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Prof. Dr. Stefan Kopp, Universität Bielefeld

Tag der mündlichen Prüfung: 20.11.2017
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my supervisor, Prof. Dirk Söffker, for the guidance and great support he has given
me during over the years. It has been a big honor to work with him and learn from
him. I appreciate all his contributions of time, ideas, and supports to enhance my
experience. His advices on both research as well as on my career and life have been
invaluable.

I want to thank German Academic Exchange Service (Deutscher Akademischer Aus-
tausch Dienst - DAAD) and its staff who make this research possible by providing
financial support. This work could not been accomplished without the DAAD sup-
port.

I would like to thank Prof. Wolfram Luther for great discussions and valuable
comments during my research as well as his recommendations. I would also like
to thank Prof. Stephan Kopp for giving numerous helpful suggestions and great
questions to improve this research.

I wish to express my warmest gratitude to all my friends, old and present colleagues
at the Chair of Dynamics and Control (SRS) whose comments and questions as
well as their personal and academic supports have left a mark on this work. My
special thanks go to my colleague Jiao Wang for her support and great help with
the experiments related to this work. I particularly like to thank the friends who
assisted me in experimental data acquisition.

Finally, I owe everything to my family whose their academically and emotionally
supports through all the difficulties in this research journey are indescribable. I
would like to extend my sincere gratitude to my husband who is also my best friend
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Kurzfassung

Situationserkennung ist sowohl ein wichtiger Aspekt der menschlichen Wahrnehmung
wie auch bei der Überwachung der Entscheidungsfindung eines menschlichen Nutzers
(human operator) in ungeplanten, ungenauen und unsicheren Umgebungen. Die Sit-
uationserkennung ist ein Prozess zur Identifizierung der aktuellen Situation, die aus
Änderungen innerhalb der Umgebung resultiert. Für verschiedene Anwendungen
wurden verschiedene Situationserkennungsansätze erfolgreich entwickelt. Die Indi-
vidualisierung der Situationserkennung wurde in der Literatur bisher wenig beachtet.
Der Situationserkennungsprozess konnte für die Unterstützung der menschlichen
Nutzer durch das Lernen und Berücksichtigung individueller Verhaltensweisen, Präfe-
renzen und Prioritäten verbessert werden.

Ereignisdiskrete Situationen, die aus einer Folge von Aktionen resultieren, können
individuelle Verhaltensweisen menschlicher Nutzer repräsentieren. In dieser Arbeit
werden Repräsentation und Identifizierung von ereignisdiskreten Situationen betra-
chtet.

In dieser Arbeit wird ein neues Framework für eine individualisierte Situation-
serkennung vorgeschlagen, indem neuartige Wissensrepräsentationen und Schlussfol-
gerungsansätze angewendet werden. Die wichtigsten Herausforderungen die durch
die eingeführten Frameworks für die individualisierte Situationserkennung zu lössen
sind, sind die Modellierung und Repräsentation von Wissen sowie das Lernen auf
neuen, unbekannten Situationen. Diese Herausforderungen können basierend wie
folgt angegeben werden: Wie können die ereignisdiskreten Situationen modelliert
und in einen Wissensspeicher übertragen werden? Wie kann das gespeicherte Wis-
sen für die weitere Situationserkennung verwendet werden?

In dieser Arbeit wird der Case-Based Reasoning (CBR)-Ansatz verwendet, um
eine individualisierte Situationserkennung zur Unterstützung menschlicher Nutzer
zu realisieren. Der klassische CBR-Ansatz wird um einen neuen Lernprozessansatz
erweitert, sodass bekannte Situationen erkannt werden können und neues Wis-
sen aus unbekannten Situationen generiert werden kann. Um die erwähnten Her-
ausforderungen zu bewältigen und die Situationerkennung zu realisieren, wird der
klassische CBR-Ansatz um den Situation-Operator Modeling (SOM)-Ansatz und
Fuzzy-Logik (FL)-Ansatz erweitert. Der SOM-Ansatz ermöglicht eine wissensori-
entierte Modellbildung und wird zur strukturierten Beschreibung der Beziehungen
der ereignisdiskreten Situationen innerhalb dynamischer Umgebungen verwendet.
Der präsentierte SOM-Ansatz wird innerhalb des Lernprozesses dazu verwendet,
Sequenzen von Situationen und Aktionen einzelnen Situationsmustern zuzuordnen.
Der FL-Ansatz strukturiert das SOM-basierte Wissen für approximate reasoning.
Zusätzliche Prozesse werden zur Unterstützung des Onlinelernens, der Datenreduk-
tion, und Wissensindexierung inerhalb des vorschlagenen fuzzy SOM-basierte CBR-
Ansatzes verwendet.
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Die Funktionsweise des vorgestellten Frameworks wird am Beispiel der Realisierung
einer individualisierten Spurwechsel-Situationserkennung zur Unterstützung mensch-
licher Fahrer verdeutlicht. Hierbei ist das Ziel, eine passende Fahrsituation zum
Spurwechsel zu erkennen. Das Framework wird unter Verwendung von Testdaten
evaluiert. Die Datenerfassung erfolgt auf Basis eines Fahrsimulators und unter-
schiedlicher Testfahrer. Hierauf aufbauend wird der Nachweis einer erfolgreichen
Verwendung des vorgestellten Anzatzes zur individualisierten Situationserkennung
erbracht.

