das et al., 1997;
defining similarity as follows: two sequences x and y are F-similar, if there is a function
f
F such that a long subsequence x‘ of x can be approximately mapped to a long
subsequence y‘ of y using f. They propose f to be a linear transformation and the
similarity is defined as the length of the LCS, where two points are compared using a
threshold.
Later, Vlachos et al., 2003 formalise non-metric similarity functions based on LCS. In
their functions the stretching that is being provided by the LCS algorithm is within a
certain range, as well as global translating of the sequences in space.

Differences between LCS and DTW.
Using LCS and DTW as a similarity measure between two sequences has the advantage
that they can be of different lengths. However, there are important characteristics which
differentiate both techniques.
DTW handles the expansion and contraction of the sequences but imposes the
alignment onto the entire lengths of the sequences. Furthermore, its efficiency
deteriorates for noisy data, since by matching all the points, it also matches the outliers,
distorting the true distance between the sequences.
On the other hand, the LCS algorithm is very flexible at the starting/end points of the
alignment, allowing some elements to be unmatched (Fig. 5.7), but does not deal with
expansion/contraction. For example, if A= AABBCCDD and B= ABCD , the algorithm
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yields a LCS(A,B)=4 and LCSdist(A,B)=0, since the sequences have the subsequence
ABCD in common. Now, if A= AEBFCGDH and B= ABCD , the outputs are still the
same, since the common subsequence is again ABCD . Note that, as the first pair of
sequences are just expanded/contracted versions of each other, they should be
considered as more similar than the second pair.

Fig. 5.7 Using LCS only the similar portions are matched, avoiding the outliers, while DTW tries to
match all the elements, including the outliers (Vlachos et al., 2004).

On trying to import the expansion/contraction property from DTW to LCS, Guo and
Siegelmann, 2004 proposed a change in the recurrence equation [5.13]. The
modification allows the addition of the value of adjacent cells when xi=yj. So eq. [5.13]
is substituted by:

0

if i =0 or j =0
(i , j 1)

max
(i , j )

( i 1, j )

1

if i, j >0 and xi = y j

(i 1, j 1)
max

(i , j 1)
(i 1, j )

if i, j >0 and xi

[5.15]

yj

5.5.2. Qualitative Similarity Index (QSI)
Cuberos et al., 2002 present the Qualitative Similarity Index (QSI) as a similarity
measure between two original time series. The idea of this index is the inclusion of
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qualitative knowledge for the comparison of time series. The measure is based on the
matching of qualitative labels (SDL language) that represent the evolution of the series
values. Each label represents a range of values that may be assumed as similar from a
qualitative perspective.
Let x = [x0, ..., xf ] be a time series, the proposed approach is applied in three steps.
First, a normalisation of the values of x is performed, in the interval [0,1]. Using this
series the slope evolution or differences series xD = [d0, ..., df−1] is obtained. A label may
be assigned to every different slope, so the range of all the possible slopes is divided
into groups and a qualitative label is assigned to each group. The range division is
defined depending on the parameter δ which is supplied by the experts according to
their knowledge of the system. The value of this parameter has a direct influence on the
quality of the results.
In Table 5.1 the first column represents the qualitative label for every range of
derivatives, which is shown in the second row. The last column shows the character
assigned to each label. The proposed alphabet contains three characters for increases
and three for decreases ranges, and one additional character for the constant range. This
alphabet is used to obtain the string of characters corresponding to the time series x. Fig.
5.8 shows a normalised curve with their derivative values and the assigned label for
each transition between adjacent values. This example has been obtained selecting δ=5.

Table 5.1 Qualitative labels for every range of derivatives.

Label
High increase
Medium increase
Low increase
No variation
Low decrease
Medium decrease
High decrease

Range
[1/δ, +∞]
[1/δ2, 1/δ]
[0, 1/ δ2]
0
[-1/ δ2, 0]
[-1/δ, -1/ δ2]
[-∞, -1/δ]

Symbol
H
M
L
0
l
m
h

Finally, the similarity between two time series is calculated by means of the comparison
of the two strings obtained from them, applying the previous transformation process,
and then using the LCS algorithm.
Formally, let x, y be time series and A, B be the sequences of strings obtained when x, y
are normalised and labelled respectively. The QSI similarity between the strings A, B is
defined as follows:
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QSI ( A , B )

( LCS ( A , B ))
m

[5.16]

where ∇S is the counter quantifier applied to string S. The counter quantifier yields the
number of characters of S. On the other hand, m is defined as m = max(∇A,∇B).
Therefore, the QSI similarity may be understood as the number of ordered symbols that
we may find in the same order in both sequences simultaneously, and this value is
divided by the length of the longest sequence.

Fig. 5.8 Sample of translation.

5.5.3. SAX similarity
The SAX method (Symbolic Aggregate approXimation) allows a time series of arbitrary
length n to be reduced to a string of arbitrary length w where typically w<<n (see
section 3.3.3). Then, the authors (Lin et al., 2003) define a distance function MINDIST
(eq. [5.17]) that returns the minimum distance between the original time series of two
words (Fig. 5.9). The distance measure is based on looking up the distances between
each pair of symbols and their Euclidean distance. For example, if the cardinality is 4,
the dist() function is implemented using the table lookup illustrated in Fig. 5.10.

98

Time Series Similarity

w

n

MINDIST (Qˆ , Cˆ )

w

( dist ( qˆ i , cˆi )) 2

[5.17]

i 1

Fig. 5.9 The distance between two SAX representations requires looking up the distances between
each pair of symbols.

a

b

a

0

0

b

0

0

c

d

0.67 1.34

0
c 0.67
d 1.34 0.67

0

0.67

0

0

0

0

Fig. 5.10 The lookup table used by the MINDIST function for an alphabet of cardinality of 4. For
example dist(a,c)=0.67.

The value in cell (i,j) for any lookup table is calculated by the expression:

celli , j

0,
max( i , j ) 1

if
min( i , j )

,

i

j

1

otherwise

[5.18]

Where β are the breakpoints that divide a Gaussian distribution in an arbitrary number
of equiprobable regions (Fig. 5.11). The new distance lower bounds the Euclidean
distance (Keogh et al., 2001a) between the original subsequences.
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Fig. 5.11 A lookup table that contains the breakpoints that divide a Gaussian distribution in an
arbitrary number (from 3 to 10) of equiprobable regions.

5.5.4. Correlation Optimised Warping (COW)
Nielsen et al., 1998 described a new method of aligning two chromatographic profiles
by piecewise linear stretching and compression of the time axis of one of the profiles.
The method is referred to as correlation optimised warping (COW) since the optimal
alignment is determined by correlation of the aligned fragments of signals.
Consider two chromatographic profiles that need to be aligned. One of them is chosen
as a target profile (T) and the second profile (R) is to be aligned with it (Fig. 5.12). The
unaligned profile R with length LR is divided into N sections, each with length m. The
target profile with length LT is also divided into N sections. Each section, denoted w, is
warped (i.e., stretched or compressed) by linear interpolation, so that a signal R‘ with
the same length as T is obtained.

Fig. 5.12 Schematic presentation of the structure of the optimal warping problem.

To treat unequal lengths of two profiles (i.e., T, R), the difference in section length in R
and T is defined as Δ=LT/N-m.
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A finite number of possible warpings (i.e., sets of indices that allow stretching or
compression) is examined for each section. The range of possible warpings is
determined by the input parameter t that expresses maximum warping. Warping,
denoted u, varies in the range (Δ−t , Δ+t ).
In the next step, the matrix F with size (N + 1, LT+1) is generated (Fig. 5.13). All
elements of matrix F are initialised as minus infinity, except element f(N+1, LT+1),
which equals zero. The zero element respects the fact that the last point of target profile
T is aligned with last point of profile R.
During the optimisation procedure, elements of matrix F (determined by intervals [Jstart ,
Jend] for each section) are replaced by cumulative benefit function, constructed based on
correlation coefficient cc of corresponding parts in target profile wT and interpolated
profile wR‘:
cc

(wT

w T ) T ( w R'

w R' )

[5.19]

std ( w T ) std ( w R' )

where std(w) is the standard deviation and w is the mean of the vector w. The boundary
values for intervals (Fig. 5.13) of possible positions of ending points are calculated as:

J start

1 max

(i 1)( m
LT

(N

t)
i 1)( m

t)
i =1,..., N

J end

1 min

(i 1)( m
LT

(N

[5.20]

t)
i 1)( m

t)

The correlation coefficient is calculated for each possible position of ending point f(i, j)
(indicated by squares in Fig. 5.13) varying all possible warping u in the range (Δ−t ,
Δ+t) and added to the value of the benefit function for the previous ending point. Only
the highest value of the cumulative correlation coefficient is kept in matrix F.
Simultaneously, matrix U (Fig. 5.13), with the same size as F, is constructed, where
corresponding values of u are kept (i.e., for the highest benefit function). The procedure
starts from the last but one row of matrix F and continues to the first row of matrix F.
When the value of the benefit function for the first point is calculated, all previous
suboptimal solutions are known. The reconstruction of the signal is done using only
matrix U, which contains the optimal warpings u for each section.
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The algorithm has been used by other authors for chromatographic data (Pravdova et al.,
2002, Tomasi et al., 2004).

Fig. 5.13 Structure of the matrices F and U.

5.5.5. Time Warp Edit Distance (TWED)
A recently developed time series matching method was presented in Marteau, 2009.The
method, called time warp edit distance (TWED), is defined as an elastic metric with a
stiffness parameter to control the elasticity of the metric.
Given two time series x = [x1,x2,…,xm] and y = [y1,y2,…,yn], the goal is to edit x and y to
completely superimpose the two curves using the three edit operations, deleteA, deleteB,
and match, shown in Fig. 5.14.
The editing process is performed from left to right: If i is an index on the segments of x
and j on the segments of y, then the process initial setting is i=j=1. A match operation
will increment i and j simultaneously: i=i+1 and j=j+1. A deleteA operation will
increment i only: i=i+1. A deleteB operation will increment j only: j=j+1.
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Fig. 5.14 The edit operations in the graphical editor paradigm.

Thus, the discrete time series similarity between two time series is measured as the
minimum cost sequence of editing operations needed to transform one time series into
another. Expressed as a formula, the distance between time series x and y is recurrently
calculated by:

( X i 1,Y j )

( xi

)

delete A

( X i 1, Y j 1)

( xi

yj)

match

,
,

( X i ,Yj )

min

,
,

( X i ,Yj 1)

(

yj)

[5.21]

delete B

with
( xi

)

d ( xi , xi 1 )

( xi

yj)

d ( xi , y j )

(

yj)

d ( y j , y j 1)

d ( xi 1 , y i 1 )

[5.22]

The recursion is initialised as follows:

,

( X 0 , Y0 )

0

,

( X 0 ,Yj )

for j

1

,

( X i , Y0 )

for i

1

[5.23]
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In eq. [5.22] denotes the null sample,
introduces stiffness by choosing:

d ( x, y )

is a non-negative constant penalty and TWED

d LP ( x , y )

·d LP (t x , t y )

[5.24]

Where is a non-negative constant to characterise the stiffness, dLP is the lp norm
metric, and tx,ty represents the time for x and y respectively.
In Marteau, 2009, the effectiveness of TWED has been empirically proven using 20
different data sets. The value of the stiffness parameter is selected from 10-5, 10-4, 103
, 10-2, 10-1, 1 and the value of the constant penalty is selected from 0, 0.25, 0.5,
0.75, 1.0 .
These values are selected for each data set so as to minimise the classification errors
estimated on the training data. If different ( , ) values lead to the minimal error rate
estimated for the training data, then the pairs containing the highest value are selected
first, and the pair with the highest value is selected last.
The TWED method is adopted in Liu et al., 2010 for classification of wrist pulse blood
flow signals.

5.5.6. Edit Distance with Real Penalty (ERP)
Based on Lp-norms, DTW and the domain of strings, Chen and Ng, 2004 proposed the
Edit distance with Real Penalty (ERP). The idea is to develop a metric distance function
such as the L1-norm but supporting local time shifting.
During the calculation of the ERP distance, two normalised time series x and y of
different lengths, are aligned to the same length by adding some symbols (also called
gaps) to them. Then each element in one time series is either matched to a gap or an
element in the other time series. The ERP distance is calculated recursively using the
expression in eq. [5.25]:
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n

yj

g

if m =0

xi

g

if n =0

1
m

ERP ( x , y )

[5.25]

1

ERP ( xi 1 , y j 1 )

dist ERP ( xi , y j )

min ERP ( xi 1 , y j )

dist ERP ( xi , gap )

ERP ( xi , y j 1 )

dist ERP ( y j , gap )

otherwise

where,

dist ERP ( xi , y j )

xi

yj

if xi , y j not gaps

xi

g

if y j is a gap

yj

g

if xi is a gap

[5.26]

and g could be any value. The authors of the algorithm pick g=0 and they claim that the
experimental results presented are based on 24 benchmark data sets from many areas.
This algorithm yields as result a score equivalent to the number of substitutions and
gaps, so the produced alignment may be as unintuitive as DTW if episodes were used.
In fact, if g=0 the recursive equation when m>0 and n>0 is equivalent to the string edit
distance (Gusfield, 1997) using the discrete metric for two symbols. Moreover, the
distance is not a normalised value that would serve as a reference for quantifying
significance of the comparison. Finally, like DTW, all elements in the sequences must
be aligned, contributing to the final distance.
The ERP algorithm has been used in Zhang et al., 2010 for pulse waveform
classification and Afonso et al., 2011 to develop a hurricanes trajectories storage
method.

5.5.7. Edit Distance on Real sequence (EDR)
Another distance measure (EDR) based on edit distance on strings is proposed in Chen
et al., 2005. Similar to the LCS variation, EDR also uses a tolerance to quantify the
distance between a pair of points to two values, 0 and 1. Unlike LCS, EDR assigns
penalties to the gaps between two matched segments according to the lengths of the
gaps.
Formally, the Edit Distance on Real sequence (EDR) between x and y is the number of
insert, delete, or replace operations that are needed to change x into y. EDR(x, y) is
defined as follows:
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n

if m =0

m

if n =0
EDR ( xi 1 , y j 1 )

subcost

min EDR ( xi 1 , y j ) 1

[5.27]

otherwise

EDR ( xi , y j 1 ) 1

where
subcost

0

if xi

yj

1

otherwise

[5.28]

In eq. [5.27] it is assumed that the cost of a replace, insert, or delete operation is only 1,
which corresponds to the original definition of edit distance (Gusfield, 1997).

5.6. Pairwise sequence alignment
One way of representing sequences is by means some alphabet, often characteristic of
the application. Although these sequences can be a function of time, continuous
situations are dealt with by converting them into discrete ones by sampling the time
interval. This is the case for the LCS, QSI and SAX methods outlined above, among
others (Huang and Yu, 1999, Jonsson and Badal, 1997). This section details a short
review of some central themes in comparisons of sequences of symbols which do not
involve time.
The procedure for evaluating the difference between two sequences is typically done by
first aligning the sequences and then deciding whether that alignment has occurred
because the sequences are related. Pairwise alignment is most often described in terms
of edit distance or similarity. These are opposite and interchangeable notions. In edit
distance the score increases with the number of changes required to transform one
sequence into the other, so a smaller score indicates a stronger similarity between the
sequences. Similarity follows the idea that the more matched characters between two
strings (without changing the order) the larger the positive value for an alignment score.
This type of alignments is widely used for the analysis of biological sequences. Once an
alignment has been established, dynamic programming is employed to find the score of
the alignment that maximises the similarity. Alignments follow a similar dynamic
programming formulation to edit distances.
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5.6.1. Sequence alignment
Given a sequence A = a1, a2... am–1, am of length m, and a sequence B = b1, b2..., bn–1,
bn of length n, with both consisting of symbols from an alphabet of size c.
Aligning A and B can be considered as the process of transforming sequence A into
sequence B by:
Substitutions (or replacements)
Deletions and insertions (referred to as indels)
Compressions and expansions

Dealing with differences between sequences due to substitution, deletion-insertion, and
compression-expansion is the central theme of sequence comparison. The most basic
approaches to analysing the differences between sequences are limited to substitutions
and indels (insertions and deletions). The common modes for such analyses are by
means of a trace or matching (also defined as alignment by some authors). Distinctions
between these analyses are illustrated in Fig. 5.15, where the symbol ―-‖ stands for a
gap.

I N D U S T R Y
I N T E R E S T

Trace

I N D U S T - R Y - I N - - - T E R E S T

Matching

Fig. 5.15 Two modes for analysing differences between sequences.

A trace from A to B consists of the source sequence A above and the target sequence B
below, usually with lines from some elements in the source to some elements in the
target providing a correspondence. An element can have no more than one line, and the
lines must not cross each other.
A matching M (or alignment) is a mapping between the elements of two sequences A
and B. Two elements ai of the source A and bj of the target B are said to be aligned in
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respect to an alignment M, if the alignment of A and B maps ai and bj onto each other.
Given an alignment M, a gap (―−‖) replaces elements of sequence A not aligned with
any of those in sequence B (or vice versa). Relative to sequence A, an insertion is a
contiguous stretch of residues from A aligned with the gap character. On the other hand,
a deletion is a stretch of gaps aligned with residues from B.
As modes of presentation, traces and alignments each have their own advantages.
However, both are used to tell whether two or more sequences are related and to give an
impression of how close their relationship is in terms of sequence similarity. In Sankoff
and Kruskal, 1983 they gathered an excellent collection of introductory papers on the
topics of sequence searching, sequence alignment, pattern recognition and speech
processing and recognition.

5.6.2. Scoring Models
The goal of sequence alignment is to pinpoint regions of high similarity between the
two sequences. An algorithm for sequence alignment will, in general, pursue this
identification by maximising a certain score that quantifies the similarity between the
sequences in the particular alignment. Hence, the algorithm for sequence alignment is
essentially just a mathematical optimisation procedure based on a predefined scoring
scheme.
The simplest way to give a score to an alignment of two sequences is to calculate their
Hamming distance: for two sequences of equal length, the different positions are
counted. This distance measure is in general not flexible enough. Sequences may have
different lengths and corresponding residues may have been shifted to different
positions by deletions or insertions. The total score of an alignment should be a sum of
terms for each aligned pair of elements plus gap contributions over all aligned residues,
so that the best alignment is the one with the highest score. Mainly, the scoring models
reward a match between two elements with a positive score, whereas a mismatch and
inserted gaps are penalised. In biological applications the scores are usually represented
in the form of substitution (score) matrices, where each cell provides a measure of how
similar two terms are.
So, the particular alignment of the two sequences A = a1, a2...,am and B = b1, b2...,bn
yields an alignment score. Denoting the similarity score for aligning ai with bj by δ(ai,bj)
and the number of gaps of length l in the alignment by Ngap(l), the alignment score
γ(A,B) is defined as:
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m

n

( A, B )

N ij ( ai , b j )

i 1 j 1
sum

up

similarities

N gap (l ) g ( l )



[5.29]

l

substract

gap

penalties

where Nij =1 if the alignment contains the pair (ai,bj), and Nij =0 if not; g(l) represents
the (positive) gap penalty function. Since similarity and gap penalty scores reject the
likelihood of evolutionary events, the optimal alignment (i.e., the particular alignment
that receives the largest alignment score) will delineate the series of evolutionary events
most likely to have taken place.
Sellers, 1974 showed that the smallest number of steps required to change one sequence
into the other could be calculated by the dynamic programming algorithm. Optimal
alignments can be computed via the same schemes for maximum similarity by replacing
the minimum distance by a maximal similarity scoring scheme.

5.6.3. Global and local alignments
Generally, one can distinguish between global and local alignment procedures. A global
alignment will always cover the entire input of sequences, no matter how different these
may be, and the algorithm determines the alignment that maximises the alignment score
over the full length of both sequences. Global alignments are a reasonable approach for
sequences that are related over their entire lengths. On the other hand, local alignments
contain only contiguous parts of the sequence that are ―similar‖. In such cases, the
algorithm computes the optimal local alignment by finding the pair of substrings of the
full sequences whose alignment yields the highest alignment score among the set of all
substrings and their possible alignments.

Global Alignment (Needleman-Wunsch)
The most widely used dynamic programming algorithm for global sequence alignment
is the Needleman-Wunsch algorithm (Needleman and Wunsch, 1970). The idea behind
all the versions is to build up an optimal alignment using previous solutions for optimal
alignments of smaller subsequences.
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The maximum match can be determined by representing the two sequences A, B of
length m,n respectively in a matrix indexed by i and j, one index for each sequence. The
score value γ(i, j) assigned to each cell is built recursively by the following recurrence:

( i. j )

if i =0 & j =0:

0

if i >0 & j =0:

gap ( i 1)

if i =0 & j >0:

gap ( j 1)

otherwise :

[5.30]

( ai , b j )
( i 1, j 1)
max max 1
max 1

k i

( (i

k

( ( i 1, j

j

k , j 1)
k)

gap ( k ))
gap ( k ))

In this formulation, δ(ai, bj) is the score given for matching the ith symbol in string A to
the jth symbol in string B. The penalty for a gap of size k is defined by gap(k). In its
simplest form, δ(a,b) can be defined as 1 for a match and 0 for a mismatch. In the
original paper, the symbols (amino acids) were numbered from the N-terminal end,
although the direction makes no difference to the final result, so the table was filled in
starting at the end of the sequences at position (0,0).
Every possible comparison will be represented by pathways through the array. An i or j
can occur only once in a pathway because a particular symbol cannot occupy more than
one position at one time. Furthermore, the only permissible relationships of their indices
are m>i, n>j or m<i, n<j. Any other relationships represent permutations of one or both
amino acid sequences which cannot be allowed since this destroys the significance of a
sequence.
A pathway is signified by a line connecting cells in the array. Proceeding along
complete diagonals with no deviations would imply an alignment without any gaps. The
introduction of a gap (either by an insertion or a deletion) in either sequence would
correspond to moving either above or below the main diagonal (Fig. 5.16).
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Fig. 5.16 The next three possible steps from the element (i; j), their representation in the alignment
matrix and the corresponding alignment.

To find the best route, Needleman and Wunsch suggested modifying the matrix to
represent this idea of tracing different pathways through the matrix. From all the
possible pathways only the one which is best (in terms of maximising a score) can be
chosen. Their method consists of two passes through the matrix. The first pass traces a
score for all possible routes and moves right to left, bottom to top. Once the scores for
all possible routes are found, the maximum can be chosen (it will be somewhere on the
topmost row or leftmost column) and a second pass can be carried out, this time running
left to right, top to bottom to find the alignment that gives the maximum score.
The reason that the algorithm works is that the score is made up of a sum of
independent pieces, so the best score up to a point in the alignment is the best score up
to the point one step before, plus the incremental score of the new step.

Local alignment
It is often the case that one or more regions of high similarity will exist in two
sequences that are otherwise dissimilar. Then, short and highly similar subsequences
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may be missed in the global alignment because they are outweighed by the rest of the
sequence. Hence, one would aim to create a locally optimal alignment.
A small modification of the original Needleman-Wunsch algorithm that allows the
determination of the optimal local alignment has been introduced by Smith and
Waterman, 1981. The key difference is based on the introduction of zero as a new
option in the recursion relation (eq. [5.31]) which has the effect of terminating any path
in the alignment matrix in which the score drops below zero. The algorithm requires
that the scoring function be negatively biased so that regions of low similarity will have
negative scores.
This is required in order to cause the score to drop as more and more mismatches are
added. Hence, the score will rise in a region of high similarity and then fall outside of
this region. If there are two segments of high similarity then these must be close enough
to allow a path between them to be linked by a gap or they will be left as independent
segments of local similarity. After optimal alignment scores have been calculated for all
nodes in the usual recursive way, the optimal local alignment is found by locating the
node with the largest alignment score and performing a trace-back starting from this
node, until a node is encountered in which the alignment score is equal to zero.

if i =0 or j =0: 0
0
( i. j )

otherwise :

max

(i 1, j )

( ai , )

(i , j 1)

( ,bj)

(i 1, j 1)

[5.31]

( ai , b j )

In eq. [5.31] vertical movements are penalised with the insertion function (ai,-), while
the horizontal movements are penalised with the deletion function (-,bj). Usually these
functions correspond to negative scores.
To illustrate the difference between global and local alignments, Fig. 5.17 shows two
alignments of the same DNA sequences. The first shows a weak global alignment while
the second shows a stronger local alignment.
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Fig. 5.17 Global vs. Local Alignment.

More research has been carried out to create gap-costs that allow block insertions and
deletions (Gotoh, 1982; Sankoff and Kruskal, 1983). Gotoh, 1982 devised a 3-state,
affine gap costs model of mutation which improves time efficiency to scoring gaps in
sequence alignment. His work has been used in other research to treat gaps in
alignments (Allison, 1993).
The k-best variation of the Smith-Waterman algorithm (Waterman and Eggert, 1987)
returns non-overlapping local alignments that score at or above a preset level. This is
particularly useful if two sequences share multiple regions of similarity interrupted by
dissimilar regions and with the order of the similar regions rearranged.

Heuristic methods
Motivated by the problem of finding sequences in large databases, the heuristic
similarity search algorithms FASTA (Lipman and Pearson, 1985) and BLAST (Altschul
et al., 1990) were created.
FASTA considers exact matches between short sub-strings k. If a significant number of
such exact matches are found, FASTA uses the dynamic programming algorithm to
compute optimal alignments. This approach allows speed to be traded for precision. The
larger the parameter k, the smaller the number of exact matches. This makes the
program faster but loses precision as it becomes less likely that the optimal alignment
contains enough exact matches of length k and the procedure may find nothing.
Nevertheless, experience shows that with sensitively chosen parameters, FASTA misses
very few cases of significant homology.
BLAST is another heuristic method based on a similar idea. BLAST focuses on no gap
alignments of (again) a certain fixed length k. Rather than requiring exact matches,
BLAST uses a scoring function to measure similarity, rather than distance. In particular,
for proteins, one can argue that segment pairs with no gaps and high similarity scores
indicate regions of functional similarity. For a given threshold parameter S, BLAST
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reports to the user all database entries which have a segment pair with the query
sequence that scores higher than S. If the scoring function used has a probabilistic
interpretation, BLAST can also give an assessment of the statistical significance of the
matches it reports.
Another heuristic method for sequence alignment was presented in Rognes and Seeberg,
1998. The algorithm, called SALSA, has many similarities to FASTA and BLAST, but
includes a post-processing stage that increases sensitivity. The idea is to build an
alignment from all the fragments found in the initial stages of the searching process.
Then, fragments should be arranged by a gap obtaining the optimal score. The position
of the gap is found using dynamic programming only if the score of the partial
alignment on either side of the gap is higher than the gap penalty.
Subsequently, the aforementioned author introduced an improved method in Rognes,
2001. This time the algorithm exploits the parallel processing capability of the
microprocessor to perform the same operation in parallel on several independent data
sources. Like most heuristic algorithms the method can be divided into two phases. First
it computes the exact optimal ungapped alignment score of each diagonal. Secondly, a
novel heuristic search estimates a gapped alignment score taking into account the
amount of sequence similarity on several diagonals. The fraction containing the 1% of
the highest scoring database sequences is finally subjected to a rigorous SmithWaterman alignment.

5.7. Similarities between qualitative trends
Finding a similarity measure for qualitative sequences is not easy because sequences
that are qualitatively the same may be quantitatively different. Also the sequences may
be of different lengths, making it difficult or impossible to embed the sequences in a
metric space, or the sampling rates of sequences may be different. Most of the early
researchers estimated a similarity measure between qualitative trends by matching the
sequence of primitives or, at a second-level, using a distance measure between the data
sets. Next, some methods for estimation of similarity between qualitative trends will be
discussed.
A methodology for pattern recognition based on episodes is described in Bakshi and
Stephanopoulos, 1994b. Each pattern is represented by a string of primitives identified
by means of a pattern grammar. Pattern matching of the various generalised descriptions
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facilitates extraction of the qualitative and quantitative features, which are then used for
solving the classification problem. For example given the two following trends:

ABCBC
ABCBCDABC

The syntactic descriptions may be matched in three different ways:

ABCBC
A B C B C (D A B C)
ABC
ABC

(B C D A)

BC
BC

A
BC
BC
A (B C) B C (D A) B C

The qualitative features considered for classification are the features that remain
unmatched after pattern matching, therefore, the syntactic features that allow complete
classification are:

DABC
BCDA
BC**DA

Then each of these features is evaluated until the classification is solved. However,
sometimes the simple syntactic features are not sufficient for complete classification. In
this case, the quantitative characteristics of the trends are necessary. The quantitative
features evaluated for classification in these generalised descriptions is the quantitative
information contained in the matched triangles. The classification problem is resolved
by means of the technique of induction by decision trees.
Yamanaka, 1997 detects the characteristic points (those having extreme curvature) of
the patterns and store patterns to be detected (dictionary). Using characteristic points,
the time series data is transformed into a series of line segments. Lastly, these line
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segments are compared to the dictionary by a dynamic programming matching method.
The similarity obtained is the same as the correlation factor between time series data
and a word in the dictionary.
Sundarraman and Srinivasan, 2003 describes a process variable as an ordered collection
of enhanced atoms. An enhanced atom consists of a first-order shape, the time duration
for which that shape is manifested, and the variable magnitudes at the beginning and
end of the shape. When this trend includes quantitative information it is called an
enhanced trend. For trend comparison, first a real-time trend is synchronised with a
dictionary trend by comparing the expected and the observed shapes. Thus, a shapematching degree (MDS) is defined, being MDS=1 if the two shapes match each other
and MDS=0 if they are completely dissimilar. As a second measure, a magnitudematching degree (MDm) was defined based on the difference of the variable value
during a phase and the expected evolution of the dictionary trend. Analogous to MDm, a
third similarity measure for duration MDd was defined. A value of MDm=1 and MDd=1
signifies an exact match while a smaller or larger value indicates a low similarity. The
degree of dissimilarity fx(i) is a measure of the total deviation between the dictionary
trend and the real-time one for variable x and is calculated based on the three matching
degrees:

f x (i )

max( 1 MDS (i ) , 1 MDm (i ) , 1 MDd (i ) )

[5.32]

In Dash et al., 2003 two similarity indices are defined based on the aligned qualitative
sequences. The first one is based only on the sum of the similarities between individual
primitives according to a similarity matrix, and the second one takes time into account
as a weighting factor. It is not clear how the similarities between primitives have been
defined and the authors claim that a variety of similarity measures may be defined
depending on the particular application.
Maurya et al., 2007 improves the last similarity measure adding shape-based and
magnitude-based similarities. So the shape-based similarity is given by the normalised
area under primitive P1 divided by the normalised area under primitive P2, where the
normalised area under primitive P1 is lesser. The magnitude-based similarity between
the primitives P1 with magnitude a and P2 with magnitude b penalise the difference in
the magnitude and is given by:

Magnitude based _ similarity

exp

(( b / a ) 1) 2
2

2
mr

[5.33]
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where ζmr is the variance parameter for magnitude ratio and it controls the extent of
penalty for difference in the magnitude. This value is adjusted empirically to 10. The
total distance between primitives is the product of their shape-based and magnitudebased similarities. For multivariate processes, the overall similarity measure or
confidence index is given by CI = min(S1, S2, …, Sn) where Sk is the similarity measure
between the trends of the kth sensors in the two scenarios.
In Hung and Anh, 2007 they use a shape definition hierarchy tree (Xia, 1997) to classify
the shapes of the linear segments in terms of slope trends. First, the segments obtained
by PLA are converted into three main symbols in agreement to their slopes: U: sharp
up, S: stable up and D: sharp down. Besides, each symbol is subdivided according to the
angle of the segment. Then a shape definition hierarchy tree which represents a suitable
set of slope trends is built (Fig. 5.18).

Fig. 5.18 The shape definition hierarchy tree used in Hung and Anh, 2007.

The distance between a pair of symbols ai, bj is defined as follows:

dist ( ai , b j )

2 max(0,|k

t | 1)

* max(0,| j

i | 1)

Where the parent nodes of ai, bj are Ak and Bt respectively.

Example:
dist (u1 , s8 )

2 max( 0,|2

1| 1)

* max(0,| 8 1 | 1)

[5.34]
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5.8. Conclusions
There is a lot of work which addresses the problem of similarity search and
classification of time series. On examining these papers, it is common to distinguish
between those based on transformations and those that propose a signature extraction,
but an important problem arises due to time misalignments.
Sequence alignment is a widely used method for performing sequence similarity. An
alignment may be constructed as an intermediate step or as a goal in itself. Thus, this
chapter has summarised the most important techniques which deal with the temporal
alignment problem and pairwise alignment used in the analysis of biological sequences.
Again, the problem may arise due to the nature of the time series. For example, some
methods based on sequence alignment require working with series of the same length.
A method that tries to solve this inconvenience is Dynamic Time Warping (DTW),
which uses dynamic programming to align time series by stretching or shrinking them
along its time axis. However, DTW can lead to unintuitive alignments and it is
computationally expensive (in both time and memory), which normally makes it useful
only for offline applications.
This dissertation proposes the use of qualitative representations of signal trends as
representations of system behaviour. This representation reduces the dimension and it
can keep the temporal meaning. Several approaches have been developed to estimate a
similarity measure between qualitative trends, but they always address a particular
problem and have shortcomings in generalised cases.
Based on some ideas from the algorithms presented above, the next two chapters will
examine the comparison of process signals when trying to define a similarity function
from a time evolution and qualitative perspective.

Chapter 6.
Similarity search based on DTW

6.1. Introduction
The advantage of representing process signals as a set of qualitative sequences has been
presented above. To summarise, the benefits are twofold: first, they provide an intuitive
representation that is very useful when one examines the process. And second, they
reduce the complexity of variables by allowing only a finite set of qualitative
descriptions.
On the other hand, many real applications require monitoring or diagnostic systems
working online with the process. However, due to the great number of variables or the
complexity of systems, this requirement is often impossible to execute.
In the previous chapter, DTW was shown as a good method to determine the similarity
between two time series due to its capacity for aligning sequences with temporal
misalignments and different longitudes. However, it has the disadvantage of being a
computationally expensive algorithm and it could fail in the alignment by trying to
solve the variability in the Y-axis by warping the X-axis. In this chapter, two
modifications of the DTW algorithm are introduced.
The first modification consists of applying DTW, not in the original time series, but in
its episode-based representations (Colomer et al., 2002a; Colomer et al., 2002b;
Colomer et al., 2003). The second one proposes a slight modification of DTW in order
to adapt it for online applications (Gamero et al., 2004; Llanos et al., 2004).
The following sections are devoted to explaining the main particularities of the new
algorithms. Finally, two application examples will illustrate both methods.
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6.2. EpDTW
DTW is a technique for aligning time series which has been applied successfully in
many fields. However, these approaches are normally used for offline applications due
to the expensive computational cost (in both time and memory) of the DTW algorithm.
Furthermore, DTW, by matching all the elements is also going to try and match the
outliers which, most likely, are going to distort the real distance between the sequences
examined. The representation of a sequence as episodes reduces the calculation time by
decreasing the amount of manipulated data. Likewise, the qualitative character that
defines an episode avoids the problem of the variability in the Y-axis. In addition, the
pre-processing data which converts process signals to episodes removes the outliers.
Therefore, DTW can be used to align episodes and obtain a global distance. The next
subsection presents an approach called EpDTW which has been created following the
basic principles of DTW and using episodes as a higher level representation of
variables.

6.2.1. The algorithm
Formally, given two time series x = [x1,x2,…,xm] and y = [y1,y2,…,yn], they are converted
to sequences of episodes = 1,…, i,…, M and = 1,…, j,…, N where M<<m
and N<<n. The indices i and j represent the relative position of each episode in the
sequence (1 i M, 1 j N).
As well as DTW, the EpDTW algorithm finds a warping path W of k points (eq. [6.1])
in a two-dimensional M by N cost matrix by evaluating the cumulative distance γ(i,j).
Every cell value γ(i,j) in the matrix is calculated recursively as the sum of the local
distance found in the current cell and the minimum of the cumulative distances of the
adjacent elements (eq. [6.2]). So the distance between two sequences of episodes is
obtained in an iterative way by accumulating local distances between those episodes
which compose warping path W, thus minimising the global distance.

W

w 1 , w 2 ,..., w k

wk

( ik , j k )

|

max M , N

k

M

N
[6.1]

(i 1, j 1)
(i , j )

dist (i , j )

min

(i 1, j )
( i , j 1)

[6.2]
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In eq. [6.2] dist(i,j) is the local distance dist( i, j) between episodes i and j
according to a distance matrix. Thus, working with qualitative symbols requires the
definition of a local distance between them. In this sense, a distance matrix where each
episode is related to the complete set is defined. Distances are based on the qualitative
state and auxiliary characteristics that define the different types of episodes. However,
these local distances could be subject to the criterion of the user, so one could give more
importance to some episodes over others, obtaining a different global distance and
preserving the essential features of the process signal. For example, Table 6.1 shows a
distance matrix where the criterion has been to distinguish between three groups, with
higher distances between types of different groups.

Table 6.1. Local distance dist( i,
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Considering that the episodes are asynchronous, the time duration of each episode could
be an important parameter to keep in mind in some applications. The EpDTW algorithm
proposes, optionally, to add this information to local distances by modifying the former
distance dist(i,j). Then, if time is important, the local distance is defined as:

dist (i , j )

dist (  i ,  j ) * min( d i , d j ) cp

[6.3]

where d i and d j is the temporal extension of episodes i and j. The variable cp is a
compression penalty calculated (eq. [6.4]) according to the maximum local warping
wMAX. The value wMAX represents the maximum number of samples from one sequence
that can be compressed to be aligned to one sample in the other sequence. Intuitively,
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there is some resemblance to the warping window used as a constraint in the original
DTW algorithm.

max ( d i , d j )
cp

max

min ( d i , d j )

wMAX

[6.4]

0

Note that eq. [6.4] uses the ceiling function z . It returns the smallest integer value
that is greater than or equal to a number. That is:

z

min n



|

n

z

[6.5]

Finally, the score obtained should be normalised according to the weight of each cell
belonging to path W. Thus, in this case the final distance is:

dist EpDTW (  , )

(M , N )

[6.6]

k

weight (w h )
h 1

The weight for each cell wk represents the number of links between two episodes. This
weight has a value of 1 when time is not considered. Thus, the denominator can be
substituted by k. However, when episode duration is involved the weight for each cell is
calculated as:

min ( d i , d j )
weight (w k )

weight (ik , j k )

max

max ( d i , d j )
wMAX

[6.7]
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6.2.2. Illustrative examples
Example 1
Consider the four signals and their qualitative representation in Fig. 6.1. These signals
have the same duration in time, but different temporary misalignments and variability in
the Y-axis. The goal is to obtain a measure of similarity between them. For simplicity,
each symbol can be represented by a letter as in Fig. 6.2.

Fig. 6.1 Signals S to be compared and their representation .

\—/
AB C D

E F G H

I

J

K LM

Fig. 6.2 Useful set of episodes.

In order to illustrate the EpDTW algorithm, signals S1 and S2 will be examined. By
applying eq. [6.2], the cumulative distance matrix is filled in as shown in Fig. 6.3. The
value 2 in the last cell represents the cost of the alignment. This value can be normalised
to a distance between 0 and 1 by dividing the cost by the length of the path. Note that
the italicised numbers in the matrix indicate a path W of 7 points. So, the distance
between qualitative sequences 1 and 2 is 2/7=0.285.
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Sequence
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3

1
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1‘25

2

2‘25

3

4

1‘75

0‘75

0’75

1’75

2

2

2‘75

1‘75

1‘5

1‘25

1‘25

1‘75

2‘5

2

(a)

(b)

Fig. 6.3 (a) The cumulative distance matrix for 1 and 2. (b) Temporal alignment deduced from
the obtained path.