Die Ergebnisse zeigen, dass unter Verweldung des vorgestellten Ansatzes eine erfol-
greiche Fahrsituationerkennung realisiert werden kann, im Sinne von Genauigkeit,
Erkennungsrate, negativer Alarmrate und Erkennungszeit. Abschliessend wird gezei-
gt, dass eine Individualisierung die Genauigkeit der Situationserkennung signifikant
verbessert werden kann.
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Abstract

Situation recognition is a significant part of humans perception as well as in the
process of supervising human operators decision making in unplanned, imprecise,
and uncertain environments. It is a process for identification of actual situation
as the result of the occurring events within the environment. With outstanding
performance, different situation recognition approaches for various applications have
been developed. However, far too little attention has been paid to individualization
of situation recognition. Situation recognition process could be individualized for
supervision of human operators by learning and considering exclusive behaviors,
preferences, and priorities of individual human operators.

The event-discrete situations which are generated with a sequence of triggered ac-
tions could express individual behaviors of human operators. Accordingly, represen-
tation and identification of event-discrete situations are considered in this contribu-
tion.

The purpose of this thesis is to propose a new framework for individualized situation
recognition by applying novel knowledge representation and reasoning approaches.
The most major challenges to be solved through the proposed framework for in-
dividualized situation recognition are modeling and representation of experienced
knowledge as well as learning the new unknown situations. Those challenges could
be stated as two questions as follows: How to model and represent the event-discrete
situations to a knowledge base? How to reuse the knowledge for further situation
recognition?

In this work, Case-Based Reasoning (CBR) approach is applied to realize indi-
vidualized situation recognition for supervision of human operators. The classical
CBR is improved with a new learning process to recognize known occurring situ-
ations and generate new knowledge from unknown occurring situations. To deal
with the noted challenges and realize the situation recognition, the classical CBR
is also improved with application of a knowledge representation approach based
on Situation-Operator Modeling (SOM) and fuzzy logic (FL). This work details
the proposed CBR approach as a part of approximate reasoning. An integrated
knowledge representation approach based on SOM and FL is introduced for repre-
sentation of knowledge in the CBR. The SOM approach models the knowledge and
describes the relations between discrete-event situations in a dynamic environment.
The presented SOM approach supports the learning process by defining a sequence
of situations and actions for each situation pattern. The FL approach structures
the knowledge modeled by SOM for approximate knowledge inference. Additional
processes need to be carried out in the proposed fuzzy SOM-based CBR to support
online learning, data reduction, and knowledge indexing.

The presented framework is applied for realization of an individualized lane-change
situation recognition to supervise human drivers. The goal is to recognize the suit-
able driving situations for changing the lane for individual human drivers. The
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framework is evaluated using various data acquired by a driving simulator. This
evaluation is done using different test drivers to highlight the effectiveness of the
proposed approach for individualized situation recognition.

The results demonstrate that the proposed framework can realize a successful driving
situation recognition in terms of accuracy, detection rate, false alarm rate, and
recognition elapsed time. It is shown that individualized situation recognition can
significantly improve the recognition accuracy.
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1 Introduction

Situation recognition for a system which is known as understanding the significance
of the system state and its related environment plays a key role in situation aware-
ness. This understanding is realized by assigning the meanings to the perceived
data [YDM12].

Accordingly, situation recognition could be introduced basically as a process used to
support actions (action taking) and forthcoming predictions for the actual situation
as well as complex decision-making in cognitive systems.

Situation recognition could be considered as an important task of cognitive systems.
It is possible through reasoning in unplanned, imprecise, and uncertain situations.
However, a complete description of a situation may not be possible since too much
information are required to be analyzed. But, the significance of the situations with
respect to the system operator goals should be recognized.

With the growing interest in using assistance systems for supervision of human
operators, development of an advanced situation awareness got special attention at
different application levels. In a dynamic environment, different factors such as the
existence of blind-spot areas or high levels of acute stress may decrease awareness
and actual understanding of the environment [PTH+16]. Situation awareness as a
critical aspect of human decision-making [EG00] could improve the decisions and
actions of individual human operators.

In the past several years, significant steps have been made in the improvement of
situation awareness in dynamic environments. Being aware of status, characteristics,
and dynamics of relevant elements of the dynamic environment and understanding
the significance of those elements by considering operator goals enhance situation
awareness [End95].

Moreover, real-time situation recognition plays an important role in situation aware-
ness of human operators. Since humans usually characterize and interpret the sit-
uations according to their individual experiences and priorities [SJ16], it may be
argued that consideration of exclusive behaviors of human operators improves indi-
vidual situation awareness.