Following the same procedure, the distances between the four signals are obtained
(Table 6.2). The values obtained are a normalised distance, so 0 represents a complete
equality.
Table 6.2 Similarity using proposed EpDTW and Table 6.1.
1

2

3

4

1

0

0.285

0.0625

0.325

2

0.285

0

0.214

0.25

3

0.0625

0.214

0

0.3

4

0.325

0.25

0.3

0

Example 2
In this second example the importance of time will be illustrated by a simple case.
Consider the two sequences of episodes: = M4,B3,L2,A1 and = A1,L2,B3,M4 ,
where each episode is represented by type (Fig. 6.2) and duration. In this case the
distance between different types of episodes is always 1.
First, the distance distEpDTW without the temporal character is calculated. Fig. 6.4 shows
the distance matrix and the alignment produced.

Sequence

Sequence
A1

L2

B3

M4

M4

1

2

3

3

B3

2

2

2

3

L2

3

2

3

3

A1

3

3

3

4

(a)

(b)

Fig. 6.4 (a) Cumulative distance matrix for

and

. (b) Temporal alignment deduced from the

obtained path.
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The normalised distance value is obtained by dividing the cell value γ(4,4) by the length
of the path (k=4), so distEpDTW =4/4=1. That is, the sequences are completely dissimilar,
as can be observed in the alignment in Fig. 6.4 (b).
On the other hand, Fig. 6.5 shows the distance matrix and the alignment produced when
the temporal extension is included. In order to see the effect of the maximum local
warping, wMAX has been fixed to 3. On this occasion the temporal alignment produced is
more natural and it reflects a certain similarity between the sequences.

Sequence

Sequence
A1

L2

B3

M4

M4

2

4

7

7

B3

3

4

4

7

L2

4

3

5

6

A1

4

4

4

6

(a)

(b)

Fig. 6.5 (a) Cumulative distance matrix for

and

when the time is considered and wMAX =3.

(b) Temporal alignment deduced from the obtained path.

Again, the normalised distance value is obtained by dividing the cell value γ(4,4) by the
sum of weights for each cell wk along the path W=[(1,1),(2,1),(3,2),(4,3),(4,4)]. This
time the weight needs to be calculated. This operation can be done in parallel with the
calculation of the cumulative distance matrix and the weights are stored in a weight
matrix (Fig. 6.6). Then, once the path is established, it is easy to add up the individual
weights and Σk=1-5weight(wk)=8. Thus, finally, the new distance distEpDTW =6/8=0.75.

Sequence

Sequence
A1

L2

B3

M4

M4

2

2

3

4

B3

1

2

3

3

L2

1

2

2

2

A1

1

1

1

2

Fig. 6.6 Weight matrix.

Fig. 6.7 illustrates the intuitive idea of the maximum local warping wMAX and the
weights for each cell wk. First, the elements are matched according to the path obtained
by the cumulative distance matrix (Fig. 6.5). Each matched element contains a number
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of links equal to its duration. Then, in order to align the sequences, the algorithm tries to
compress some elements. The maximum compression is equivalent to when time is not
considered. Thus, wMAX limits the compression. In the example, wMAX =3, so 3 links can
be compressed to 1 and the result of this procedure for the two sequences is the weight
matrix shown in Fig. 6.6.

Fig. 6.7 Intuitive significance of the maximum local warping wMAX.

6.3. Application example: Situation assessment in a
two tank system
As an application example, the proposed approach has been used in a laboratory plant
for situation assessment purposes. In this plant (Fig. 6.8), the level in tank A is
controlled by means of a PID controller by pumping water from a reservoir (tank B).

Fig. 6.8 Two tank system.
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The level in tank A and the control signal (pump) are the monitored process variables.
Three valves (V1, V2 and V3) can be manipulated in order to simulate obstructions and
leakages. Then, several situations are possible by the appropriate combination of
opening and closing valves (Table 6.3). Additionally, the system dynamics can be
modified slightly by filling or emptying the reservoir with external water. Then, the
input and output of external water also creates interesting situations to be detected. The
experiments have been developed under the assumption that two situations cannot be
overlapped. Thus, changes in the configuration of valves are only performed when the
process is in a steady state.

Table 6.3 List of situations as a result of the combination valve.
Description

V1

V2

V3

Normal Behaviour

OPEN

OPEN

CLOSED

Obstruction in pump or input pipe

CLOSED

OPEN

CLOSED

Obstruction in the output pipe

OPEN

CLOSED

CLOSED

Leak in input pipe or pump

OPEN

OPEN

OPEN

The monitoring system will be able to assess such situations and diagnose the origin of
abnormal behaviour according to the behaviour of measured signals described by the
sequences of episodes. A representation based on a set of 13 types of episodes (Fig. 6.2)
is used to represent symptoms in the case definition.

Table 6.4 Local distance between episodes.
\ — /
0 .72 .85 .7 .62 .67 .75 .9 .8 .87 .95 1 .67
.72 0 .7 .62 .77 .82 .75 .75 .87 .95 .87 .67 1
.85 .7 0 .52 .8 .85 .6 .27 .9 .82 .65 .8 .87
.7 .62 .52 0 .45 .6 .6 .6 .82 .9 .82 .87 .95
.62 .77 .8 .45 0 .27 .6 .85 .65 .82 .9 .95 .87
\ .67 .82 .85 .6 .27 0 .55 .8 .27 .6 .85 .9 .75
— .75 .75 .6 .6 .6 .55 0 .55 .6 .6 .6 .75 .75
/ .9 .75 .27 .6 .85 .8 .55 0 .85 .6 .27 .67 .82
.8 .87 .9 .82 .65 .27 .6 .85 0 .4 .8 .85 .7
.87 .95 .82 .9 .82 .6 .6 .6 .4 0 .45 .7 .62
.95 .87 .65 .82 .9 .85 .6 .27 .8 .45 0 .57 .77
1 .67 .8 .87 .95 .9 .75 .67 .85 .7 .57 0 .72
.67 1 .87 .95 .87 .75 .75 .82 .7 .62 .77 .72 0
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A major benefit of this set of episodes for situation assessment is that discontinuities
and stability periods (usual in abnormal and in normal situations respectively) are
explicitly represented by means of 5 types of episodes (
—
). Local distances
between episodes are defined in Table 6.4. Note that these distances are different to the
ones in Table 6.1. The difference in local distances between types of episodes does not
affect the global measure of similarity too much, although it allows a finer measure to
be obtained. The main difference resides in defining a major or minor distance between
those episodes with different behaviour.
A test case base has been built by obtaining the sequence of episodes for the two
monitored variables (Fig. 6.9) in a time window of 70 seconds. After testing the most
common situations, the case base is composed of 29 cases (Table 6.5) with the
description of the situation. This information associated with faults is structured
according to three criteria: the part of plant or operation that is being affected, the
affected component of the plant and the corresponding diagnosis. This is useful in the
final decision about the situation in order to distinguish ambiguous situations when
multiple diagnoses are retrieved.

Fig. 6.9 Level and control signals: acquired signal and the corresponding episode-based
representation.

In order to test the operability of the EpDTW algorithm, each one of the 29 cases has
been compared to the others. Then, 841 similarity measures are carried out taking into
account the pattern composed of the level and control signals. The similarity obtained
by means of EpDTW gives a normalised value where zero corresponds to identity.
Then, similarity between cases is obtained from the average of the similarity for the two
signals. From a general point of view, if the 29 cases are analysed by ordering the value
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of similarity obtained in comparison to the rest of cases, it can be deduced that a
threshold of 0.1 allows enough cases for a correct situation assessment to be obtained.
Thus, this threshold has been applied to consider the K-nearest neighbour symptoms to
retrieve.

Table 6.5 The Case Base.

— —

Location
Input tank A

Situation
Component
Diagnosis
Input pipe or pump Obstruction

—\—

— —

Input tank A

Input pipe or pump Obstruction

— —

— —

Input tank A

Input pipe or pump Obstruction

— —

Input tank A

Input pipe or pump Obstruction restored

Case

Level

Control

1

—\

2
3
4

—

5

— —

— —

Input tank A

Input pipe or pump Obstruction restored

6

—/—

— \ — Input tank A

Input pipe or pump Obstruction restored

— \ — Input tank A

Input pipe or pump Obstruction restored

7

/—

8

—

—

— —

Output tank A Output pipe

Obstruction

9

—

—

— \ — Output tank A Output pipe

Obstruction

— \ — Output tank A Output pipe

Obstruction

10
11
12

—/ \—
—

—

—\ /—

Output tank A Output pipe

Obstruction restored

— / — Output tank A Output pipe

Obstruction restored
Obstruction restored

— —

13

—

—

— / — Output tank A Output pipe

14

—

—

— / — Input tank A

Input pipe or pump Leakage

15

—

—

— / — Input tank A

Input pipe or pump Leakage

16

—

/

— / — Input tank A

Input pipe or pump Leakage

17

—

Input tank A

Input pipe or pump Leakage

— —

18

—

\—

19

—

—

20
21

\
—

— \ — Input tank A

Input pipe or pump Leakage restored

— —

Input tank A

Input pipe or pump Leakage restored

\—

Input tank A

Input pipe or pump Leakage restored

— \ — Input tank A

Input pipe or pump Leakage restored

22

—

—

Input tank B

External water

Input of ext. water

23

—

—\

Input tank B

External water

Input of ext. water

24

—

\—

Input tank B

External water

Conclude input

25

—

—

Input tank B

External water

Conclude input

26

—

—

Output tank B External water

Output of ext. water

27

—

—/

Output tank B External water

Output of ext. water

28

—

—

Output tank B External water

Conclude output

29

—

/—

Output tank B External water

Conclude output
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In the following paragraphs, three illustrative examples are presented using this short
case base. For this purpose cases 2, 15 and 8 have been used to simulate a new solution
(obviously the distance between these cases and themselves is zero). They have been
compared to the whole case base and those that have a distance degree inferior to the
threshold ( 0.1) have been retrieved. Table 6.6 to Table 6.8 represent the retrieved cases
(first row) and the associated distances (second row).

Table 6.6 Retrieved cases and similarity for case 2.
Case

2

3

1

Distance

0

0.0306

0.0516

In Table 6.6 (Case 2), the diagnosis corresponding to each case is the same and
therefore the situation assessment is correct. In the assumption that case 2 is a new
situation, the similarity to the registered cases does not make the inclusion of this new
case in the case base necessary.

Table 6.7 Retrieved cases and similarity for case 15.
Case

15

13

14

11

16

17

3

Distance

0

0.0333

0.0333

0.0639

0.0639

0.0681

0.0806

Case 15 (Table 6.7) yields 6 cases with a distance inferior to 0.1 as result. The two most
similar cases (13 and 14) offer different symptoms, nevertheless, case 13 corresponds to
a situation obtained by the restoration of a previous obstruction. Considering that two
cases cannot take place simultaneously and that in previous instants an obstruction has
not been noticed, cases 13 and 11 can be discarded because they give an inconsistent
assessment. Finally, the final selection can be decided by a simple frequency analysis: 3
of 4 cases diagnose an input leakage (pump or pipe) in tank A against one different
case. Therefore, this would be the diagnosis.
If previous states are not considered, then cases corresponding to restoration of previous
obstructions cannot be deleted. Then, evaluating the frequency, 4/6 indicate problems in
the input of tank A, while the remaining 2/ 6 indicate problems in the output. From the
cases related to input, all the cases indicate that the failure is located in the pump or
pipe. So, this would be the assigned diagnosis, with the probability that the failure is
caused by leakage. With this incomplete result the case would be stored in the case
base.

Online DTW
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Table 6.8 Retrieved cases and similarity for case 8.
Case

8

19

9

18

21

5

Distance

0

0

0.0306

0.0581

0.0639

0.0917

Finally, in the example of case 8 (Table 6.8), it will be supposed that the registered case
exists but the previous states are not considered; therefore the cases corresponding to a
restoration of a previous failure are not annulled. So, case 8 offers 5 similar (including
case 8) cases but with a different situation assessment; one case is even completely
identical but with different symptoms. On evaluating frequency, 4/5 of these cases
correspond to problems with the input of tank A, while 1/5 correspond to the output.
This would indicate that the problems are with the input of tank A, which is an incorrect
diagnosis. This only happens if the previous states are not considered, since cases 19
(perfect matching), 18 and 5 correspond to restoration failure.

6.4. Online DTW
As mentioned above, a shortcoming of DTW is its expensive computational cost which
normally makes it useful only for offline applications. On the other hand, many real
applications demand techniques working online with the process. This has motivated a
slight modification of DTW in order to adapt it for online application (Gamero et al.,
2004; Llanos et al., 2004).

6.4.1. The algorithm
The new online time warping algorithm aligns two sequences arriving in real time.
Mainly, the algorithm calculates the optimal path incrementally in real time as soon as
new data is received. The algorithm is initialised by defining a sliding window size w
and the warping window width, r. As main particularities, the two sequences have the
same length and the new algorithm returns a distance value at each sample time.
The algorithm starts calculating the cumulative distance at time t = 2, D(i,j) for each
grid element of the squared matrix. Later on, the matrix grows and only cumulative
distances for new cells in the matrix are calculated. Next, the matrix reaches the
maximum value w and becomes a sliding window. At each sample time, the oldest cells
in the matrix are deleted and cumulative distances are calculated for empty cells
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corresponding to the new sample (Fig. 6.10). Therefore, the algorithm runs more
quickly since it uses previously calculated values and the global path constraint r
restricts the area calculation. Nevertheless, a new path must be found for each window
and the distance value is obtained by calculating the total distance according to this new
path.

Fig. 6.10 Online DTW process.

6.4.2. Illustrative example
To further illustrate the sliding window technique, consider the following two
sequences: x = [2, 5, 2, 5, 2, 1] and y = [0, 3, 6, 0, 6, 0].
First, by applying the dynamic programming algorithm, the cumulative distance matrix
is filled as shown in Fig. 6.11. Each value in the cell represents the cumulative distance
of that cell. The optimal warping path can be found by tracing backward from the lower
right corner, (6,6), towards the upper left corner, (1,1). At each cell, the previous
neighbouring cell with minimum cumulative distance is chosen.
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Sequence x

Online DTW

Sequence y
0 3 6 0 6
2 3 7 9 13
7 4 4 9 10
9 5 8 6 10
14 7 6 11 7
16 8 10 8 11
17 10 13 9 13

2
5
2
5
2
1

0
15
15
12
12
9
10

Fig. 6.11 A cumulative distance matrix for sequences x and y.

Now the online DTW will be applied to the same sequences x and y, with the width of
the warping windows r = 2 and the sliding window size w=3. Fig. 6.12 shows the
cumulative distance at the sample time t = 3, which is when the matrix reaches a
maximum value established according to w and it becomes a sliding window. In this
particular case r has been defined to fill the entire matrix.

0
2
7
9

2
5
2

x

y
3
3
4
5

6
7
4
8

Fig. 6.12 A cumulative distance matrix for sequences x and y at the sample time t = 3.

Fig. 6.13 shows the cumulative distance matrix at the sample time t = 4. The sliding
windows are overlapping and the coloured grids denote cumulative distances computed
previously and which do not have to be computed again. The oldest cells (computed at t
= 1) are not taken into account and cumulative distances are calculated just for the new
values.
y

x

0
2
5
2
5

3

6

0

4
5
7

4
8
6

9
6
11

Fig. 6.13 Cumulative distance values of the sliding window for sequences x and y at time t = 4.
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Fig. 6.14 and Fig. 6.15 show the cumulative distance values of the sliding windows at
time t = 5 and t = 6, respectively. Note that the cumulative distance γ(6,6) = 10 is the
same distance value as when applying the traditional DTW algorithm. Nevertheless,
both methods cannot be compared because DTW needs all the sequences x and y to find
an alignment between them, while the online DTW uses subsequences of x and y to find
an alignment within the warping window. This is an important factor to be considered
since the band global constraint will prevent large deviations from the linear path.

0

y
6

3

x

2
5
2
5
2

0

6

8 6 10
6 11 7
10 8 11

Fig. 6.14 Cumulative distance values of the sliding window for sequences x and y at time t = 5.

y

x

0
2
5
2
5
2
1

3

6

0

6

0

11 7 12
8 11 9
9 13 10

Fig. 6.15 Cumulative distance values of the sliding window for sequences x and y at time t = 6.

6.4.3. Related work
A few authors have presented their solutions for dealing with the adaptation of DTW to
online operation. Some of them present ideas very similar to our algorithm. Some of
these approaches are summarised below.
Dixon, 2005 presents an online time warping algorithm which aligns a sequence
arriving in real time with a stored sequence. The idea is to define dynamically the
search band. The algorithm is initialised by computing a square matrix of size c and the
path is calculated using the standard recursion formula. Then the calculated area is
iteratively expanded by evaluating rows or columns of length c. The direction of
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expansion is determined by the location of the cell in the active area with the lowest
minimum path cost. Another parameter limits the number of successive computations in
the same direction. Finally, when the ends of both files are reached, the optimal path is
traced backwards using the standard DTW algorithm, constrained by the cells calculated
previously during the forward path calculation.
In Ko et al., 2005 a system using a sliding window is also proposed. First, the distance
table is constructed while the data is acquired. In their approach the distance table is
composed of a class template (known sequence) and real-time data from sensors. Once
the distance table reaches the maximum buffer size it becomes a sliding window. The
algorithm uses previously calculated values and calculates a new warping path at each
time instance. The main difference with respect to DTW is that this approach proposes
the relaxing of the start and end points. The DTW distance is obtained by calculating
the cumulative distance along the new warping path.
Capitani and Ciaccia, 2006 propose another online DTW-like distance measure
exploiting previously performed computations and using a sliding window. The method,
called Stream-DTW (SDTW), computes the measure by obtaining the cost from
different warping paths in which boundary conditions were relaxed. The SDTW
distance lower bounds the DTW distance and it shows good accuracy in a streaming
environment.
In Rajshekhar et al., 2007 a method for fault diagnosis employing an online variation of
DTW is presented. The idea is very simple: they select a window from the current
sequence of measured variables to compare it with several windows from the reference
dataset. The vast number of operations is minimised by using a lower-bounding
measure and the similarity measurement is based on a probability function. The method
was tested in two simulated case studies with promising classification accuracy but with
late detection times.

6.5. Application example: Residual computation in a
three tank system

6.5.1. Motivation
Fault Detection and Isolation (FDI) methods based on analytical redundancy (Chow and
Willsky, 1984) are widely used to diagnose systems for which a mathematical model is
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available. The task of FDI is typically accomplished in two steps, namely residual
generation and residual evaluation. A residual is a signal generated from a computation
based on measured variables. It is ideally zero in the fault-free case and different from
zero in the faulty case. In practice, the generated residuals are not identically zero, due
to various errors (measurement noises, modelling uncertainties).
Residual generation consists of designing fault indicators to satisfy specifications such
as sensitivity to faults and robustness to disturbance, modelling errors and noise.
Commonly, residuals are analytical symptoms (Blanke et al., 2006).
Residual evaluation (known also as decision procedure) consists of translating the
symptoms into information about the faults that may have occurred.
A possible structure for fault detection is presented in Fig. 6.16. Residual r is obtained
as a result of comparison of the model output yM to real process measure y.
This example uses the online DTW presented above in order to carry out the residual
computation and evaluation since DTW is especially suitable for those errors related to
time distortions.

u1
u2
un

y

+

r

System

:

-

yM
:

Model of the
system

Fig. 6.16 Diagram of residual generation.

6.5.2. The laboratory plant
In order to illustrate the proposed method a laboratory plant was used to test this
approach.
To illustrate the proposed method, consider the laboratory plant depicted in Fig. 6.17.
Three tanks are connected by pipes which can be controlled by several valves. The main
aim of the two tanks (TANK 2 and TANK 3) is to provide a continuous water flow
―QN‖ to a consumer. The water level in TANK 2 has, therefore, to be maintained at a
constant level. TANK 3 is filled by PUMP 2 up to a nominal water level. Water flowing
between the tanks can be controlled by on/off valves V9 and V10. Valves V9 and V10
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are used to control the water level in TANK 2. Valve VR2, which can be used to
simulate a leakage in TANK 3, is normally closed. Valve VR1, which can be used to
simulate an obstruction between TANK 2 and the consumer, is normally open.
The measurements available from the process are the continuous water levels (level in
TANK 2 ―h2‖ measured by SENSOR 2 and level in TANK 3 ―h3‖ measured by
SENSOR 3) and control signal ―P‖ of PUMP 2. The level in TANK 3 is controlled by
means of a PID regulator by pumping water from the reservoir (TANK 1).

Fig. 6.17 The laboratory plant.

The process variables available are used to simulate system behaviour and the following
models can be used for fault diagnostic purposes:
level in TANK 3,
hˆ3

f ( SPh 3 )

where, SPh3 is the level set point of h3.
level in TANK 2,
hˆ2

f ( SPh 2 )

where SPh2 is the level set point of h2.
control signal of pump 2,

P

f ( SPh3 , hˆ3 )
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Based on simulated model outputs, the residuals are calculated as a difference (by using
online DTW) between the process variable and corresponding simulated variables. So
the following residuals are generated as:

r1

DTWONLINE ( h3 , h 3 )

r2

DTW ONLINE ( h2 , h 2 )

r3

)
DTWONLINE ( P , P

The laboratory plant has been modelled with Bond Graph and simulated with MatlabSimulink.
Six different fault scenarios can be considered (Table 6.9). Situations when more than
one of these faults happen simultaneously are not considered. Next, the advantages and
disadvantages of the proposed method are summarised.

Table 6.9. Faults and their corresponding description.

Fault Description
F1
F2

Leakage in tank 3, by opening VR2
Blockage of valve V10 in closed position.

F3

Blockage of valve V10 in open position.

F4

Pump 2 blockages 20% of its capacity.

F5

Pump 2 blockages 80% of its capacity.

F6

Obstruction between TANK 2 and the consumer, by closing VR1.

6.5.3. The residual generation and evaluation approach
This example uses a method based on thresholds and fault signatures for residual
evaluation. A residual will be coherent with the model of the system if it is zero or less
than the chosen thresholds. The coherence of each residual is tested using a direct
comparison between its value and thresholds [ε,-ε]. This test is applied to the set of
residuals ri leading to a vector S = [s1, s2, s3,…, sn]. Each component si of S is obtained
using the following rule:
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si

1

if

0

if
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ri
ri

1 if

[6.8]

ri

The aim of the isolation step is to provide a list of elements which are failing. The
decision procedure works as follows: the residual is computed first and then checked to
see if it is not different from zero. If the residual is stochastic then thresholds have to be
determined inside which the residual occurs. The recognition procedure compares the
vector S with all the signatures and determines the corresponding fault.
First, the three available measurements are studied under normal situation for a
threshold definition. In this example, the threshold ε is defined as 3ζ, where ζ is the
standard deviation observed under the faultless mode. Other settings are the sliding
window W=40 and the warping window size r=10.
Fig. 6.18 to Fig. 6.20 show system measures and simulated variables under normal
conditions. Dotted lines show simulation of the system; the misalignment between both
signals can be seen. The measures have been normalised between 0 and 1. The residuals
computed by using Euclidean distance and DTWONLINE are shown below the signals.
level3
0.5
Real
Sim

0.48
0.46
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0.42
0.4
0.38
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0
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(c)

Fig. 6.18 (a) Real and simulated level in tank 3, system in normal operation. (b) Residual r1
obtained using Euclidean distance. (c) Residual r1 using DTWONLINE.
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level2
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Fig. 6.19 (a) Real and simulated level in tank 2, system in normal operation. (b) Residual r2
obtained using Euclidean distance. (c) Residual r2 using DTWONLINE.
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Fig. 6.20 (a) Real and simulated control signal of pump, system in normal operation. (b) Residual r3
obtained using Euclidean distance. (c) Residual r3 using DTWONLINE.
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Then, through the application of DTWONLINE, a set of residuals is obtained and a simple
fault signature table can be easily built for fault isolation (Table 6.10). In this table a
―±1‖ denotes that the residual is sensitive to the fault. The sign of the distance value is
added according to the sign of the difference between the two signals. Thus, a
recognition procedure determines the corresponding fault according to the table. Note
that all the faults are perfectly isolable within the selected thresholds. Only the blockage
of V10 in the open position (F3) may not be detected by either method.

Table 6.10 Residual structure.

F0
F1
F2
F3
F4
F5
F6

s1
0
-1
+1
0
-1
+1
+1

s2
0
0
-1
0
0
0
+1

s3
0
+1
-1
0
-1
+1
-1

Finally, three faulty scenarios are analysed. Fig. 6.21 and Fig. 6.22 show the level in
tank 3 and the respective control signal for fault F4. This fault consists of a blockage in
pump 2 of 20% of its capacity. The residual r1 (Fig. 6.21c) computed by DTWONLINE
shows a higher robustness than the residual calculated by means of the difference (Fig.
6.21b). In fact, the results obtained showed fewer false alarms than when using DTW.
In addition, the normal residual r3 (Fig. 6.22b) manifests an unstable state when the
fault occurs. Note that the residual goes above and under the threshold several times
during the fault duration. This behaviour could be interpreted as a false alarm. As can be
observed, the main problem is originated by the misalignment between both signals and
this causes the difference to have oscillatory values.
Fig. 6.23 and Fig. 6.24 show the level in tank 3 and the control signal respectively for
fault F1. This fault consists of a leakage in tank 3. Note that the residuals computed by
DTWONLINE during the fault have the opposite sign as in Table 6.10 (S=[-1, 0,+1]).
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Fig. 6.21 (a) Real and simulated level of tank 3, faultless mode F4. (b) Residual r1 obtained using
Euclidean distance. (c) Residual r1 using DTWONLINE.
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Fig. 6.22 (a) Real and simulated control signal of pump, faultless mode F4. (b) Residual r3 obtained
using Euclidean distance. (c) Residual r3 using DTWONLINE.

Application example: Residual computation in a three tank system

143

level3
0.6
Real
Sim

0.55
0.5
0.45
0.4
0.35
0.3
0.25

0

100

200

300

400

500

600

700

(a)

0.15

0.015

0.1

0.01

0.05

0.005

0

0

-0.05

-0.005

-0.1

-0.01

-0.15

-0.015

-0.2

0

200

400
(b)

600

-0.02

800

0

200

400
(c)

600

800

Fig. 6.23 (a) Real and simulated level of tank 3, faultless mode F1. (b) Residual r1 obtained using
Euclidean distance. (c) Residual r1 using DTWONLINE.
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Fig. 6.24 (a) Real and simulated control signal of pump, faultless mode F1. (b) Residual r3 obtained
using Euclidean distance. (c) Residual r3 using DTWONLINE.
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Fig. 6.25 (a) Real and simulated level of tank 2, faultless mode F3. (b) Residual r2 obtained using
Euclidean distance. (c) Residual r2 using DTWONLINE.

The last case analysed corresponds to fault F1. Fig. 6.25 shows the level in tank 2 as a
representative signal. This fault could not be detected by any residual. However, the real
signal presents visible abnormal behaviour during the fault duration; note that a
frequency variation is notably in evidence. Thus, further work should consider some
variation of DTW as the Derivative Dynamic Time Warping (DDTW) as proposed in
Keogh and Pazzani, 2001 or episodes representing different slopes. Therefore, the
information about shape, as the first derivative, could be used to improve the
DTWONLINE algorithm.

6.6. Conclusions
In this chapter, two modifications of the DTW algorithm have been introduced. The first
one consists of operating, not in the original time series, but in its episode-based
representations. Since different patterns belonging to the same class can have different
time duration or magnitudes, a combination of DTW and qualitative representations
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tries to solve the problem of the variability in the Y-axis. So, the advantage of the
temporal alignment produced by DTW is added to the advantage of the representation in
episodes, which takes into account the behaviour of the signals. In addition, qualitative
representations solve the problem of the lengthy computing time when dynamic
programming is used.
The utility of the new algorithm is shown in several examples and the diagnosis of a
level control system where the correct identification of operating situations is obtained
through the comparison of the current pattern with well-known reference patterns.
The second modification proposes a slight variation of DTW in order to adapt it for
online application. In the way that the algorithm has been defined, this works only for a
priori unknown signals that evolve at the same time. Nevertheless, the same idea could
be applied if one of the sequences is a known reference sequence. Important factors to
be considered are the window size and the band global constraint. The first could
produce a filtering effect, for example: identical but shorter events can be missed if the
window size is much greater than event duration and the second will prevent large
deviations from the linear path.
As an example, the approach has been used in order to improve the residual
computation from a laboratory plant. Since this approach is especially suitable for those
errors related to time distortions, it will be useful for distributed systems with
communication delays and for hybrid systems with on/off sensors or actuators causing
misalignments between real and simulated signals.
Both algorithms allow the DTW algorithm to be speeded up, but there are still two
significant drawbacks. First, all the elements in the alignment must be matched,
contributing to the final distance. And second, the endpoint constraints require that the
warping path start and finish in diagonally opposite corner cells of the distance table.
The solution involves developing other algorithms in which these features will not
occur. Methods based on traces meet these specifications and will be the subject of the
next chapter.

Chapter 7.
A similarity index for qualitative
sequences

7.1. Introduction
In the previous chapter a variation of DTW which allows working with episodes was
presented. Although the results obtained in the application example are promising,
methods based on DTW have some drawbacks. First, DTW matches all the elements in
the sequences, even those that are not similar. Taking into consideration that a large
portion of the sequences may be just outliers, the similarity function must be robust
under noisy conditions and it should not match the incorrect parts. Secondly, DTW is a
method of global alignment, no matter how different the sequences may be. This is a
reasonable approach only for sequences that are related over their entire length.
The aim of this thesis is the interpretation of continuous signals involved in process
monitoring as sequences of qualitative representations. The objective is to perform
situation assessment by comparing current trends based on episodes with other well
known patterns, since it is possible to associate the latter with certain process states or
symptoms. Thus, a whole sequence can represent a particular class, while the length of
the current sequence extracted from the process is arbitrary and could represent more
than one class, or even none. Then, the classification by means of a similarity measure
is difficult when methods that return a global similarity are used.
This chapter is focused on defining and implementing a new normalised index (QSSI)
related to the degree of similarity between qualitative trend signals. In contrast to DTW,
the proposed algorithm only matches similar items thus allowing greater flexibility and
the alignment has been formulated in terms of similarity instead of distance between
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sequences. Moreover, the QSSI algorithm does not align both sequences over their full
length.
Following the presentation of the QSSI similarity principle, two application examples
will be presented. The first example shows a methodology for classification of voltage
sags according to their origin in the power system. The second example describes an
approach for online monitoring and situation assessment applied to a steam generator,
using online data from sensors providing both quantitative and qualitative information.

7.2. Qualitative Sequence Similarity Index (QSSI)
The methods for computing similarity in the domain of strings over finite alphabets are
the basis of the similarity index presented here. A way of representing time sequences is
by means of an alphabet, which is often characteristic of the application. This
conversion of time series into qualitative sequences implies a discretisation in both time
(resampling) and magnitude (alphabet). Thus, each pattern is represented by a string of
episodes identified by means of a pattern grammar. Then, the sequence comparison
problem is reduced to quantifying the degree of similarity or, equivalently, the distance
between qualitative sequences. To do this, however, the sequences to be compared must
first be aligned.
An algorithm for sequence alignment will, in general, attempt to identify regions of high
similarity by maximising a certain score that quantifies the similarity between the
sequences in an optimal (or suboptimal) alignment. Most of the alignment algorithms
are based on the technique of dynamic programming (Gusfield, 1997). These algorithms
search optimal solutions for a given scoring or cost function. Usually, the scoring
function is based on the definition of a set of operations, basically insertions, deletions
and substitutions, with a certain cost associated with each one. The algorithm searches
for the optimal alignment based on the application of these operations. Next, a criterion
is needed to judge whether the two sequences share a sufficient degree of similarity.
However, the majority of alignment algorithms lack the normalisation that would
appropriately rate the obtained score with respect to the length of the sequences or
would serve as a reference index for quantifying the significance of the comparison.
The proposed method, called Qualitative Sequence Similarity Index (QSSI), represents
a normalised measure of the maximum similarity score between two qualitative
sequences, S and Q. The analysis of similarity between two sequences has been defined
in terms of traces (Sankoff and Kruskal, 1983). A trace from S to Q consists of
connecting the sequences, usually with a set of links between the elements that exist in
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both, S and Q (Fig. 7.1). Each pair of elements connected to one of these links
constitutes a match according to the terminology used by this author. The following
subsections are devoted to explaining the algorithm in detail while an example is shown
in Appendix B.

Fig. 7.1 Three possible traces for the same sequence.

7.2.1. Description of the basic algorithm
This section will explain the operation of the basic algorithm when is applied to a series
of symbols. Later, the description will be expanded by the introduction of episodes. The
idea behind the approach is to build up an optimal temporal alignment between two
time-dependent qualitative sequences and then to calculate the similarity using the total
score of the aligned elements. The QSSI will be performed in three stages:
Obtaining matches (pairs of elements).
Retracing the optimal path.
Minimisation of the temporal misalignment, that is, the selection of the optimal
trace (with the highest score).
Calculate the normalised similarity index.

Obtaining matches
Given two symbol sequences Q and S, with lengths m and n respectively:

Q

q1 , q 2 ,..., q i ,..., q m

S

s1 , s 2 ,..., s j ,..., s n

[7.1]

The smallest unit of comparison is a pair of elements, one from each sequence. The
maximum match can be defined as the largest number of elements from one sequence
that can be matched to those of another sequence. If the sequences are composed of
temporal series the maximum match represents a temporal alignment, which is
determined by representing all the possible pair combinations that can be constructed
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from the two sequences in a two-dimensional array, or alignment matrix M (Fig. 7.2).
So, the alignment matrix is initialised first by scoring cells with similar pairs.

Sequence S
1

j

n

Sequence Q

1

i

m

Fig. 7.2 Arrangement of the sequences S and Q in the alignment matrix.

In the simplest method, the score of each pair combination is defined by using a
similarity (or scoring) matrix containing the distances (or similarities) between all the
existing elements. The sophistication of the comparison can be increased if each cell
value is defined as a function of the properties of the elements, such as time duration
and other qualitative values (see application examples).
The value of each cell in the alignment matrix is calculated by the following recurrence:

if ( i =m & j =n) :
(q m , s n )
if ( i <m & j =n)
(q i , s n )

( i 1, n )

( i 1, n ) 1

if

(q i , s n )

0

if

(q i , s n )

0

if ( i =m & j <n):
(i , j )

(q m , s j )

( m , j 1)

( m , j 1) 1

if

(q m , s j )

0

if

(q m , s j )

0

otherwise :
(q i , s j )
(q i , s j )
max

( i 1, j 1)

( i , j 1) 1

if M d ( i , j 1)

3

( i 1, j ) 1

if M d ( i 1, j )

2

[7.2]
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In the equation, δ(qi, sj) is the score given for matching the ith symbol in string Q with
the jth symbol in string S. The matrix is filled in starting at the end of the sequences at
position (m,n). Thus, the three first lines represent the initialisation of the matrix,
starting with the last column (1 i m and j=n) and the last row (i=m and 1 j n).
In parallel to the alignment matrix, a direction matrix Md, containing directions of
propagation, is constructed (see the example in Appendix B). This is equivalent to
recording for each node (i,j) from which direction v the calculation of the optimal
alignment score has been propagated from (Fig. 7.3). For practical realisations of the
algorithm, saving directions is usually the preferred method since it requires no
additional computations which reduce both the necessary execution time and overall
complexity of the algorithm.

Fig. 7.3 The encoded variable v specifies the direction of propagation.

Furthermore, the maximum values obtained from eq. [7.2] must meet the permitted
directions in order to not violate the ―N‖-shape configuration (see Fig. 7.4). This
constraint only affects the last two lines in the recurrence formula since they can
produce an ―N‖-shape. Thus, cell (i,j+1) can only be added if it comes from direction
v=1 or v=2. Similarly, cell (i+1,j) can only be added if it comes from direction v=1 or
v=3.

Retracing the optimal path
The optimal temporal alignment is represented by a pathway W of length K through the
alignment matrix,

W

w1, w 2 ,

, wk,

,wK

[7.3]
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where wk =(ik,jk), and ik and jk denote the time index of each element in Q and S
respectively.
To find pathway W, the alignment matrix is first filled in according to eq. [7.2]. Then,
the optimal matched alignments forming the path W are available by a backtrace
through the alignment matrix. The path starts from the cell w1 =(i1,j1) with the highest
score and, guided by the recorded directions of propagation, it is completed until
reaching the final element (ik,jk) with the lowest score. The path W will consist of those
pairs with similarity between their elements.
If there are two or more possible pathways, the algorithm chooses the one which
maintains the bigger proportion of matches for the maximum number of episodes of
each sequence. The path obtained complies with the following properties:

The pathway is monotonic. That is, ik+1 ik and jk+1 jk. An immediate
consequence is that the lines from each pair of elements cannot cross other links.
In this way any relationship representing permutations is avoided, since this
destroys the physical significance of a sequence.
An ―N‖-shaped configuration is not allowed. If a term has multiple lines, the
terms at the other ends of these lines cannot have multiple connections (Fig.
7.4). This is also a common constraint in speech recognition (Sankoff and
Kruskal, 1983).
Multiple connections are allowed. An element can have more than one match
(Fig. 7.5).
The scoring process allows stepping in one element in the same row or column.
This is to minimise the introduction of noise episodes between two identical
episodes.

Fig. 7.4 The “N”-shaped constraint and its equivalence in the alignment matrix.
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Fig. 7.5 Example of multiple connections.

Fig. 7.6 The diagonals are numbered according to the difference j-i between the coordinates of the
cells on the diagonal.

Minimisation of the temporal misalignment
The next step is to choose the optimal temporal alignment based on an accurate analysis
of diagonals. A diagonal dg in the alignment matrix is defined as the cells with a
position (i,j) where j-i=dg (Fig. 7.6). All the matches over a diagonal dg, are perfectly
aligned in time, whereas matches out of the diagonal indicate the presence of a time
misalignment. The goal in this step is to identify the diagonal which minimises the
temporal misalignment between sequences Q and S.
Once the path W is obtained, the optimal diagonal dgopt is selected by calculating the
distance of every match to the diagonal. The diagonal that has the minimum
accumulated distance, f(dg), is the optimal one. Only the set of diagonals Dg containing
matches are considered when computing the accumulated distance:
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dg opt

arg min f ( dg )

Dg

dg

( m 1), n 1

|

dg

jk

ik

[7.4]

dg Dg

with
K

f ( dg )
k 1

jk

ik

dg

[7.5]

A temporal alignment according to diagonals represents the shift in the sequences in
either direction to synchronise the matched elements in time. This movement allows a
sequence to overlap or enclose the other one, that is, for two sequences Q and S, with
longitude m and n respectively, and n>m, the possible n+m-1 traces can be aligned as
shown in Fig. 7.7.

Fig. 7.7 Possible temporal alignments of two sequences.