1.1 Towards individualized situation recognition

1.1.1 Definition of situation

A situation is defined in different ways. According to Endsley [end], a situation is
the result of “the perception of elements in the environment within a volume of time
and space, the comprehension of their meaning, and the projection of their status in
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Figure 1.1: Different types of situations [SHSon]

the near future”. Mooray and Sheridan [MS05] note that situation “is a shorthand
description for keeping track of what is going on around you in a complex, dynamic
environment” [MH87]. According to McCarthy et al. [MH87], “a situation is a finite
sequence of actions”. Moreover, Dousson et al. [DGG93] give the meaning of “set
of event patterns and a set of constraints”.

However, a situation could be defined by perceiving the status, attributes, and
dynamics of relevant elements in the environment [End16]. According to [JBL06],
the dynamic component defining the behaviors of an agent is based on the concepts
of situations, events, actions, and time.

According to [Söf01], an event-discrete situation is generated when an event occurs.
The difference between time-discrete states and event-discrete situations is shown
graphically in Fig. 1.1. Here, events occur with any changes in the elements or
relations in the situations. Trigger actions as being possibly the cause of an event
could be defined as the functions for generating an upcoming situation.

Trigger actions could also be divided into active or passive actions [Söf01]. Active
actions refer to the actions which are observable and adjustable by human operators
while the passive actions may be unknown and performed by other agents in the
environments.

In [Söf01], a situation Si is defined using a set of characteristics C defining that
actual state and relationships between the characteristics R.

Si = {C,R} ,
C = {c1, c2, ..., cn} ,
R = {r1, r2, ..., rm} ,

(1.1)
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where n and m indicate alternatively the number of characteristics and relations
defining the situation.

In addition, different relationships such as generalization (if a situation is more
general than another situation), composition (if a situation is composed of other
situations), dependence (if a situation occurs if and only if another situation oc-
curs), contradiction (if two situations could not occur simultaneously), or temporal
sequence (if a situation may occur after or before another situation) could exist
between two situations [YDM12].

1.1.2 Problem of situation recognition

The term situation recognition to which this work is devoted is applied based on the
definitions proposed by [NR03] and [Fis14]. According to [NR03], it is defined as the
recognition of the situations affected by a sequence of events or actions performed by
operators. Moreover, situation recognition is addressed by [Fis14] as identification
of the situations possibly leading to a specific situation pattern.

According to [Dev06], the world consists not just of objects, or of objects, prop-
erties, and relations, but of objects having properties and standing in relations to
one another. Consequently, a situation is describing the actual state of the world
including the objects, their features, and the relations.

The essential problem of situation recognition for an agent here is understanding its
actual situation (internal state of the agent and its related environment including
the state of entities) at an instant of time by considering a sequence of the performed
actions, occurring or upcoming situations.

A situation could be identified in three phases: (1) finding the similarity of the ob-
served features in situations, (2) finding the relation between the features, (3) detect-
ing the relation between the occurring situations [RC12]. Here, situation recognition
is a pattern recognition problem to identify the actual situation by comparison with
the defined situation patterns. Features and the relationships between the features
need to be associated with the values that can change over time [BKM+03].

According to [SJ16], “the unique nature of situation recognition problem is reflected
in the spatiotemporal grounding of all data as well as features defined and obtaining
actionable insights from observed spatiotemporal data”.

Based on the formulated situation presented by [Söf01], the situations S1 = {C1, R1}
and S2 = {C2, R2} are equal if

C1 = C2 ,
R1 = R2 .

(1.2)
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The set of characteristics C1 and C2 describing the situations must be the same. The
set of relations R1 and R2, must relate the corresponding situation characteristics
C1 and C2.

The situation recognition devoted to this work for a system receives a stream of time-
stamped status of ego-system and its related environment as input. It performs a
situation when an event occurs. It returns identified situation patterns as the output
by generating deducted situations according to the trigger actions.

1.1.3 Individualized definition of situations

A situation may not always be interpreted similarly for the human operators with
different personal preferences and priorities. In addition, the current environmental
situation may dynamically be captured based on different emotional states of human
operators [WB12]. This difference may be in terms of characteristics importance in
the definition of a situation, and linguistic modifiers applied for description of the
situation. However, a variety of human operator goals and experiences cause these
differences.

Linguistics terms could be defined for human operators based on their acquired ex-
periences and knowledge about the situations. A cognitive system should be able
to supervise and interact with human operators identically using their acquisitive
linguistics terms. Accordingly, the situation recognition process should support the
situation awareness by consideration of individual human operators and individual-
ized definition of situations.

1.2 Problem formulation

Situation recognition can be considered as a pattern matching problem where the
patterns state the situation types. Here, the situations could be classified into
different situation patterns. At least three important factors need to be considered
for addressing a situation recognition problem as follows

- A suitable knowledge representation approach should be proposed for mod-
eling the situations. The represented knowledge should be understandable
by human decision makers and be suitable for online learning by facilitating
knowledge adaption.

- Situation patterns (types) should be defined for classification of situations.
These patterns are usually characterized according to human operator goals.

- It is vital to have a comprehensive and efficient approach to perform a complete
process of situation recognition and learning.
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It is hypothesized that the main difficulty is dealing with a complex and continuous
environment specified through event-discrete, imprecise, and uncertain knowledge.