Calculating the similarity index
Once the sequences are aligned in time, the algorithm calculates a normalised value
representing similarity. The index of similarity for QSSI is defined as:

QSSI (Q , S )

1
FN

K

·
k 1

Sim ik ,jk ·

p ( ik , j k )
p0

[7.6]

where Sim(ik,jk) is the local similarity associated to the match k. The function p(ik,jk) is a
penalty factor motivated by the temporal misalignment and p0 is the maximum value of
this function when two characters are perfectly aligned. Finally, FN is a normalisation
factor, so the final value QSSI(Q,S) is normalised between 0 (completely dissimilar) and
1 (equal). The next subsection addresses the issue of normalisation factor FN.
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The simplest local similarity, Sim() function, assigns a value of 1 for identical characters
and 0 if they are different. In this case, since the path W contains only matches, all
values for Sim(ik,jk) are 1. Then,

QSSI (Q , S )

1
FN · p 0

K

·
k 1

p ( ik , j k )

[7.7]

The function p(ik,jk) can be designed to deal with the different durations of qualitative
symbols according to current requirements. For example, it can assign a lower weight to
further matching, which is measured from the optimal diagonal. The extreme case will
happen when the time influence is not considered by defining p(ik,jk) = p0.
The complete flow diagram of the QSSI algorithm is summarised in Fig. 7.8.

Fig. 7.8 Structure of the QSSI algorithm.
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7.2.2. Extending the algorithm to use episodes
So far, the operation of the algorithm has been presented. However, a qualitative
representation describing the behaviour of process signals is needed. This representation
is performed by episodes.
Formally, given two time series (process measurements) x = [x1,x2,…,xm] and y =
[y1,y2,…,yn], they are converted to sequences of episodes = 1,…, i,…, M and =
1,…,
j,…,
N where M<<m and N<<n. The indices i and j represent the relative
position of each episode in the sequence (1 i M, 1 j N). According to section 3.2.4, an
episode is defined as the set:

i

QS i , d i , auxiliary characteristics

[7.8]

The main problem when dealing with episodes is their duration (di). For example, a
pressure signal increases for 1 minute, then becomes steady for 5 minutes and finally
increases again for 10 minutes. Are these rising episodes similar or different according
to their duration? The answer is not simple and most times it is application dependent.
An important cause of temporal misalignment is the different length of episodes.
Consequently the similarity between sequences could be altered. In practical
application, the duration of episodes acts as a weight in order to align sequences by
shifting the diagonal. In QSSI a pre-processing of durations will allow the sequences to
be compared without considering duration or dealing with time strictly. Thus, the
effective length di‘ shall be determined by applying equation [7.9], where di is the
current length of episode i and κ a length reduction coefficient between 0 and 1.

di '

(d i )κ

[7.9]

If κ=0, then the effective length is 1 for each episode. This value is used if the user does
not give importance to time. The opposite value, κ=1, means that current lengths are
very important and so the duration of episodes remains unchanged. Between these
values time is compressed exponentially, reducing more significantly longer episodes in
relation to the shorter ones. Therefore, equation [7.9] allows the importance of time to
be adjusted to each application.
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Another factor to keep in mind is that some matched elements have more weight than
others because of their duration. This must be reflected in the construction of the
alignment matrix. Thus, the initial equation [7.2] has been slightly modified as shown in
eq. [7.10].

if ( i = M & j = N ) :
d

(  M , N )

if ( i < M & j = N )
d

(  i , N )

( i 1, N )

( i 1, N )

g

if

d

(  i , N )

0

if

d

(  i , N )

0

if ( i = M & j < N ):
d

(i , j )

( M ,  j )

( M , j 1)

( M , j 1)

g

if

d

( M ,  j )

0

if

d

( M ,  j )

0

otherwise:
d

( i ,  j )
d

( i ,  j )

max

Where the new score δd( i,

j)

( i 1, j 1)

( i , j 1)

g

if M d ( i , j 1)

3

( i 1, j )

g

if M d ( i 1, j )

2

[7.10]

used in eq. [7.10] is calculated as:

d

( i ,  j )

(  i ,  j )· g

[7.11]

and
g

min( d i ', d j ' )

[7.12]

The real value g also penalises vertical and horizontal movements, while the score δ( i,
th
with the jth episode in sequence
j) given for matching the i episode in sequence
can be based on the qualitative state and auxiliary characteristics that define the
different types of episodes.
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7.2.3. Normalisation and returned values
Normally, a criterion is needed to judge whether the two sequences share a sufficient
degree of similarity. Most alignment algorithms lack some type of normalisation that
would appropriately rate the score obtained in respect to the longitudes of the sequences
or a reference for quantifying significance.
The QSSI algorithm uses several normalisation policies by varying the normalisation
factor according to the importance given to the final alignment. In any case, the
similarity index returned by QSSI will be a normalised value between 0 and 1. The
variations are described below.

Global alignment
This is the generalised case; the normalisation factor is defined as:
max m , n , K

FN

[7.13]

where
K

K
k 1

max d i ,d j

k

[7.14]

The parameters m,n are the lengths of the time series x and y, or likewise, the sum of the
durations of the episodes in and . The pair [di, dj]k are the maximum length of the
episodes i and j associated to the match k. Therefore is the total number of links
between the two sequences.
This is an appropriate normalisation when the two sequences have identical importance
and the similarity index is obtained based on the entire lengths.

Reduced alignment
This case is motivated by the fact that in some alignments there are no matched
elements at the beginning or the end of the aligned sequences. So these elements are not
considered for normalisation of similarity.

FN

max m ', n ', K

[7.15]

Where m’ and n’ are the lengths of subsequences aligned, or similarly, the sum of
durations of the episodes in those subsequences of
and
that were aligned. For
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example, in Fig. 7.9 the subsequences are ’ = s,f,s,g and ’ = s,f,g . In these
subsequences the length of each episode is 1 and then m‘=4 and n‘=3. On the other
hand, if durations are different from 1, for example ’ = s2,f5,s1,g10 and ’
= s3,f3,g1 , then m‘=18 and n‘=7.

Overlapped alignment
Occasionally the high requirements of the application need to consider the full temporal
extension that occurs when the sequences are aligned. This mode penalises overlapping
sequences as shown in Fig. 7.9.
FN

max longT , K

[7.16]

The parameter longT is the sum of the 2 lengths (again in terms of duration of episodes)
once the sequences were aligned. In the example in Fig. 7.9 it has a value of 8. Note
that, if the sequences are not overlapped, FN is identical to the value obtained for the
global alignment.

Fig. 7.9 Two overlapped sequences. The duration of each episode is 1.

Other returned values
It is possible that two sequences share significant similarity only in partial sequences,
whereas the remaining regions are mainly unrelated. Then, regardless of the
normalisation factor, the algorithm returns the ratio of the aligned subsequence with
respect to the total length in terms of percent for each sequence. For this purpose a
subsequence is considered the longest fragment of sequence with their terminal
elements matched.
In the example in Fig. 7.9 the sequences were aligned in 66.66% and 60% of their
length. This is important and complementary information if, for example, reduced
alignment normalisation is used.

Next two sections present two complete examples of application of the QSSI algorithm.
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7.3. Application example: classification of voltage
sags
In this application the visual interpretation of original signals is simple for human
experts. Thus, an operator could categorize the time series into a finite number of
classes and perform the classification task intuitively. In these cases, the representation
of process signals as sequences of qualitative episodes facilitates their integration with
expert knowledge bases (KB) and hence, it is possible to automate the classification by
comparing the new patterns with others registered in the KB.
This section presents the application of the above mentioned QSSI algorithm on the
classification of voltage sags (transient reduction of voltage magnitude) gathered at
25kV distribution substations (Gamero et al., 2011). The objective is to assist
monitoring systems in locating the origin of such disturbances in the transmission (HV)
or distribution (MV) system.

7.3.1. Motivation and problem overview
The current dependence of industry, commerce, and services on electricity has led to the
regulation of power quality. The most common disturbances affecting power quality are
voltage sags. Sags are defined as the time interval between the instant when the root
mean square (RMS) voltage decreases down to 90% of its nominal value and the instant
when it returns to its normal level (a three-phase unbalanced voltage sag is shown in
Fig. 7.10). The origin of these alterations may be faults (shortcircuits) or the operation
of heavy loads (motors, transformer energization, etc.), and the duration depends
directly on the reaction time of the power system, including firing protective system in
presence of faults. These disturbances propagate through the power system according to
electrical laws Bollen, 2000; consequently once a disturbance is detected and registered
in a monitoring point (typically in the secondary of distribution transformers) it is
necessary to deduce its origin (up or downstream) (Fig. 7.11) for two main reasons: a
rapid maintenance intervention (when required) and to assign responsibilities for
damages suffered by customers (if any).
With this aim, QSSI has been applied as a similarity measure to discriminate between
voltage sags originated upstream (in the transmission network, HV) and downstream (in
the distribution system, MV). Moreover, determining whether a sag has occurred in the
distribution or transmission networks precedes the localization and mitigation stages
Hamzah et al., 2004.
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Fig. 7.10 a) Example of a three-phase unbalanced voltage sag. b) RMS voltage.

Fig. 7.11. Situation of Power Quality Monitors in the secondary wiring of transformers in
distribution substations.

7.3.2. Qualitative representation of sags
Power quality monitors (Fig. 7.11), installed in the secondary winding of nine 132/25kV
transformers in power distribution substations have been used in this application
example. These instruments have been configured to detect variations of voltage
measured in delta configuration (phase to phase) and they register voltage and currents
as time series during 39 of periods (1 period = 20 msec.), starting two periods before the
disturbance is detected (128 samples per period).
Information contained in each sample is individually irrelevant; the significant
information is given by the existence of specific primitives and their duration. So,
previous to the classification, the voltage and current waveforms are transformed into a
sequence of episodes, described by a set of ordered qualitative symbols and their
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duration. The pre-processing and discretisation stages to obtain them are described
below.

Sag pre-processing
Since voltage sags are characterized by the RMS waveform of voltages, simple preprocessing has to be applied to the instantaneous waveforms to obtain the RMS values.
These values were obtained using a 1 cycle (20msec, 128 samples) sliding window and
applying the Short Fourier Transform (SFT) to estimate the magnitude of the
fundamental frequency (50Hz). This simple pre-processing is commonly used to
identify basic characteristics of sags such as magnitude and duration Bollen, 2000. In
this work the pre-processing has been applied before obtaining the qualitative
description of waveforms in episodes as described in the next subsection. Using
instantaneous values of waveforms, instead of RMS, to describe sags is only applicable
when interest relies on phase shift, harmonic distortion or other transient characteristics
Djokic et al., 2005.

Discretisation of raw data and qualitative representation
RMS series, describing voltage sags have been converted into sequences of episodes
using the magnitude of waveforms and their first derivative. These parameters allow the
signals to be represented in the same way a human expert would do it. The premise is
that this human-based representation is sufficient to distinguish the different classes.
Moreover, instead of considering the three phases in the conversion procedure, only the
phase falling lowest during the sag was used. This is possible because the interest does
not reside on the analysis of faulted phases but in the location up/downstream of the
fault independently of which phase was affected. The results corroborate that this
simplification is a valid way to obtain a useful representation for classification purposes.
Then, the qualitative conversion procedure is performed following four basic steps:

Piecewise Aggregate Approximation (PAA) is used to reduce the length of RMS
waveforms without losing information. PAA Keogh et al., 2001b is a
dimensionality reduction technique that approximates a time series by dividing it
into M equal-length segments and using the average value of the samples in each
segment as the data reduced representation. M must be selected to preserve the
shape of the original time series. In this application, since the original
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waveforms contain 128 samples per cycle, a good choice for the segment length
is 64 samples. Disturbances lasting less than half a cycle (64 samples) are not
considered sags. Thus, dividing the original 4992 samples by 64 results in a
sequence of length M=78, where each sample represents the equivalent of a half
cycle while the original shape and the minimal information required are
preserved.
Low Pass Filtering: A 3-sample-length mean filter has been applied to the RMS
waveform. The purpose of this filter is to smooth the dynamics of the signal to
avoid spurious transitions between qualitative states. A similar effect would be
obtained by defining a dead-band in the transitions between qualitative states.
Computing the first derivative. The derivative of the filtered sequence is
calculated to identify transitions between qualitative states.
Qualitative representation. Finally, a qualitative representation is obtained from
the evaluation of the magnitude and the derivative. A qualitative state is
assigned to every sample according to the qualitative value of the derivative.
According to the previous definition of episode, the consecutive samples with
the same qualitative state constitute an episode and their length is defined by the
number of them. The type of the episode, useful for classification purposes, is
then obtained by adding the qualitative value of the magnitude. This gives
information about the depth of the sag. In this way, episodes represent a constant
behaviour (derivative) between two time instants preserving the magnitude at
these instants.

In the application five categories (Steady State, Fall, Rapid Fall, Rise and Rapid Rise)
have been defined for the derivative and six for the magnitude, resulting in an alphabet
of 30 possible types of episodes (Table 7.1). The most obvious method to assign
symbols to single values is range partitioning (Daw et al., 2003), e.g., by histograms.
The six levels of magnitude have been defined according to the analysis of distribution
of the depth of the sags. The histogram in Fig. 7.12 shows this distribution. Most of
them (61%) have a minimum magnitude between 24kV and 18kV with a majority
arriving between 20 kV and 22kV. Thus, the cut points have been defined for each 2kV
around this majority class. Below 18kV a reduced number of sags is given, resulting in
a more disperse distribution. This band has been split into two categories with the
threshold at 12kV to have a similar representativity of the resulting categories. This
categorization results in a minimum of 10% of available sags in each category.
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Table 7.1 Types of episodes as ASCII symbols (ASCII code).

1.Rapid Fall 2.Fall 3.Steady State 4.Rise 5.Rapid Rise
6:Level High (≥24KV)
5: ↓↓↓↓ (≥22KV)
4: ↓↓↓ (≥20KV)
3: ↓↓ (≥18KV)
2: ↓ (≥12KV)
1: Level Low (<12KV)
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Fig. 7.12 Frequency chart of minimum voltage for sags

The application of this procedure results in a qualitative description of the waveforms of
sags. This information can be represented by a string using the ASCII characters in
Table 7.1 followed by the duration expressed as the number of consecutive samples
with the same qualitative state.
The whole procedure can be observed in Fig. 7.13: (a) the three voltage phases are
evaluated to select the deepest one; (b) the waveform is pre-filtered using PAA
representation with ½ period (64 samples) length segments; (c) the first-derivative is
calculated from the PAA waveform; and (d) the two waveforms (magnitude and
derivative) are qualified (in the figure integer indexes are used for simplicity) before
being converted into a discrete string. The evaluation of the first derivative is used to
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determine the duration of the episodes, since that establishes an interval with the same
behaviour. The qualified magnitude at the end of the episode is preserved in the
definition of each episode as an auxiliary characteristic. Notice that the level at the
beginning of the first episode is always the same, around 25kV. Thus, the resulting
string for the previous example is ―v3a3b4d1e2d1m33x5w25‖. According to Table 7.1,
it is read as follows: during 3 samples (segments) the waveform falls and finishes at the
highest level, during 3 more samples the signal presents a rapid fall and finishes at level
4, then it falls, slightly, during the following 4 samples remaining at the same level 4,
and so on. This string containing the distinguished qualitative features will be used to
compare this sag against others.
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Fig. 7.13 Basic procedure to obtain the qualitative representation of waveforms. (a) Selection of the
phase with greater depth. (b) The waveform is pre-filtered using the PAA representation. (c) The
first-derivative is calculated from the PAA waveform. (d) The two waveforms are qualified
according to breakpoints.
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7.3.3. Classification of voltage sags
The whole set of data collected from nine substations was divided into two subsets. The
first subset consists of a selection of representative registers to be used as a reference
dictionary, and both subsets were used to test the performance of the QSSI algorithm. In
the example, due to confidential restrictions on the use of real data, the names of the
substations have been omitted and substituted with capital letters from A to I. The
proposed method includes three main parts: first, preparation of the data as explained in
the previous section. Next, each test case T is compared with the representative data set
in the dictionary constructed previously. Finally, the test case is classified following a
simple adaptive k-NN (k nearest neighbours) approach. These two last steps are
described below.

Building the dictionary
In the first stage, a subset of four representative substations (labelled as A, E, F and I)
were studied in order to build a dictionary of representative waveforms of sags. A total
of 253 voltage sags classified as upstream/HV (transmission, 128 sags), or
downstream/MV (distribution, 125 sags) according to the location of their origin in the
power network was available from these substations. After transforming these
waveforms into qualitative sequences a total of 94 representative patterns (40 labelled
as HV and 54 labelled as HV) were retained to build the reference dictionary. Only the
sags different enough from the others have been retained in the dictionary. Thus, a sag
with a similarity greater than 2/3 with respect to another already in the dictionary is
discarded. The dictionary size reveals that even though all substations are connected to
a similar HV network, their behaviour is not completely equal.

Test
The waveforms registered in the second subset of substations (B, C, D, G and H) were
added to the first one, obtaining 528 voltage sags for testing. QSSI has been used to
determine the similarity between these sags and those ones in the reference dictionary.
The goal is to determine the class of new sags based on the similarity. The complete set
of sags has been classified using a simple k-NN approach as it is explained in the next
subsection.
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Classification method
Given a test case T, an adaptive k-nearest neighbour search algorithm Ougiaroglou et
al., 2007 returns the set of k most similar cases, C1,…,Ck. In this particular example a
minimum of k=3 nearest neighbours must be used to infer a class for the case T, and we
have fixed k=5 as the maximum. Thus, the number of nearest neighbour will vary
between 3≤k≤5. Similarity is used to order the cases as they are retrieved allowing an
early-break heuristic to interrupt the retrieval task once enough cases (a minimum of 3)
of the same class have been retrieved. Here, two classes conforms the solution space
based on the origin of the sag: upstream (HV) or downstream (MV). So the class
corresponding to T could be determined according to the majority following a voting
strategy.

7.3.4. Results
Table 7.2 shows classification results according to the majority rule for the whole set of
substations. The last two columns indicate the assigned class, labelled as HV or MV.
For example in the substation A there are 48 sags originated in HV and the approach
classifies 47 as HV and 1 sag as MV. For those substations used to build the dictionary,
an accurate classification would be expected; however, there are some
misclassifications. An exhaustive analysis reveals that the main cause of
misclassifications is because the majority rule is independent of the similarity degree of
the retrieved cases (Table 7.3). This suggests the need to improve the classification
approach in the final application to take into account the closeness degree of similarity
between the test and the retrieved cases (see example in Appendix C).
On the other hand, a rare example is found in Substation I. Table 7.4 shows the
retrieved cases for this sag. Although a complete similitude was found to MV the
majority belongs to HV, including a case with a similitude very close to 1. Fig. 7.14
shows the waveform of this sag and the waveform of the most similar one in HV. A
revision of the information associated with these registers revealed that both
corresponds to the same class and that the misclassification was due to a labelling
mistake in the utility.
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Table 7.2. Classification results.

Majority
rule

Substation A

Substation B

Substation C

Substation D

Substation E

Substation F

Substation G

Substation H

Substation I

# sags

HV

MV

sags HV

48

47

1

sags MV

45

1

44

sags HV

20

20

sags MV

16

2

sags HV

58

58

sags MV

24

3

sags HV

35

35

sags MV

27

2

sags HV

33

33

sags MV

23

sags HV

24

sags MV

25

sags HV

17

sags MV

7

sags HV

38

38

sags MV

33

6

sags HV

23

23

sags MV

32

5

14

21

25

23
24
25
17
7

27

27

Table 7.3. Retrieved cases for the sag originated in HV and classified as MV in substation A.

Class
Similarity

HV
0.907

MV
0.554

HV
0.474

MV
0.457

MV
0.455

Table 7.4. Retrieved cases for a sag wrongly misclassified in substation I.

Class
Similarity

HV
0.944

HV
0.666

HV
0.659

MV
1

Application example: situation assessment of a steam generator process

(a)

169

(b)

Fig. 7.14 Two waveforms with a similar QSSI. (a) Classified as HV and (b) originally bad classified as
MV in the dictionary.

The main advantage of using the proposed methodology to locate the origin of sags is
that it allows sags gathered in different substations to be compared and similarities to be
found, despite the existence of quantitative differences in the waveforms associated
with the electrical characteristics (loads, network topology, transformers, etc.) of each
substation.
The next example will extend the algorithm to deal with complex sequences defined by
multiple attributes instead of just a string with time.

7.4. Application example: situation assessment of a
steam generator process
The aim of this example is to perform situation assessment in a steam generator. This
means supplying relevant information about the state of the process to the process
operator or to the expert. These states can either be normal, which corresponds to an
operational state of the process, or abnormal, i.e., a failure.
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7.4.1. A situation assessment approach based on QTA
The initial operation consists of representing the measured signals as sequences of
episodes (qualitative and auxiliary quantitative data). This qualitative representation can
be obtained offline (from a recorded signal), or online.
The trends identified are used for the purpose of matching against a knowledge base for
the classification of known states. The functional states of the process can be identified
using the process-history data (or by simulation). The experience of an expert or a
collection of registered events is required in order to characterise the known behaviour
of the system. Thus, a dictionary of events composed by qualitative sequences and
descriptions of faults and normal states is defined. Afterwards, situations recognition is
then based on the comparison between the trends from the dictionary and the observed
online qualitative trends.
In this approach, the fault detection algorithm is an optional issue. If it does not exist,
only existing events in the dictionary will be detected. Then two strategies could be
followed: the first is based on the addition of all abnormal situations to the dictionary.
The second is to add all the normal operations. So any deviation from expected
behaviour leads to symptom detection. This detection procedure, based on such a
discrepancy principle, allows abnormal situations due to real failures in the process
sensors and/or actuators to be taken into account as well as unexpected situations which
correspond to a normal operating of the process not considered in the elaboration of the
dictionary. So, the classification stage would involve fault detection.
If the approach is ready for fault detection, new sequences are captured and reported as
unknown events whenever a new fault occurs. Then, it is possible to build and/or extend
the dictionary in online mode. The possibility of extending the dictionary at any time is
an important characteristic. From the initial analysis a "reference model" of the process
behaviour can be obtained and stored in the dictionary. This model obviously does not
include modelling errors; nevertheless, it is not exhaustive as the historical data cannot
cover the entire ―life‖ of the process. This lack of completeness implies that an
abnormal situation can either characterise a failure situation or an unexpected normal
situation. In some cases, this pattern can include situations that correspond to critical
states of the process in terms of equipment or operator safety. Thus, whenever a new
unknown event is available, an expert can interpret the meaning of the event and add it
to the dictionary.
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Finally, new situations can be easily introduced manually. This is due to the use of
qualitative representations that resemble human perception. This QTA framework
follows the general scheme of Fig. 7.15.

Real
Process
QTA

Behaviour
pattern update

Dictionary
of events
Online trends + hist. data

Expert
No

Yes
Classification?

Yes

No
Detection?

New event

END
Situation
assessment
Fig. 7.15 A generalised scheme for situation assessment.

7.4.2. Episode-based representations
The proposed approach uses qualitative episodes as a representation of signals. Thus,
the fault dictionary can be easily interpreted, constructed or expanded by an expert
operator.
Two methods were used to obtain episodes. The aim is to test the accuracy of the QSSI
algorithm by employing different qualitative representations, including quantitative
data, but describing the same dynamics. The next two sections summarise these
methods.
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Qualtras
The first episode-based representation is applied by means of the tool Qualtras. The
episodes can be obtained offline (from a recorded signal), or online, supplying the last
finished episodes and the current episode at each sample time. When the episodes are
extracted online, Qualtras introduces a delay of 4 samples in communicating a finished
episode. This is because the tool checks if the episode is really finished.
The first derivative and its signal have been chosen as used features in order to obtain
the episode representation. This simple representation, however, offers enough
information to characterise the signals of the analysed process. So, the series of episodes
obtained can now be used to describe patterns that identify particular classes of
operating situations.
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Fig. 7.16 Two signals and their qualitative representation. Vertical dotted lines indicate a change of
episode.

The example in Fig. 7.16 shows two signals and their episodes obtained by Qualtras.
For a visual representation, the user can select the icon from an extensive library (Fig.
4.4) so that it represents the most intuitive qualitative behaviour. In order to handle the
qualitative sequence with other algorithms the episodes are described as different
letters. In the example the resulting string for L1 is ―g232f29g39‖, this is read as
follows: during 232 samples the signal L1 is steady, then it falls during 29 samples and
finally it returns to steady again. In L8 the episodes s and v represent a rapid fall and an
abrupt rise respectively.
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An auto-tuning online trend extraction method
The second qualitative representation used in this approach has been obtained by means
of the online auto-tuning trend extraction method presented in Charbonnier and
Damour, 2008. The methodology splits the data into successive line segments and the
signal variability is estimated. In this method an episode is increasing or decreasing if
its amplitude is significantly greater than the level of noise, from a statistical point of
view. Thus, the tuning parameters are modified at each segmentation time according to
the signal variability. Finally, a parameter expresses the delay the algorithm takes to
establish the segmentation time, but the same value can be given to any variable
recorded on the process.
Since only 3 primitives are available (increasing, decreasing, steady), the output of the
algorithm will be episodes containing the slope and the final value of the primitive
during a time interval. Fig. 7.17 shows a noisy pressure signal and the generated linear
representation. The dotted lines are the primitives obtained in step 1, while the solid
lines are the definitive episodes. Just as the above representation, to handle the
qualitative sequence by other algorithms, the episodes are described as different letters.
For example, the first 4 episodes are:

[g15,0,8.25][f110,-0.0037,7.84][t43,0.0078,8.18][g6,0,8.18]

with the same temporal significance as the sequences in section 3.1 and including the
slope and final value. Episodes f, t and g represent decreasing, increasing and steady. In
addition, two special episodes have been included, a and v, which represents a rapid fall
and a rapid rise respectively, with a duration of one sample.
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Fig. 7.17 A signal and its qualitative representation obtained by means of the auto-tuning online
trend extraction method.

7.4.3. The steam generator process
The classification ability and performance of the proposed approach has been tested
using data from a pilot plant. The process, a steam generator (Fig. 7.18), is designed to
be a scale-model of part of a nonlinear power station which reproduces the same
thermodynamic phenomena as the real industrial process.
The aim of this installation is to implement and test different methods and algorithms
using the design of the advanced Decision Support System (Medjaher et al., 2006;
Kempowsky et al., 2006) which can be used, for example, in the supervision of
chemical and petrochemical process plants.
The main characteristic of the steam generator cycle and the faults which can occur in
each cycle substructure are outlined below.

System description
The installation is mainly constituted of four subsystems: a feed water supply system, a
boiler heated by a 60kW thermal resistor, a steam flow system and a complex condenser
coupled with a heat exchanger.
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Fig. 7.18 Steam generator.

The feed water supply system consists of a receiver and the pump P1. The tank stores
water and it feeds the boiler. The pump is controlled by an on-off controller to maintain
a constant water level L8 in the steam generator.
The boiler subsystem produces under-pressure steam. Regulation of the steam
generator process is carried out by controlling water level L8 and pressure P7 within the
boiler. To maintain a constant water level L8 in the boiler, an on-off controller acts on
the pump P1 feeding water flow F3. The water level must always be within a limited
range of the set-point ±4 litres.
The heat/power value Q4 depends on the available accumulator pressure P7. When the
accumulator pressure drops below a minimum value, the heat resistance delivers
maximum power, and when the accumulator reaches a maximum pressure the heat
resistance is cut off. As for the pump, good operation of the boiler is preserved by
considering a hysteresis of ± 0.2 bar around the set-point.
The steam flow system replaces the turbine of normal power installations. The
expansion of the generated steam is carried out by three valves in parallel connection.
The first one is a manual bypass valve which is normally closed. It allows a leak in the
system to be simulated. The second one is a controlled position valve, simulating the
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pass around of the steam flow to a condenser. The third valve is automatically
controlled to maintain the proper inlet pressure P15 to the condenser.
The condenser heat exchanger system consists of two different circuits: a short
circuit, if the outlet temperature is lower than a fixed value, and a long circuit, if the
outlet temperature is higher than a fixed value.

To achieve situation assessment, including faults and other unexpected states, the
signals shown in Table 7.5 are used. These sensors were chosen after studying the
process faults. For processes with a higher number of sensors, Maurya et al., 2010
outlines the steps of an algorithm for optimal selection of fault-specific sensors.

Table 7.5 Measurement space range value. The data sampling is one sample per second.

Signal
L1
F3
Q4
P7
L8
F10
P14
P15
P16
L18
Heat_Com
Pump_Com

Measurement variable
Level in the storage tank
Water flow from pump P1
Heat power
Boiler pressure
Boiler water level
Steam flow
Upstream pressure of valve V6
Downstream pressure of valve V6
Inlet pressure to the condenser
Condenser water level
―on-off‖ heater control
―on-off‖ pump control

Unit
L
L/h
Kw
bar abs
L
kg/h
bar abs
bar abs
bar abs
L

Scale
0-420
0-1600
0-60
0-16
143-156
0-100
0-16
0-16
0-16
0-14
0-60

Nominal value
350
950
55
8
150
Unsteady (about 30)
8
Unsteady (about 2.5)
Unsteady (about 2.5)
6
55
0 or 1

Overview of faults
Several kinds of faults can be introduced in the process. In this example, the 6 fault
classes described in Table 7.6 have been examined. Each fault class is described
through the most relevant measurements carried out in the process (Table 7.7) and
describes a specific situation to be diagnosed.
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Table 7.6 List description of detectable faults.

Fault reference
F1
F2
F3
F4
F5
F6

Description
Water leakage in the boiler
Water leakage in the tank
Water leakage inside the condenser
Boiler output blockage
Heater failure
Pump fault

Table 7.7 Relation of signals involved for each fault.

F1
F2
F3
F4
F5
F6

L1




F3

Q4




P7



L8



F10

P14






P16

L18





HeatC PumpC




Data sets
Two data sets were exploited to illustrate the operating capacity of the framework. The
first set, called MIX1, corresponds to the complete set of fault situations. Fig. 7.19
shows the evolution of these signals for scenario MIX1.
The second one, called BoilerPressureControllerFault (Fig. 7.20), corresponds to a new
fault that was not included in the initial fault list. Therefore, the approach should
recognise it as an unknown state.
The case of multiple process faults occurring simultaneously has not been considered.
Results are presented in the following sections.
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Fig. 7.19 Signals from the data set MIX1.
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Fig. 7.20 Signals from the data set BoilerPressureControllerFault.

7.4.4. The framework operation
In this illustrative example, the trends of observed variables for the 6 fault classes are
stored in a trend dictionary as an event. In this case the dictionary is created offline.
Each event is made up of the temporal qualitative sequence from sensors, the definition
of the fault, if it is beginning or ending and a flag indicating if the event was detected
when a regulated variable (P7 and L8) was out of control.
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The resulting dictionary is then used to perform the situation assessment. Thus, for each
sequence in the dictionary, the QSSI algorithm computes an alignment score that
represents the degree of similarity between the current trends and the dictionary
sequence. If the obtained similarity index QSSI becomes high enough then the fault
with the highest QSSI is declared as the diagnosed state.
The presented framework was run online when episodes were extracted with Qualtras.
Later, it was run offline using the auto-tuning formalism described in section 7.4.2. In
both cases the QSSI was calculated when a new episode finished or if a regulated
variable reached an abnormal value without changing the setpoint.
If the QSSI is evaluated when a regulated variable is out of control but no state could be
identified, a new state is deemed to have occurred and the system assists the operator in
introducing this new event into the dictionary or discarding it. The results are presented
in the following subsections.

7.4.5. Case study I: online operation
This case study uses the sequences of episodes obtained by Qualtras. According to the
available symbols used to represent episodes (Fig. 7.21), the local similarity chart
between episodes is defined (Fig. 7.22).
Similarities can be based on the qualitative state and auxiliary characteristics, or they
can be subject to the criterion of the user, so one could give more importance to some
episodes concerning the others. In Fig. 7.22, the first 9 episodes represent different
degrees of slope, ordered from decreasing to increasing, and the last 3 episodes are
―low‖, ―normal‖ and ―high‖. In this chart, if two episodes are exactly the same, the
value of similarity will be ―1‖ and when they are totally different, the value of similarity
will be ―0‖. Distances are based on the following criteria:
The special episodes ―low‖, ―normal‖ and ―high‖ (l, n, h) have no similarities to any
other. Typically these symbols represent episodes based on the signal value.
About the normal episodes (a, s, f, o, g, p, t, r, v):
o The first neighbour on the diagonal receives a similarity value of 0.5.
o The second neighbour on the diagonal receives a similarity value of 0.2 if
the episodes represent slopes with the same sign.
o All the other combinations have totally no similarities between them.

Application example: situation assessment of a steam generator process
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Fig. 7.21 List of available symbols and their meaning.

Fig. 7.22 The Similarity chart used for qualitative episodes. The values are normalised between 0
and 1.
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Next, the online operation is executed and the episodes are continuously extracted.
Classification by QSSI is performed whenever a new episode is available or if a
controlled variable is out of control. So, under normal conditions the evaluation
frequency depends on the episode duration. This feature is the main cause of delay in
diagnosis time. On the other hand, the occurrence of unusual primitives in some
sequences allows faster diagnosis.
The results of the situation assessment for scenario MIX1 are presented in Table 7.8.
One can see that the states are identified within a short time (column 2) after the
introduction of the fault (column 1). Column 3 shows the diagnosed fault and the
obtained QSSI value for the two variables involved for each fault at the instant of
detection. Column 4 shows the following diagnosed state and, as can be seen, at least
one of the variables does not have enough similarity and a wrong diagnosis is avoided.

Table 7.8 Results of QSSI based situation assessment for scenario MIX1.

Introduced fault

Diagnosis time

Top two diagnosed faults and QSSI value

(From tini to tend)

(From tini to tend)

Fault 1 (QSSI)

Fault 2 (QSSI)

F4 (41s – 90s)

46 – 93

F4 (0.521,0.668)

F5 (0.738,0.445)

F2 (172s – 212s)

177 – 227

F2 (0.543,0.796)

F1 (0.656,0.347)

F6 (257s – 268s)

263 – 274

F6 (0.542,0.89)

F5 (0.738,0.445)

F3 (429s – 458s)

433 – 467

F3 (0.91,0.71,0.67)

F5 (0.73,0.445)

F5 (606s – 634s)

609 – 643

F5 (0.738,0.589)

F1 (0.738,0.347)

F1 (647s – 684s)

657 – 688

F1 (0.738,0.695)

F4 (0.521,0.411)

As an example, Fig. 7.16 shows the sensor signals L1 and L8 involved for the faults F1
and F2. In this particular case, a boiler leakage (F1) is introduced from the sample time
180 until 225. When the fault begins, L8 shows a drop in the water level of the boiler
while L1 just operates as normal. After, the fault is restored and L1 will be decisive in
detecting the end of the fault when the boiler becomes full. Table 7.9 shows the
messages created by the approach when the fault F1 is detected and later when the plant
returns to normal operation. The variable PAlign indicates the percent of the current
signal pattern and the dictionary sequence that has been aligned respectively. This is an
important characteristic since the known events in the dictionary are represented by the
entire sequence. Thus, a successful classification should align the whole recognised
sequence. Note that the situation assessment is performed 4 seconds after an episode has
concluded. This is because the algorithm waits this time in order to determine whether
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the next episode is a new type or if it can be eliminated or aggregated to the previous
one.

Table 7.9 Messages returned by the approach for fault F1.
(time instant: 653 - Comm. time: 657) <<<<<
Boiler Leakage FBegin
current L1: g25 and LibL1(class 1): g40. Sim.score: 0.73893 PAlig: 100 100
current L8: g9s16 and LibL8(class 1): g10s25f5. Sim.score: 0.6958 PAlig: 100 100
Sit. Assessment nr.1: F1.1 with similarities: 0.73893 0.6958
Sit. Assessment nr.2: F4.1 with similarities: 0.52176 0.4117
(time instant: 684 - Comm. time: 688) <<<<<
Boiler Leakage FEnd
current L1: g25 and LibL1(class 0): g40. Sim.score: 0.73893 PAlig: 100 100
current L8: s12f6g7 and LibL8(class 0): g20. Sim.score: 0.5576 PAlig: 55 100
Sit. Assessment nr.1: F1.0 with similarities: 0.73893 0.5576
Sit. Assessment nr.2: F2.1 with similarities: 0.21354 0.4725

Regarding specific situations, it can be seen in Fig. 7.19 that the variables L8 and P7 are
out of control at approximately samples 260 and 270 respectively. This situation
matches with the beginning and end of the pump failure (F6), which has this effect on
the two variables at different instants. The variable P7 is also out of control at sample
623 until sample 641. Now the situation corresponds to the heater fault (F5) detected at
sample 609 and corrected at sample 643.
If the QSSI is evaluated when a regulated variable is out of control but no state can be
identified, a new state is deemed to have occurred and the system assists the operator in
introducing this new event into the dictionary or discarding it.
The second data set (Fig. 7.20) corresponds to the detection of a fault that was not
learned during the process characterisation. The fault is introduced in the boiler pressure
controller at sample 151 and is back to normal at sample 168. The evaluation is
executed at sample 158 when the detection algorithm detects a deviation in P7 and
concludes the variable is out of control. Since the trend dictionary does not include the
signature for this fault the approach presents this state as a novel event. At this moment
the approach registers the episodes for all variables (Table 7.10) and it shows them to
the operator. Then the operator is requested to add this fault to the dictionary by
performing the diagnosis manually, wait until the fault has sufficiently evolved, or
discard it.
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Table 7.10 Messages returned by the approach when a variable is out of control.
T: 158 WARNING: P7 OUT OF CONTROL!!!
F10; n30;
P14; p3t27;
P16; p30;
HEATER_COM-Q4; n30;
PUMP_COMMAND; l30;
L18; p30;
L1; g30;
F3; l30;
P7; p2t28;
L8; f8g22;
HEATER_COM;
Q4; h30;

Note that the maximum duration for each sequence is 30 seconds as this length is
enough to represent the current state. However, there is not a critical value since the
QSSI algorithm returns information about the percentage of the aligned sequence and it
returns a similarity value according to this percentage. Regarding our example, the
correct action by the operator is to add a new diagnosis relating variables P7 and Q4 and
to flag the new diagnosis as ―Out of control‖.

7.4.6. Case study II: offline operation
This section presents a similar approach to that described above but running offline and
using the auto-tuning trend extraction method described in section 7.4.2. The aim is to
test the QSSI algorithm with a different qualitative representation, including
quantitative data, over the same scenario. Thereby, it is possible to test the robustness of
the QSSI algorithm against different qualitative representations. Although the method
allows online trend extraction, it has not been implemented in Qualtras yet, where it
would be capable of connecting to the real process. Thus, this case study was analysed
in offline mode.
The steps to follow are the same as in the previous method. First, the episodes are
extracted in offline mode and a new trend dictionary of events is created adding new
trends representing the 6 fault classes. Since the trend algorithm only uses 3 types of
episodes, 2 special episodes representing steps or discontinuities (types l and v) have
been incorporated. That is, increasing and decreasing episodes but with a very short
time duration. Moreover, episodes include quantitative data to enhance the comparison.
For successful situation assessment the use of qualitative data and the slope is enough.
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Secondly, another local similarity chart between episodes is defined (Fig. 7.23). Only
the episodes based on the signal value (low, high) and the 3 episodes (a, g, v) with a
quantitatively similar slope have a similarity value of 1 if they are compared to an
identical one. Cells marked with an asterisk have a similarity value calculated according
to their slopes, such as:

Sim (  i ,  j )

1

attributei

attribute j

[7.17]

max( attributei , attribute j )

With attribute being the slope and Sim(ℚi, j) the normalised similarity between two
episodes ℚi and j. If the slopes are the same, the similarity is 1.

Fig. 7.23 The Similarity chart used for qualitative-quantitative episodes.