Although different researchers have focused on recognition of the situations, a real-
time recognition is still sluggish. On the one hand, the notion of situations is still
vague, and there is a lack of knowledge representation approach for modeling the
event-discrete knowledge about dynamic environment [SJ16]. On the other hand,
less attention has been paid for individualization of situation recognition.

In recent years, the problem of situation recognition has been addressed using dif-
ferent methods such as deterministic, probabilistic, and approximate reasoning.

The deterministic reasoning could be realized using rule-based systems, [WGB08],
ontology, and Petri net [LBRR07]. This is a desirable reasoning for pattern recog-
nition when training data does not exist. However, the definition of reasoning rules
is a challenge in this type of reasoning.

The probabilistic reasoning is realized by applying conditional probability to express
the relationships between characteristics of situations and representation of knowl-
edge. From this type of reasoning, Hidden Markov Model (HMM) and Bayesian
network (BN) have been widely applied for dynamic behavior modeling and activi-
ties recognition [CX04,FB12].

The approximate reasoning could be realized using a rule-like representation of
knowledge to describe the relationship between characteristics of situations by ap-
plication of fuzzy logic for knowledge inference [SZ14,Bal79].

Approximate and probabilistic methods are uncertainty reasoning methods and com-
parable with human type reasoning [Yag09]. They are the most common methods
dealing with uncertain and imprecise data exhibiting various degrees of dynamism
since they allow for uncertainties in knowledge representation and reasoning. Ac-
cording to a comparison test presented in [Yag09] using a general framework for
reasoning with uncertainty based on DempsterShafer theory [Sha92], there is an
underlying unity in the inferred results between these two methods.

The main difficulties of using probabilistic logics are discretization of continuous
variables, providing model structure, expressing the knowledge in probability dis-
tributions, and computational complexity [PU15, Uus07]. In addition, disability of
fuzzy logic in learning as well as specification of fuzzy rules without using expert
knowledge are the main challenges in the application of fuzzy logic-based approxi-
mate reasoning which handles a large number of noisy sensor data [YDM12]. How-
ever, fuzzy logic as a Rule-Based Reasoning is a knowledge-based approach closely
related to expert systems. According to [Ber11], Rule-Based Reasoning (RBR) may
be integrated with Case-Based Reasoning (CBR) when the rules are deficient or
hardly definable in some way. The CBR approach has the abilities to learn from
new knowledge and situation recognition using previous knowledge.
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Therefore, by considering advantages and disadvantages of the proposed approaches,
the following general problem statement is formulated.

Problem statement: Is an integration of CBR with approximate reasoning
approach viable for recognition of event-discrete situations in dynamic envi-
ronments?

According to [Dah11], a viable solution for situation recognition is defined as a
solution that

- has good situation recognition performance,

- has acceptable response time,

- allows for manually constructed situation patterns to be adapted, and

- is applicable in real-world applications.

In this work, a new situation recognition framework by integration of CBR and
approximate reasoning is proposed. Here, the actual state of ego system and its
related environment is received as input. By finding relevant contexts, uncover-
ing meaningful correlations between the characteristics, and relating the occurring
situations through the events, the actual situation is identified and labeled with a
descriptive type. To answer the problem statement, three problem questions should
be answered.

1.2.1 Problem questions

The success of situation recognition in cognitive systems depends on knowledge rep-
resentation which is still a challenge in the development of cognitive systems. To
fulfill the requirement of viability, an effective knowledge representation approach
should be applied to support event-discrete knowledge. This leads to the first re-
search question, which reads as follows

Research question 1: How to model and represent event-discrete knowledge
about situations for situation recognition based on approximate CBR?

Even though knowledge representation is important to support situation recognition,
a learning process is also required to adapt the knowledge. The adaptation should be
according to the events resulting from new behaviors of individual human operators.
Accordingly, the second research question reads as follows
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Research question 2: How to improve reasoning process in approximate
CBR to learn exclusive behaviors of human operators and maintain the knowl-
edge base to support individualized situation recognition?

The performance of the situation recognition using the proposed approach should
be evaluated for a real-time application. Accordingly, the third research question
reads as follows

Research question 3: How can the individualization improve the situation
recognition performance?

1.2.2 Problem objectives

To answer the research questions, three research objectives have been identified.
They are noted as key milestones of this research.

The first research objective goes to address the first milestone of this research by def-
inition and conceptualization of event-discrete situations. Knowledge base structure
and its related databases, as well as data flow in reasoning process, lead to propose
an effective knowledge representation approach. Therefore, the first objective reads
as follows

Research objective 1: To propose and develop an appropriate knowledge
representation to support situation recognition based on approximate CBR.

Situation recognition approach should be equipped with a learning process to update
the knowledge base by learning from the experienced situations. Here, the knowledge
would be adapted with new experiences or behaviors of individual human operators.
Thus, the second objective reads as follows

Research objective 2: To propose and develop an effective learning pro-
cess to support knowledge representation approach and individualized situation
recognition based on approximate CBR.

An experimental application should be implemented to measure the performance
and efficiency of the developed situation recognition approach. It is important to
consider different evaluation metrics to measure the viability of the proposed ap-
proach. Accordingly, the third objective is as follow

Research objective 3: To evaluate the performance of the proposed situation
recognition based on approximate CBR in terms of false alarm rate, detection
rate, recognition accuracy, and recognition elapsed time.
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1.2.3 Research methodology

The research methodology undertaken in this thesis is started with a literature
review on real-time situation recognition methods. Then, previous researches about
personalization of situation definition and recognition for situation awareness are
considered.

This work has been structured according to the three research objectives. These
objectives can arrange significant milestones for investigating the problem and suc-
cessfully answering the research questions. However, the nature of the objectives
varies. Accordingly different methods are suitable for each objective. A brief syn-
opsis of the applied methodology related to each objective is presented in as follows

Research objective 1 is concerned with theoretical conceptualization and defini-
tion of situation recognition problem. With this, an event-discrete knowledge
modeling approach based on SOM approach is proposed and applied to CBR
for the first time for formalization of the events as a sequence of scene-related
changes (actions) in the dynamic changing environment. The fuzzy logic is
also applied as a part of knowledge representation to handle uncertain knowl-
edge and formalize approximate reasoning. Accordingly, the knowledge base
structure will be discussed and designed to support knowledge representation
of approximate CBR.

Research objective 2 is concerned with theoretical concepts of reasoning pro-
cess in fuzzy SOM-based CBR. Here, a new framework for situation recog-
nition and learning is proposed. Here, fuzzy rules are utilized for adapting
and inferring the knowledge to obtain new knowledge about the actual situa-
tion. Additionally, existing methods for automatic generation of membership
functions as well as feature selection for data reduction are reviewed and com-
pared. Accordingly, membership functions generation and feature selection
approaches are proposed and developed for characterizing the situations for
individual human operators.

Research objective 3 is concerned with empirical results of fuzzy SOM-based
CBR for individualized situation recognition. Here, a situation recognition
framework based on fuzzy SOM-based CBR is designed and implemented using
jCOLIBRI software [DAGCRGSRG07]. Using the open source software jCOL-
IBRI, the CBR process including large case bases and relational databases
could be developed. In this thesis, a scenario of driving application is uti-
lized to conduct the experimental evaluations of the proposed approach using
the designed framework. However, the scenario is intended to carrying out
both theoretical and experimental investigations. The proposed framework is
implemented and evaluated for that application.
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1.3 Thesis overview

This thesis carries out theoretical and experimental investigations with respect to
the individual situation recognition using approximate CBR. This issue is addressed
through the utilization of a knowledge representation approach based on SOM and
fuzzy logic for modeling and structuring the event-discrete knowledge. In addition,
a learning process is proposed and developed for improvement of CBR to learn new
knowledge for further situation recognition. Investigations are carried out when
using complex and dynamically generated situations as well as when using real-word
data for real-time recognizing the situations.

A viable solution to the proposed situation recognition problem is a solution that:
(1) can achieve good performance in real-time recognition of the situations, (2) can
model event-discrete situations and personalize the characteristics of the situations,
(3) allows for learning from new situations and adapting the knowledge base based
on the new knowledge, (4) is relevant for real-world applications.

The results of this research point towards the proposed fuzzy SOM-based CBR as
a viable solution to event-discrete situation recognition problem.

1.3.1 Research scopes

As argued, the results in this thesis point out that approximate CBR may be used
as a viable approach for carrying out individualized situation recognition efficiently.
There may also exist other techniques that can be applicable for a development of the
algorithms in the formulated problem. Since the goal of this research is investigating
the applicability of approximate CBR, the approach will not be compared with other
comparable techniques. Naturally, in future work, it is interesting to compare the
proposed approach with such techniques.

In the proposed approximate CBR, different procedures have to be progressed for
knowledge retrieval, adaption, or maintenance. Accordingly, different methods could
be applied for each procedure. However, selection of the methods applied to the
procedures in this work is based on a literature survey on the performance of the
methods in different applications and some evaluations for the experiments applied
in this work. However, there is not a focused comparison among various integrations
of the applied and existing methods.

In this work, the performance of the proposed approach in situation recognition
is measured using different evaluation metrics: false alarm rate, detection rate,
recognition accuracy, recognition elapsed time, and knowledge base workload during
the learning process. In addition, 10-fold cross-validation is employed to measure
the generalizability of the approach.
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In this thesis, the proposed approach is applied as a framework with the ability of
lane-change situation recognition and is implemented for the driving data acquired
using a simulator. Here, the knowledge base could determine the applicability of the
proposed approach for driving data related to 9 test drivers. However, the reasoning
framework is generalized for real-time applications.

A driving situation in the target application is defined for individual human opera-
tors by a specification of definition based on the state of ego-vehicle and its related
environment. However, other characteristics affecting behaviors of human drivers
in different situations such as the characteristics showing humanś emotional state
could be considered in the definition of situations.

1.4 Thesis outline

The rest of this thesis is structured in several chapters that outlined as follows

Chapter 2 gives the basic concepts of situation recognition and reviews existing
methods for identification of the situations. In addition, there is a literature
review on knowledge representation and reasoning process in fuzzy CBR.

Chapter 3 proposes a knowledge representation approach to handle event-
discrete situations in fuzzy CBR.

Chapter 4 offers a reasoning process and its related procedures for situation
recognition and knowledge learning for individual human operators.