Finally, the QSSI algorithm runs when a new episode is finished. Fig. 7.24 illustrates
the offline recognition performed for a period of 700 seconds. The figure shows
evolution of the observed variables and their corresponding episodes. Vertical lines
mark the beginning and the end of the faulty situations detected. These results are
presented in Table 7.11.
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Table 7.11 Results of QSSI-based situation assessment for scenario MIX1.

Introduced fault

Diagnosis time

Top two diagnosed faults and QSSI value

(From tini to tend)

(From tini to tend)

Fault 1 (QSSI)

Fault 2 (QSSI)

F4 (41s – 90s)

43 – 97

F4 (0.803,0.438)

F4 (0.54,0.572)

F2 (172s – 212s)

166 – 214

F2 (0.567,0.726)

F1 (0.624,0.381)

F6 (257s – 268s)

256 – 267

F6 (0.618,0.89)

F2 (0.497,0.73)

F3 (429s – 458s)

430 – 452

F3 (0.58,0.89,0.56)

F5 (0.821,0.323)

F5 (606s – 634s)

605 – 632

F5 (0.838,0.571)

F1 (0.333,0.766)

F1 (647s – 684s)

645 – 678

F1 (0.803,0.591)

F2 (0.333,0.689)

As this case study was performed in offline mode the time diagnosis obtained was
slightly better than those shown in the previous case. This is because the analysis was
run at the end of each episode, but data is captured by a window centered on this point.
Thus, the sequences evaluated by the QSSI algorithm contain future episodes and
episodes already elapsed.

7.5. Conclusions
This chapter has focused on defining and implementing a new similarity algorithm
(QSSI) able to deal with the temporal misalignment problem caused by dynamic
processes. The algorithm returns a normalised index related to the degree of similarity
between qualitative trend signals.
The idea behind the algorithm is the computing of the optimal alignment, determined by
finding the longest pair of subsequences in the full sequences which yields the highest
alignment score among the set of all subsequences and their possible alignments.
Afterwards the similarity is calculated using the aligned elements.
Therefore, since QSSI finds the longest related subsequences, it is not considered a
global alignment method. However, the different normalisation modes allow the
similarity values to be adapted to the necessities of the user. Moreover, additional
information, such as the percentage of aligned sequences, complements the meaning of
the returned value. It must be remembered that those elements not related within the
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subsequences cannot be removed because they constitute part of the signal evolution,
and hence they should also participate in the final similarity value.
The performance of this method has been illustrated by two application examples. The
first example shows the classification of voltage sags gathered at 25kV distribution
substations. QSSI is used to return the similarity between new and previously registered
and labelled sags.
The second example describes an approach for online monitoring and situation
assessment applied to a steam generator. In this application the accuracy of the QSSI
algorithm has been validated using two different qualitative representations providing
both quantitative and qualitative information.
Thus, the QSSI algorithm has been shown as a good method for determining the
similarity between two qualitative sequences due to its ability to align sequences with
different longitudes. The promising classification accuracy suggests that the algorithm
presented could be applied satisfactorily and confirms its usefulness in classification
approaches.

Chapter 8.
Comparison of similarity
measures on time series

8.1. Introduction
This chapter is dedicated to the comparison between the three methods developed in this
thesis and the different similarity measures used when dealing with numerical series.
This is an interesting study, since methods that work with qualitative representations are
compared to traditional algorithms.
A comprehensive evaluation of distance and similarity measures is presented in Ding et
al., 2008, where the authors conclude that the best accuracy is obtained by the DTW and
EDR algorithms. Their conclusion motivated the inclusion of these two methods in this
comparison study as well as inspiring the methodology followed.

8.2. Methodology and parameters
In order to carry out the comparison the experiments were performed on 15 time series
data sets provided by the UCR Time Series repository (Keogh et al., 2011). The data
sets come from a wide variety of applications and they are independent from the
application examples shown so far. This makes the comparison meaningful, especially
when these data sets are often used by algorithms that deal with numerical series.
In this study some of the measures outlined (ED, DTW, ERP, EDR and LCS) in
Chapter 5 and the new algorithms created (QSSI, EpDTW and DTWONLINE) were
included.
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The evaluation method uses a one nearest neighbour (1NN) classifier such as that
proposed in Keogh et al., 2011 to evaluate the efficacy of the distance measure used.
Specifically, each time series has a correct class label, and the classifier tries to predict
the label as that of its nearest neighbour in the training set. Hence, the accuracy of the
1NN classifier directly reflects the effectiveness of the similarity measure.
Several techniques require the setting of one or more parameters. For methods that deal
with numerical series, the setting parameters listed in Table 8.1 were used and the
results are based on the best error ratio obtained. A common parameter is the window
size (or warping window) expressed as a percentage of the length n of the time series,
while the algorithms based on edit distances use a matching threshold parameter ε
(Section 5.5).
The setting parameters used for each data set are indicated in Table 8.2. The parameters
were chosen by testing a small group for each parameter according to a preview
representation of time series.
Table 8.1 Parameter tuning for similarity measures based on numerical series.

Method
DTW
DTWONLINE
EDR
ERP
LCSw

Parameters
Window size (%·n)
ε
3,6,9,12
3,6,9,12
3,6,9,12
0.02,0.1,1,3
3,6,9,12
3,6,9,12
0.02,0.1,1,3

Regarding EpDTW and QSSI, the time series must be converted first to qualitative
sequences. Until now, each application has been studied individually and the parameters
needed for the qualitative representation have been optimised. In this experiment a
common method to obtain qualitative representation from all time series was used.
Then, the obtained representations could be not optimal. The chosen method is a
variation of the SAX approach. Thus, each episode is represented by the symbol
returned by the SAX algorithm and the modification is based on considering the slope
in every word. In this way the method generates two new groups of episodes; O, P and
U, V corresponding to falling and rising episodes respectively. The first episode of each
group is assigned if the slope exceeds a certain threshold, and the second if the slope
exceeds the threshold*3.5. This value is arbitrary and in practice there is hardly any
episode that exceeds this second threshold. This modification was introduced to
enhance the qualitative representation, obtaining a closer representation to the dynamics
of signals. For example, in Fig. 8.1 the second segment has a slope greater than 0.15, so
this segment is labelled as U. The name of the label is irrelevant and it should only be
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different from the other labels used by the SAX algorithm. It can be observed from this
figure that the sequence of episodes is a1,U1,g1,f2,e2,c3,b2 . Then, since each segment
contains 10 samples (PAA=10), the final sequence is a10,U10,g10,f20,e20,c30,b20 .
Another example is shown in Fig. 8.2, where the sequence of episodes obtained for a
PAA=4 is O8,d8,c12,b16,O4,U16,O12,a12, b4,c24,d4,U8 .
Data set: CBF, class: 3
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Fig. 8.1 Example of qualitative representation based on SAX (PAA=10, alphabet=7, slope
threshold=0.15).
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Fig. 8.2 Example of qualitative representation based on SAX (PAA=4, alphabet=5, slope
threshold=0.15).

The scores used by QSSI and EpDTW follow a simple criterion: if the episodes are the
same the score is 1, and if the episodes are neighbours the score is 0.5. This rule can be
represented in the score matrix shown in Fig. 8.3. The first 9 episodes correspond to the
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alphabet generated by SAX while episodes O, P and U, V correspond to the two new
groups according to the slope (modified SAX).
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Fig. 8.3 Score chart used by EpDTW and QSSI.

8.3. Results
The results obtained from this experiment are shown in Table 8.2. The tests were
carried out on a computer with an Intel Core2 Duo 2‘93GHz processor and 2GB of
RAM.
Although the table shows the results for all the methods, the DTWONLINE algorithm
should only be compared to the classic DTW algorithm in order to appreciate the
difference in time execution. Aside from this exception, the other methods can be
compared to each other.

8.3.1. DTW vs. DTWONLINE
Here, the DTWONLINE algorithm is used in order to reduce the calculation time with
regard to classic DTW. In this case, the sliding window size w and the warping window
width, r, have the same value. If the window w does not reach the length of the time
series, the algorithm returns the minimum distance from the last column or row in the
cumulative distance matrix. Then, if this value exceeds the minimum distance obtained
earlier, the calculation of the remaining cells in the distance matrix can be aborted. This
strategy is valid because a one nearest neighbour classifier is used. Thus, in this
application the path does not need to be recalculated.
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The columns dedicated to DTW and EpDTW methods in Table 8.2 shown the error
ratio and the execution time in seconds. It can be observed that the difference in
execution time can be very important while the error ratio is very similar.
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8.3.2. Quantitative vs. Qualitative methods
In these experiments DTW, EDR, ERP and the variation of LCS (eq. [5.15]) developed
byGuo and Siegelmann, 2004 (here named LCSw for brevity), were used for
comparison with EpDTW and QSSI, two methods based on qualitative representations.
Fig. 8.4 provides a more intuitive illustration of the performance of the similarity
measures compared in Table 8.2. The error ratios of the two methods under comparison
are used as the x and y coordinates of a dot, where each dot represents a particular data
set. Thus, the area with highest number of dots indicates the method with worse results.
Based on the error ratio obtained, there is not any method categorically superior to
DTW, but some methods are more effective than others on certain data sets.
If only the EpDTW and QSSI methods are compared, QSSI proves to be superior to
EpDTW as was concluded in previous chapters.
Regarding the execution of individual methods, some conclusions can be extracted:
Constraining the warping window size value reduces the computation cost but
does not always yield better accuracy, and a larger size does not ensure greater
accuracy either.
The parameter ε used by the edit distance-based similarity measures has a
significant influence on the accuracy. Although this parameter can be effective
for filtering noise, it also filters the small differences that characterise different
classes (Fig. 8.5). Likewise, the algorithms based on qualitative representations
(especially if SAX is used) obtain a poor error ratio too.
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Fig. 8.5 Example of series belonging to different classes but with small differences.
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Table 8.2 Error ratio of different similarity measures.
Name

Number
Size of
Size of
of classes training set testing set

TS length

ED

Synthetic
Control

6

300

300

60

0.12

Gun-Point

2

50

150

150

0.087

CBF

3

30

900

128

0.148

Face (all)

14

560

1690

131

0.286

OSU Leaf

6

200

242

427

0.483

Swedish Leaf

15

500

625

128

0.213

50Words

50

450

455

270

0.369

Trace

4

100

100

275

0.24

Face (four)

4

24

88

350

0.216

Lightning-2

2

60

61

637

0.246

Lightning-7

7

70

73

319

0.425

ECG

2

100

100

96

0.12

Adiac

37

390

391

176

0.389

Beef

5

30

30

470

0.467

Coffee

2

28

28

286

0.25

_________________________________________
1
Error ratio. (warping window width r (%) - execution time)
2
Error ratio. (warping window width r (%) - ε)
3
Error ratio.( warping window width r (%))
4
Error ratio. (PAA, Slope, Alphabet, Stiffness)
5
Error ratio. (PAA, Slope, Alphabet, Length reduction coefficient κ)

DTW1

DTWONLINE1

EDR2

ERP3

LCSw2

EpDTW4

QSSI5

0.007
(12-197.2s)
0.026
(3-48.3s)
0.007
(12-296.2s)
0.192
(3-2933s)
0.393
(6-2272.2s)
0.138
(3-966s)
0.242
(6-3954.6s)
0
(6-206.12s)
0.114
(3-55s)
0.082
(12-649.4s)
0.26
(6-143.2s)
0.11
(3-28.5s)
0.391
(3-888s)
0.467
(3-37.4s)
0.179
(3-14.5s)

0.013
(6-101.26s)
0.027
(6-28.45s)
0.002
(12-207.04s)
0.19
(6-1617s)
0.397
(6-552.7s)
0.184
(6-471.16s)
0.233
(6-760.65s)
0
(6-40.2s)
0.113
(6-45.4s)
0.098
(12-379.5s)
0.246
(6-80.74s)
0.12
(6-17.37s)
0.401
(6-412.24s)
0.467
(6-18.6s)
0.179
(6-9.38s)

0.043
(3 – 1)
0.033
(3 – 0.1)
0.054
(6 – 1)
0.241
(6 - 1)
0.239
(12 – 0.1)
0.133
(3 – 0.1)
0.23
(9-0.1)
0.11
(3 – 0.1)
0.045
(3 – 0.1)
0.164
(3–0.1)
0.384
(12– 0.1)
0.11
(3–1)
0.496
(3– 0.02)
0.5
(3– 0.02)
0.107
(3 – 3)

0.02
(6)
0.04
(6)
0.003
(12)
0.195
(3)
0.405
(12)
0.118
(3)
0.257
(6)
0.17
(3)
0.079
(3)
0.131
(3)
0.287
(3)
0.09
(3)
0.378
(3)
0.5
(3)
0.25
(3)

0.197
(3 – 1)
0.033
(6 – 0.1)
0.043
(6 – 1)
0.343
(3-1)
0.401
(9-0.1)
0.334
(3-0.1)
0.345
(9-0.1)
0.01
(12– 0.1)
0.045
(3– 0.1)
0.147
(3 – 0.1)
0.384
(6 – 1)
0.12
(3 – 0.1)
0.509
(3-0.02)
0.5
(3– 0.02)
0.214
(3– 3)

0.04
(10,.15,7,3)
0.026
(3,.01,6,5)
0.017
(10,.15,7,3)
0.345
(3,0.75,5,1)
0.219
(4,0.05,5,3)
0.233
(4,0.15,4,1)
.332
(4,0.15,3,1)
0
(4,0.15,6,3)
0.068
(4,0.5,9,1)
0.131
(4,0.5,7,2)
0.301
(10,0.2,7,5)
0.17
(3,0.45,6,1)
0.549
(5,0.1,9,3)
0.067
(4,0.01,4,1)
0.036
(10,0.1,6,1)

0.026
(10,0.2,7,1)
0
(3,.015,5,0.6)
0.019
(10,0.15,7,0.8)
0.287
(3,0.75,5,1)
0.198
(4,0.05,5,1)
0.203
(4,0.15,5,0.8)
0.272
(4,0.15,3,1)
0
(5,0.1,6,0)
0.045
(4,0.5,9,0.8)
0.131
(10,0.1,6,1)
0.246
(6,0.2,8,0.8)
0.11
(3,0.45,6,1)
0.537
(5,0.05,9,.6)
0.166
(4,0.01,4,1)
0.036
(10,0.1,6,1)
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8.3.3. Improving the worst result
As was mentioned above, some data sets have very similar time series but are labelled
as different classes. Thus, the resulting qualitative representation is practically identical.
This fact has repercussions on a worse error ratio compared to methods based on
numerical series. Then, when the time series are converted to qualitative representations
the results could be improved if some type of quantitative information is added as
auxiliary data. Note that this enhanced representation follows the definition of episode
such as stated in eq. [3.15]. Moreover, by adding this information the parameters used
for the SAX algorithm can be relaxed in order to optimise the performance of QSSI.
Consequently, it is possible to shorten the sequence of episodes.
The next example shows how to improve the result obtained by the data set Adiac,
which is the data set with the worst error ratio (0.537). This is because different classes
have identical qualitative representation (Fig. 8.6) or very similar (Fig. 8.7).
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Fig. 8.6 Two classes with the same qualitative representation.

Adiac. class: 34

Adiac. class: 33
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Fig. 8.7 Two classes with a very similar qualitative representation.
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Now, the modified SAX algorithm adds quantitative information to each episode, such
as the slope and the maximum value. As can be observed in Fig. 8.6 and Fig. 8.7, the
main differences are in the maximum and minimum values of the time series. Thus,
only the first two (a, b) and the last two (h, i) episodes are used to calculate the score
according to their maximum values.
Therefore, the score chart used before is replaced by the chart shown in Fig. 8.8. Here,
values 0.1 and 0.2 are codified values indicating episodes with auxiliary data. So, the
score (or similarity) for episodes codified as 0.1 is calculated according to eq. [7.17],
with the attribute being the maximum value. On the other hand, the score for episodes
codified as 0.2 is calculated as a function of their slopes using the same equation.

a b c d e
a 0.1 0.1 0 0 0
b 0.1 0.1 0.5 0 0
c 0 0.5 1 0.5 0
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Fig. 8.8 Score chart used by QSSI and episodes containing qualitative information.

Finally, the SAX settings are established as: PAA=15, Alphabet=9, Threshold
slope=0.075. The QSSI was executed using a length reduction coefficient κ of 0 and 1,
giving a result of the best error ratio for κ=0 with a value of 0.378. This result matches
the best value obtained in the experiment (Table 8.3), so QSSI becomes the best
algorithm for this data set.

Table 8.3 Error ratio of different methods for data set Adiac. The methods have been listed in
order of accuracy.
Method

QSSI, ERP

ED

DTW

EDR

LCSw

EpDTW

Error ratio

0.378

0.389

0.391

0.496

0.509

0.549

198

Comparison of similarity measures on time series

8.4. Conclusions
In this chapter, the performances of EpDTW and QSSI have been compared to other
techniques and time series widely used by the data mining/machine learning
community. The results indicate that, in general, QSSI is not worse than other well
known methods and, in some cases, QSSI is the best option, obtaining a high level of
accuracy.
Furthermore, it has also been shown that the accuracy of methods based on episodes can
be improved by extending the episodes with quantitative information. In the above
example QSSI became the best option, obtaining the best result while still being much
faster than DTW due to the abstraction of the signal. From this result, it can be
concluded that QSSI is the best similarity algorithm amongst the methods analysed.
Although similarity methods based on qualitative representations are often used in
processes where they are the only solution, the results shown in this chapter suggest that
their use as an alternative to numerical similarity techniques should be studied.
All the code files used for these experiments are available on the web site (Gamero,
2012), while time series data should be downloaded from Keogh et al., 2011.

Chapter 9.
Conclusions and future work

In this final chapter, a summary of the work presented in this thesis and contributions
achieved are reviewed first of all. Finally, a perspective of possible future
improvements is proposed.

9.1. Summary
FDD methods have been classified into two categories: model-based methods and non
model-based methods. The use of one or the other category is only subject to the
knowledge of process behaviour or faults. When analytical models are hardly available
non model-based methods are a realistic alternative, but often expert knowledge of the
process is needed. The main difficulty with knowledge-based methods is the translation
of the numeric values (data coming from the process) to qualitative data (symbols) that
can be used with these techniques.
Using variables as qualitative trends based on episodes reduces complexity and allows
the extraction of meaningful information. So, qualitative process trends which provide
an intuitive meaning about process behaviour can be used for monitoring, or could be
supplied to other fault detection and diagnosis tools, expert systems or classification
methods.
The usefulness of qualitative information depends on the formalism used to extract the
qualitative trends. Likewise, this formalism should be adaptable to user requirements or
complementary tools. Therefore, it is desirable to use a general formalism able to
represent the signals based on any user-defined characteristics according to signal
behaviour and supervision objectives. Moreover, in order to improve the representation
usefulness, some auxiliary characteristics of the episodes can be used.
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This issue has motivated the development of the tool Qualtras as the first contribution.
This tool facilitates the abstraction of the most significant characteristics of the signals,
representing any process signal by means of episodes. Each episode is composed of a
time interval, a symbol describing its behaviour and a set of quantitative and/or
qualitative data with additional information.
The implemented set of basic functions to detect changes between episodes requires
specific tuning of parameters and thresholds to achieve the desired performance levels.
These requirements require a priori knowledge of the process. However, the open
architecture of Qualtras allows functions designed specifically for a particular process to
be added or new techniques without, or almost without, settings. Then, if only useful
characteristics are used to construct episodes, the obtained representation will be, at the
same time, the most simplified and the most significant from the supervisory system
point of view.
Afterwards, reasoning about process dynamics implies dealing with the evolution of
variables, and the dynamics of process variables represented by sequences of episodes
can be representative of specific states. Thus, the task of diagnosis can be viewed as a
classification problem or a pattern recognition task. Classification by comparison and
the matching of temporal sequences is an active area of research in the study of time
series. However, signal comparison can be affected by several problems as differences
in the length (total time) of the two signals, or in the magnitudes, or time
misalignments.
A method that deals with time misalignments and different lengths is Dynamic Time
Warping (DTW). DTW uses dynamic programming to align time series by stretching or
shrinking them along the time axis. Since different patterns belonging to the same class
can have different time duration or magnitudes, a new algorithm (EpDTW) based on
qualitative representations and DTW was developed. So, the advantage of the temporal
alignment produced by DTW is added to the advantage of representation by episodes,
which takes into account the behaviour of the signals. In addition, qualitative
representations solve the problem of the lengthy computing time when dynamic
programming is used.
After this first variation of DTW, a second variation is proposed in order to adapt the
original DTW to online applications. These two last algorithms constitute the second
and third contribution of this thesis. However, methods based on DTW may not give an
appropriate result when the sequences to be compared include unnecessary data like
extra length or outliers.
In order to solve this inconvenience a new similarity index (QSSI) has been defined and
implemented as the more important contribution. The idea behind the algorithm is the
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computation of the optimal alignment, determined by finding the pair of longest
subsequences of the full sequences whose alignment yields the highest alignment score
among the set of all subsequences and their possible alignments. The subsequences can
include elements not related but within the aligned subsequences. These elements
cannot be removed because they constitute part of the signal evolution, and hence they
should also participate in the final similarity value. Finally, the algorithm returns a
normalised index related to the degree of similarity between qualitative trends signals.
Generally, qualitative representations are applied in situations where other techniques
are difficult or impossible to be implemented. We have demonstrated the performance
of the tools created through a number of practical applications throughout this thesis. In
view of the results obtained, this representation becomes another option in the field of
fault diagnosis and monitoring of process data. Moreover, the algorithms developed for
comparing qualitative sequences applied to dynamic systems (or time series) have been
shown to be as efficient as any other existing technique, even surpassing them. The
drawback of this type of representation is only the settings of data abstraction methods
which represent additional effort. This is a problem to be solved with the development
of new methods.
The following section summarises the results obtained.