Chapter 5 introduces a platform for developing the situation recognition frame-
work. In addition, it addresses the research questions and presents experimen-
tal results related to knowledge representation and learning.

Chapter 6 summarizes and concludes the approaches, discusses research con-
tributions and the work that has been carried out. In addition, it outlines
future works.
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2 State-of-the-art

This chapter consists of two sections. In the first section, the concept of situation
recognition by impressing on supervision of human operators in dynamic environ-
ments is reviewed. In addition, the existing methods are introduced and discussed.
The second section gives a review of fuzzy-based CBR concept as an approximate
CBR and its related approaches for situation recognition. Additionally, the poten-
tial research directions of fuzzy-based CBR are addressed to advance its real-time
applications.

The contents, figures, and tables presented in Section 2.2 have been prepared and
submitted as the journal paper “Integration of Case-Based Reasoning and Fuzzy Ap-
proaches for Real-time Applications in Dynamic Environments: Current Status and
Future Directions” [SHSed].

2.1 Situation recognition concept and methods

This chapter reviews the theoretical concept of situation awareness. Key components
and related knowledge base in situation assessment are introduced. In addition,
the role of situation recognition in situation awareness will be argued and modeled.
Furthermore, the situation recognition methods proposed in recent years by previous
researchers are reviewed and discussed.

2.1.1 Situation awareness

According to [End95], situation awareness is “perception of the elements in the en-
vironment within a volume of time and space, the comprehension of their meaning
and the projection of their status in the near future”. It is an important process
goes to a good decision-making and action taking in dynamic and complex environ-
ments. Situation awareness improves the human attention about the environment
by relating the knowledge about the real-world or human goals and objectives. For
example in a driving application, situation awareness could be reached by assessing
and predicting the status of ego-vehicle, driver, and its related elements in relevant
driver’s goals in a driving environment.

Situation awareness is reachable in three levels [End95]: (1) perception of the el-
ements in the environment, (2) comprehension of the current situation, and (3)
projection of future status. In the first level, the status, attributes, and dynamics of
relevant elements in the environment are perceived. Understanding the significance
of the actual situation is the main duty of the second level. This understanding is
possible by finding relations between attributes and elements in the actual situation
as well as their connections with previous situations. In the third level of awareness,
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a projection of possible situations by considering future actions of the elements in
the environment will be given. Projection of future states could be advanced to a
planning process by prediction of upcoming situations.

The three levels of situation recognition and the related components for decision-
making could be modeled as shown in Fig. 2.1. Working memory is limited and
includes the temporary basis of the information needed for actual situation assess-
ment or decision-making. The long-term memory includes the stored information
about experiences, goals, or criteria for decision-making.

Figure 2.1: Theoretical model of situation awareness and its related components in
decision-making process [SHSon]

2.1.2 Situation recognition

Situation recognition process could be addressed in the second level of situation
awareness. This process can identify the significance of the current situations ac-
cording to the situation patterns defined by human experts or learned through the
time. The role of situation recognition in situation awareness for supervision of hu-
man operators could be illustrated in Fig. 2.2. It is supported by comprehension
of current state as addressed in the second level of situation awareness. This pro-
cess can identify the significance of the current situations according to the situation
patterns defined by human experts or learned from new experiences.

Here, the human operator is considered as a component for semi-autonomous sys-
tems. The human operator is in interaction with the environment and cognitive
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system. The cognitive system interacts with the human operator through a human-
machine interface to present the information to the human about the reasoning
results and to implement control operations. The perceived information is consid-
ered as the input of the process. The identified situation patterns as the output of
the process go towards the projection and decision-making processes.

The projection and decision-making are processed through a high-level cognitive
reasoning. A human-machine interface could be applied to support the interaction
between the human operator and cognitive system. This interaction could be de-
signed to show three types of output: (1) information about recognized situation
patterns which is the output of situation recognition, (2) a decided action which is
the output of decision-making, or (3) alternative actions which are the output of
projection process.

Figure 2.2: The role of situation recognition in decision-making process and super-
vision of human operators in dynamic environment [SHSon]

2.1.3 Situation recognition approaches

Recognition of a situation is one of the primary processes in reasoning [YDM12].
The problem of situation recognition has been addressed through different methods
such as deterministic, probabilistic, and approximate reasoning. The interest in
those reasoning approaches back to the very early days of artificial intelligence when
problem-solving requires a high degree of intelligence . Two main components of
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the reasoning approach (considered here as a knowledge-based approach) are the
knowledge base and reasoning engine as shown in Fig. 2.3. The knowledge base
consists of the rules or a network of existing knowledge. The inference engine works
based on a logical deduction, the rules of probability theory or other theories of
reasoning. By considering the knowledge base as a model, the term model-based
reasoning could also be used [YDM12]. The identification results deviate from the
rules of reasoning theory based on the observed states of a system.

Figure 2.3: A reasoning system [Dar09]

In the following sub-sections, the main idea of these common reasoning methods
will be introduced.

Deterministic reasoning

The deterministic reasoning is based on production rules to represent a situation
specifications using predicate logic. A production rule is in the form, “If x ob-
tains, derive y”. The logical formula is usually generated using purely expert
knowledge [YDM12]. However, the logic should be defined and precisely articu-
lated [Ste09]. The formal logic approaches in which the knowledge about situations
can be discretized and applied for deterministic reasoning [Lok10]. These approaches
use rule bases for verification of the integrity and consistency of situation specifi-
cations. First-order-logic approach is an approach used for the realization of deter-
ministic reasoning in precise system models [BBH+10].

Ontology or description Logic reasoning which can represent knowledge about a field
of discourse could be considered as a deterministic reasoning. It is a formal specifi-
cation of all the relevant concepts (or classes) and their meaningful associations in a
given knowledge domain. Ontology could be applied to handle very large knowledge
graphs for modeling and reasoning. The key concepts in ontology reasoning are
entity, relation, role, and resource. The objects and instances in the domain such as
“person”, “man”, and “doctor” are entities. The relationships between the objects
such as “hasChild” are specified as relations. Roles involved in specific relationships
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such as “doctor”. The resources address the characteristics associated with domain
instances, such as ”name” which could be considered as properties of an object.
Here, the knowledge base consists of a pair of <T,A>, where T is a set of back-
ground knowledge contains concepts definitions, defined roles, and axioms such as
constraints, and A is a set of situative knowledge including instances of the concepts
and the roles between them. Knowledge representation is based on different class/-
concept constructors such as intersectionOf (C1 u ... u Cn), unionOf (C1 t ... t Cn),
complementOf (¬C), oneOf ({x1} t ... t {xn}), allValuesFrom (∀P.C), someValues-
From (∃P.C), maxCardinality (≤ nP), and minCardinality(≥ nP), where C, P, and
x show the a class, role, and individual name alternatively (for more information
refer to [Baa03]). As an example, a part of knowledge could be defined as follows

Person u ∀hasChild.Doctor.(Doctor t ∃hasChild.Doctor) . (2.1)

In addition, the inference engine in ontology reasoning includes consistency, in-
stance entailment, instance classification, instance retrieval and conjunctive queries
to retrieve the individuals for which the query conditions are satisfied (for more
information refer to [Hue14]).

Moreover, classical Petri net is a common approach applied for deterministic rea-
soning. This approach can specify and model the relationships between the situ-
ations. An advantage of considering the situations relationships is confining the
search space for recognition of potential situations [BBH+10]. Although Petri net
provides good recognition performance, it requires a complete and exhaustive situ-
ation model including the potential situations and their relationships which are not
always definable [BBH+10].

Probabilistic reasoning

In this kind of reasoning, probabilistic logic is applied to express the relationships
between situations using conditional probability [Yag09]. In probabilistic reasoning,
the related events’ probabilities could be defined using the rules.

Bayesian network is a probabilistic directed acyclic graphical model used widely
for probabilistic reasoning. The knowledge base in this probabilistic reasoning is
a network of knowledge with graph structure, and the reasoning engine is based
on Bayes’ theorem. Bayesian network uses a graph and encodes the conditional
independence relationships between a set of variables X = x1, x2, ..., xn, where n shows
the number of variables. It provides the joints probability distribution P(x1, x2, ..., xn)
over the variables. An example of the knowledge modeled by Bayesian network is
as follows

F1 : P (A | B) = 0.6 ,
F2 : P (D) = 1 ;

(2.2)
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where A,B,D stand for the situations, P(D) shows prior probability of the situation
D before the current situation is observed, and P(B | A) is posterior probability of
situation A after the observed situation B.

Bayesian inference computes the posterior probabilities according to Bayes’ theorem
as follows

P (B | A) =
P (A | B) . P (B)

P (A)
. (2.3)

Using Bayes’ theorem, the degree of belief or confidence of an occurring situation is
measured based on prior observed situations.

Approximate reasoning

The approximate reasoning could be realized by applying a rule-like representation
of knowledge to describe the relationships between two variables or situations. An
important feature of approximate reasoning is the fuzziness and non-uniqueness of
consequences of fuzzy premises.

The fuzzy logic (FL) is applied widely for approximate reasoning. It is used for
reasoning on uncertain context information by representing the confidence values
using membership degrees instead of probability. Each quantitative variable applied
for situation identification could be defined using a fuzzy set. Each fuzzy subset is
defined using a membership function. Accordingly, the knowledge base is composed
of a set of admissible approximate consequences and a database of the modeling
parameters of membership functions.

By considering two variables U and V and their related fuzzy sets X and Y, two
approximate consequences F1 and F2 introduced in [Yag09] are given as follows

F1 : if U is A then V is B end ,
F2 : U is D ;

(2.4)

where U and V take their values in X and Y respectively, and (A,D) ⊆ X and B ⊆ Y.

The inference engine of FL works based on the fusion operations such as intersection,
union, complement, and modification.

Here, an example of two admissible approximate consequences F1 and F2 is given.
The approximations showing the variables compatibilities are specified using the
fuzzy subsets (linguistic terms) “most”, “very”, and “likely”. The compatibility
functions of those fuzzy subsets are shown in Fig. 2.3.