9.2. Discussion of results
Each contribution developed throughout this thesis has been tested on an illustrative
example. The following paragraphs summarise the main points.

Qualtras
The applicability of Qualtras (Gamero et al., 2009) is demonstrated in a pre-fault
detection approach of a blast furnace (Gamero et al., 2006, Mora et al., 2004). The
application shows how Qualtras can complement other applications to improve
diagnosis strategies. This example is a real case since the software was installed at the
Corus plant in the UK and operated successfully.

EpDTW
The utility of the EpDTW algorithm (Colomer et al., 2002a, Colomer et al., 2002b) is
shown in the diagnosis of a level control system where the correct identification of
operating situations is obtained through the comparison of the current pattern with well-
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known reference patterns (Colomer et al., 2003, Gamero et al., 2002). This is an
application carried out in a simple pilot plant where the effectiveness of the algorithm is
demonstrated even without using the length of the episodes.
A more comprehensive study is shown in Chapter 8, where the results obtained present
an accuracy comparable to other methods.
Despite promising results, this method still has two significant drawbacks. First, all the
elements in the alignment must be matched contributing to the final distance. And
second, the endpoint constraints require that the warping path starts and finishes in
diagonally opposite corner cells of the distance table. That is, it is a global alignment
method.
Thus, although the accuracy of EpDTW can be improved considerably using episodes
with auxiliary data, it is less accurate than QSSI. However, EpDTW is also less
complex than QSSI and therefore it can be considered when time execution is very
important.

DTWONLINE
The way that this algorithm is defined, it is valid only for those signals that evolve at the
same time. As an example, the method has been used in order to improve the residual
computation from a laboratory plant (Gamero et al., 2004, Llanos et al., 2004). This
approach is especially suitable for those errors related to time distortions, therefore it
will be useful for distributed systems with communication delays and for hybrid
systems with on/off sensors or actuators causing misalignments between real and
simulated signals.
The algorithm has also been compared to classic DTW in Chapter 8. In this case the
online DTW algorithm is used in order to reduce the calculation time but this strategy is
valid because a one nearest neighbour classifier is used.

QSSI
As a solution for improving the results of DTW-based techniques a new technique
called QSSI has been developed. Performance of QSSI is illustrated by two application
examples; the classification of voltage sags (Gamero et al., 2011) and the situation
assessment of a steam generator process (to be published shortly). The accuracy of the
algorithm has been validated using two different qualitative representations providing
both quantitative and qualitative information. The promising classification accuracy
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suggests that the algorithm presented could be applied satisfactorily and confirms its
utility in classification approaches.
This algorithm has also been compared to the others in Chapter 8 (to be published
shortly). The results indicate that, in general, QSSI is not worse than other well-known
methods and, in some cases, QSSI is the best option for obtaining high accuracy. Even
when the accuracy is somewhat lower than that obtained by other algorithms, QSSI is
an algorithm to take into account due to its lower execution time.
Regarding the worst values obtained by EpDTW and QSSI, they are produced because
some classes have a very similar qualitative pattern. However, these values are much
better if some quantitative information is included or the qualitative representation is
improved. The first option is easily achieved as shown in the example of Chapter 8,
while the second one involves an additional task to be carried out individually for each
data set.

9.3. Recommendations for further work
With the contributions listed above, the initial objectives of this thesis have been
accomplished. However, there are a few issues that require further investigation or
improvements. The important ones are the following:

Qualtras
It is necessary to implement other techniques such as the online auto-tuning trend
extraction method (Charbonnier and Damour, 2008) or the SAX variation used in
Chapter 8.
The settings of any algorithm used to obtain an adequate qualitative representation are
the main drawback of using episodes. In this sense the algorithm proposed by
Charbonnier and Damour, 2008 could be an important improvement. In any case it
should be considered an improvement in the configuration of the techniques employed.
Qualtras was developed in G2, a software rarely used by the scientific community. It
would be desirable to transfer it to an open language for a shared evolution and to
expand its capabilities to connect to the real world.
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EpDTW
The algorithm could possibly be improved if the maximum local warping were applied
to contiguous matched cells (in the same horizontal or vertical), instead of individual
cells.

QSSI
Although the results obtained by the algorithm are very good, some aspects can be
studied in order to improve performance:
Reduce the complexity and execution time. For example, by trying to import the
warping window concept to qualitative representations.
Transfer the idea of local warping used in EpDTW to QSSI.
New functions p(ik,jk) for penalising the time misalignment can be studied. For
example, the time misalignment could be analysed by quantifying the slope
variation regarding the diagonal.
Study the implementation of an indexing technique, so that similar items can be
grouped together and also to facilitate the pruning of irrelevant data.

Appendix A.
DTW. Problem formulation

The idea of the Dynamic Time Warping problem is stated as follows: given two time
series x and y, of lengths m and n respectively,

x

[ x1 , x 2 ,

, xi ,

, xm ]

y

[ y1 , y 2 ,

, yj,

, yn ]

[A.1]

In order to align the two sequences, DTW finds a warping path W of k points in a twodimensional m by n cost matrix where every cell value (i,j) will contain the distance
(i.e., dist(xi,yj) = || xi - yj ||) between points xi and yj. The warping path W is a sequence
of contiguous elements that defines a mapping (or alignment) between x and y
minimising the cumulative distance (Fig. A.1).

W

w 1 , w 2 ,..., w k
wk

max m , n

k

m

n

i k , jk

[A.2]
[A.3]

where (ik,jk) corresponds to the kth grid element in the warping path.
If the warping path passes through a cell (i,j) in the cost matrix, it means that the ith
point in time series x is warped to the jth point in time series y. Note that where there are
vertical sections of the warping path, a single point in the time series y is warped to
multiple points in time series x, and the opposite is also true where the warping path is a
horizontal line. Since a single point may map to multiple points in the other time series,
the time series do not need to be of equal length.
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Fig. A.1 Cost matrix and the warping path W traced through it from (1,1) to (m,n).

The warping path is typically subject to several constraints:

Boundary conditions: the warping path should start at w1=[1,1] and end at wk=[m,n].
Monotonicity and continuity: given two grid elements in a warping path, (ik, jk) and
(ik+1,jk+1), then 1 ≥ ik+1 - ik ≥ 0 and 1 ≥ jk+1- jk ≥ 0. This restricts the allowable transitions
of a node to adjacent elements, that is, the path is not allowed back in time (ik+1 ik and
jk+1 jk).
Slope constraints: this condition is carried out as a restriction on the possible relation
between several consecutive points on the warping function (excessive expansion or
compression). It can be avoided by not allowing the local slope of the path to exceed a
specified range (Fig. A.2).
Global path constraint: defines the region of grid elements that are searched for the
optimal warping path (Fig. A.3). Intuitively, the grid constrains the warping path in a
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global sense by limiting how far it may stray from the diagonal (Itakura, 1975; Sakoe
and Chiba, 1978). The aim of global constraints is to limit the number of cells that are
evaluated in the cost matrix and speed up the DTW calculation. For example, the
Sakoe-Chiba band illustrated in Fig. A.3 can be defined as follows:

(ik , jk )

W,

ik

r

jk

ik

r

[A.4]

Where r is the width of the warping window.

(a)

(b)

Fig. A.2 (a) Trivial case of no constraint. (b) Some examples of slope constraints.

Fig. A.3 Global constraints limit the scope of the warping path, restricting them to the gray areas.
The two most common constraints in the literature are the Sakoe-Chiba band and the Itakura
parallelogram.

As there are many warping paths, the search is resolved by means of dynamic
programming. Then, the path is extracted by evaluating the cumulative distance (i,j) as
the sum of the distance dist(xi,yj) found in the current cell and the minimum of the
cumulative distances of the adjacent elements:
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2·dist ( xi , y j )
(i , j )

min

1,1

(i 1, j 1)

dist ( xi , y j )

(i 1, j )

dist ( xi , y j )

(i , j 1)

[A.5]

2·dist x1 , y1

In this case the equation uses a weight of 2 for diagonal steps. It is also possible to find
the above expression using the smaller weight of 1 (eq. [A.6]), the optimal path is
prioritised and diagonal local transitions are preferred over horizontal or vertical ones
producing smaller distortions of the time axes.

(i 1, j 1)
(i , j )

dist ( xi , y j )

min

(i 1, j )
(i , j 1)

1,1

[A.6]

dist x1 , y1

Practically, the optimal warping path can be found by tracing backward from (m,n)
towards (1,1). At each cell the previous neighbouring cell with minimum cumulative
distance is chosen.
Finally, the normalised total distance is defined as:

K

dist ( x , y )

Min

k 1

dist ik ,jk * w ( k )
[A.7]

N ( w)

W

where w(k) is a nonnegative weighting function and N(w) is a normalisation factor
which is a function of w(k). The value of N(w) depends on the type of weighting
function w(k) used. The most common weighting function for a symmetric algorithm is:

w k

ik

ik

1

jk

jk

1

[A.8]
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Thus, w(k) weights show a local transition from the (k – 1)th path point to the kth path
point, according to the number of horizontal and vertical steps (both equivalents) that
need to be taken for that particular local transition. Then:

K

N (w )

w k

m

n

[A.9]

k 1

where m and n are the longitudes of sequences X and Y respectively. This is true if eq.
[A.5] is used, while for eq. [A.6] the normalisation factor N(w)=K.

Appendix B.
Example of the QSSI algorithm

Given two string sequences S and Q:

S

s, f , g , s, f , g , t

Q

g , t , s, f , g

[B.1]

First, the alignment matrix M is initialised by scoring cells with similar pairs (Fig.
B.1a). In this example the score is 1 if the episodes are the same and 0 if they are
different. Each coloured cell in the alignment matrix constitutes a match. In parallel, a
direction matrix Md containing zeros is constructed (Fig. B.1b).
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Fig. B.1 (a) Alignment matrix M initialised with matches and (b) initial direction matrix Md.

After initialisation, the alignment matrix is filled beginning with the last column and
row (Fig. B.2), and then by operating successive summations on the cells from the end
of the sequences toward the origin according to eq. [7.10] (Fig. B.3).
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Regarding the values of the direction matrix, in addition to the three directions shown in
Fig. 7.3, a special value v=0 indicates a possible candidate to finish the pathway W.
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Fig. B.2 The alignment matrix (a) and direction matrix are filled beginning with the ends of
sequences.
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Fig. B.3 (a) Completed alignment matrix, the arrows show the path W. (b) Direction matrix, the
arrows show how the path W is obtained.

Now, the necessary pathway W through M is defined as one which begins at a cell with
maximum value and with similarity between their items. In the example, the cell (1,3)
has a value of 6. Then, starting at w1= (1,3) the path is obtained by a backtrace through
the alignment matrix and guided by the recorded directions of propagation. That is, the
cell (1,3) in the direction matrix has a value k=1 (diagonal movement), so the next cell
is (2,4). This procedure is repeated until a cell with direction 0 is reached and the
alignment is finished (Fig. B.3b). According to these steps the complete path yields
W=[(1,3),(2,4),(3,4),(4,5),(5,6)], and eliminating those cells without similarity,
W=[(1,3),(3,4),(4,5),(5,6)] as the optimal path. The maximum-match pathway then, is
that pathway for which the sum of the assigned cell values (less any penalty factors) is
largest.
The next step is to choose the optimal temporal alignment according to diagonals. Since
the alignment is determined by minimising the distance to diagonals, only diagonals
containing matches are evaluated. The set of diagonals in the example is Dg=[1, 2] and
the values obtained by equations [7.4] and [7.5] are 1 and 3 respectively. So the optimal
diagonal is the one labelled as ‗1‘.
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Fig. B.4 displays from left to right the two alignments derived from these diagonals.
Intuitively, one can see that diagonal 1 produces a better temporal alignment. The time
misalignment, represented by oblique lines in Fig. B.4, is produced by the existence of
symbols without a correspondence in the other sequence. Due to their physical
significance, these non-matched elements cannot be ignored. Nevertheless, the
similarity between two sequences is penalised by the existence of time misalignments.

Fig. B.4 Alignments produced by diagonals 1 and 2.

Finally, the QSSI value is calculated. Table B.1 reports the values for the two possible
diagonals. The final normalised similarity is 0.5, and the percentage of aligned
subsequence is 57.14% and 100% for S and Q respectively.

Table B.1 Example of calculation of QSSI values.
1

p (i k , j k )
2

Diagonal

j i dg

and p0=1

dg=1

dg=2

1*0.5+3*1=3.5

1*1+3*0.5=2.5

K
k 1

p (i k , jk )

7*1

max(m,n, )*p0
QSSI(S,T)

3.5/7=0.5

2.5/7=0.35

Now the example is extended using episodes:

= s1,f1,g3,s2,f2,g1,t1

ℚ= g3,t1,s1,f1,g1

The length of the episodes does not change the path but can vary the optimal diagonal
since different durations act as weights. Thus, the similarity index could be altered
(Table B.2). In this case the new diagonal is 2 and the temporal alignment is shown in
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Fig. B.5. Now the final normalised similarity is 0.59, and the percentage of aligned
subsequence is 72.72% and 100% for S and Q respectively.

Table B.2 Calculation of QSSI values for dg=2.
1

p (i k , j k )
2

Diagonal

j i dg

and p0=1

dg=2

K
k 1

3*1+3*0.5+2*1=6.5

p (i k , jk )

max(m,n, )*p0

max(11,7,8)=11
6.5/11=0.59

QSSI(S,T)

Fig. B.5 Alignment produced by diagonal 2 in sequences of episodes.

Finally, consider the following two sequences:

= f4,v1,g1,f7,g4

ℚ= v1,F5,g5

The local similarity chart between episodes is defined in Fig. B.6.
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Fig. B.6 Local similarity chart. Episodes f and F are qualitatively similar but their slopes are
different.

The complete alignment matrix M and direction matrix Md are presented in Fig. B.7.
Graphically, the alignment is shown in Fig. B.8.
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Fig. B.7 (a) Completed alignment matrix, the arrows show the path W. (b) Direction matrix, the
arrows show how the path W is obtained.

Fig. B.8 Alignment obtained by QSSI.

For these sequences, the QSSI value is 0.485 and 0.634 using global and reduced
alignment as the normalisation option respectively.

Appendix C.
A method for improving the
classification rate

Although this is a subject out of the scope of this thesis, this appendix shows a method
for improving the classification rate when a normalised similarity measure is obtained.
The method is illustrated by following the application of section 7.3.
In the example, a voting strategy using an adaptive k-nearest neighbour search
algorithm is followed. However, the closeness degree of similarity between the test and
the retrieved cases is not taken into account. As result of majority rule, the mean value
of the success rate is about 93.1%.
An alternative approach is to define a decision variable. This definition represents the
likelihood of a specific class in a test case. We define an adaptive/exponential decision
variable DVaXHV as:

DVaX HV

C iA

Sim (C iHV , T )

k
i 1

r

r

[C.1]

Sim (C i , T )

CiHV are the cases in C1 ,..., C k which belong to class HV, and Sim(Ci,T) is the similarity
between a case Ci and the test case T, where similarity values are normalised between 0
and 1. Regarding the exponent value r, it could be dependent on heuristics according to
the number of NN for each class. In this example, because of the reduced and fixed
number of retrieved cases, r has adopted the minimum number of k-NN retrieved, so, r
is set to 3. That is,
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DVaX HV

C iA
k
i

Sim (C iHV , T )

3

[C.2]

3

Sim (C i , T )
1

Then, the decision variable is compared against a given threshold η. Whenever the
current value of the decision variable equals or goes beyond this threshold, the test case
T is classified as belonging to class HV or not.
As an example, Table C.1 shows some representative situations and values returned by
DVaXHV. Note that DVaXHV classifies the test cases correctly because it captures the
closeness of the similarity to the test case involved in the selected class.
The third situation is a special test where Sim(C1HV,T) returns a complete similarity
while the second case of the same class returns a very low similarity. This last case
penalises the DV value, however DVaXHV yields a high value, as is expected.

Table C.1 Different situations and values returned by DVaXHV .

Ex. 1
Ex. 2
Ex. 3

Sim(C1HV,T)

Sim(C2HV,T)

Sim(C3MV,T)

Sim(C4MV,T)

DVaXHV / T class (η=0.5)

0.8
0.3
1

0.8
0.3
0.1

0.5
0.6
0.4

0.5
0.6
0.4

0.80 / HV
0.11 / MV
0.88 / HV

Finally, Table C.2 shows the classification results according to the majority rule and
using the decision variable (η=0.5) for the whole set of substations.
Regarding the misclassifications when using the decision variable, Table C.3 shows the
returned cases for each one, T1 (substation C) and T2 (substation I). Both tests belong to
class MV, but they have been classified as HV. Similarities returned for T1 prove there
is no room for precision on the decision variable. On the other hand, a posterior revision
revealed that the misclassification in T2 was due to a labelling mistake in the utility.
Thus, when the k-NN algorithm is complemented by the decision variable the success
rate achieved is close to 100%. This is because this definition takes into account the
closeness degree of similarity between the test and the retrieved cases.
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Table C.2 Classification results.

Substation A

Substation B

Substation C

Substation D

Substation E

Substation F

Substation G

Substation H

Substation I

Majority

Decision

rule

variable

# sags

HV

MV

HV

sags HV

48

47

1

48

sags MV

45

1

44

sags HV

20

20

sags MV

16

2

sags HV

58

58

sags MV

24

3

sags HV

35

35

sags MV

27

8

sags HV

33

33

sags MV

23

1

sags HV

24

24

sags MV

25

sags HV

17

sags MV

7

sags HV

38

38

sags MV

33

6

sags HV

23

23

sags MV

32

5

MV

45
20

14

16
58

21

1

23

35
19

27
33

22

23
24

25
17

25
17

7

7
38

27

33
23

27

1

31

Table C.3 Retrieved cases for misclassifications using the decision variable.
T1 Subst. C
T2 Subst. I

Sim / Class
0.759 / HV
0.944 / HV

Sim / Class
0.426 / HV
0.666 / HV

Sim / Class
0.407 / HV
0.659 / HV

Sim / Class
0.769 / MV
1 / MV

Sim / Class
0.419 / MV

DVaXHV
0.524
0.587
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