F1 : (most) students write paper ,
F2 : Jackson is a student ;

(2.5)
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F3 : It is (likely) or (very likely) that Jackson writes paper , (2.6)

Figure 2.4: Compatibility functions (not to scale) of most, likely, very likely, unlikely,
few and very unlikely [Zad75]

According to [BBH+10], FL is an appropriate approach for describing subjective
contents and resolving potential conflicts between the contexts. Accordingly, to deal
with vague information in many classical description logics and ontology languages,
FL could be applied successfully [BS11].

2.1.4 Selection of approximate reasoning

In previous sections, different reasoning approaches for situation recognition are
introduced. Those approaches have some advantages and disadvantages.

In the applications in which cognition is uncertain, or many parameters related to
the environment could not be discretized, deterministic reasoning is not applicable
anymore. To deal with uncertainties, the probabilistic or approximate reasoning
could be applied or integrated with the deterministic reasoning for situation recog-
nition [YDM12].

A comparison result obtained using Dempster-Shafer framework shows an under-
lying unity between the inferred values obtained from approximate reasoning (by
applying FL approach) and probabilistic reasoning (by applying Bayesian network)
[Yag09].

The probabilistic reasoning approach, the Bayesian network, is a learning-based
approach relying on the models of prior knowledge. Handling the missing data
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entries, avoiding over-fitting of data are two advantages of this network. However,
Bayesian learning needs high computational time, and it is hard to interpret the
knowledge. In addition, the probabilistic approaches may lack credibility due to the
unavailability of estimations [YDM12]. It is difficult to represent the knowledge in
probabilistic distributions and provide wide coverage [Uus07].

The approximate reasoning approach, FL, is a specification-based approach in which
the knowledge is commonly generated based on human’s expert knowledge. How-
ever, FL is responsible for knowledge representation and sharing. In this thesis,
FL would be integrated with learning-based approaches for situation recognition to
advance the ability of knowledge learning and deriving new knowledge.

2.2 Approximate Case-Based Reasoning

This survey reviews recent researches conducted on the application of fuzzy ap-
proaches to CBR dealing with real-time applications. Fuzzy approaches have been
effectively applied for knowledge representation, feature selection, and learning in
CBR. Dealing with imprecise and uncertain knowledge, generalization, mining, and
learning also in combination with low computational complexity are the main ad-
vantages of fuzzy approaches used in the CBR context. This section reports new
findings on the integration of fuzzy approaches with CBR. The survey result high-
lights the advantages of fuzzy approaches in CBR for real-time applications. It shows
the current state of fuzzy-based CBR approach. In addition, it addresses the fuzzy
approaches which are more operative for each operation in CBR. Those operations
most contributing to the advantages of the fuzzy approach will be pointed out and
detailed. Finally, some considerations of latest developments in fuzzy approaches
which may be introduced as potential research directions for real-time applications
are concluded.

2.2.1 Basic concepts

In recent years, some instance-based techniques in solving cognitive problems such
as decision-making, situation recognition, classification have been proposed. The
CBR as an instance-base approach has been successfully applied to a wide range
of application-based problems such as classification, diagnosis, planning, situation
awareness, and decision-making [Per14].

Case-based reasoning approach is such a technique dealing with previous experiences
(cases) of the solved problem in understanding new problems. It allows avoidance of
previous wrong solutions and can apply successful solutions in solving the problems.
The reasoning process in CBR approach is similar to human reasoning as humans
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take their past experiences into account and use them to make future decisions
[GS08].

A case (defined as an episodic experience [BAF+11]) in CBR contains the knowledge
about a problem description, a related solution, and the effect (a situation occurs by
affecting the solution on the problem). A problem may express partly the internal
structure of a system and the related environment, defined as “situation” [Söf08].
Consequently, the executed action by the system and the upcoming situation are
known as “solution” and “effect” respectively [SS15]. The knowledge base applied to
CBR includes the knowledge about the features, similarity assessment, and adaption
conditions or rules. Case base is the main component of knowledge base utilized
by CBR to store the experienced cases appending over time during the reasoning.
Handling the incremental knowledge is one of the challenges in CBR which affects
the system performance in real-time applications [DCGH12]. Using CBR with a
large case base may cause high memory usage, high computational complexity with
respect to retrieval time and memory space. These properties may reduce the system
performance specially in the real-time environments with a lot of possible experiences
including continues variables that need fast response time. Application of an effec-
tive case representation, an improved organization of the case base, as well as using
robust methods in feature selection, case retrieval, adaption, and learning through
CBR process may help to overcome the storage and computational challenges with
a lot of experiences in the case of real-time realization.

Dealing with uncertainty and imprecision during knowledge reasoning is always part
of a system requirement in complicated real-world applications [PY12,Kol14]. One
of the current significant discussions for this issue is the integration of fuzzy ap-
proaches to improve CBR performance. According to Khanum et al. [KMJS09], the
integration of fuzzy approaches and CBR has several advantages as follows

- improvement of knowledge representation,

- minimization of system computational complexity,

- isolation of using precise mathematical modeling,

- mimic of human capabilities in decision-making, and

- inferring and handling the imprecise and uncertain knowledge.

However, fuzzy approaches have some drawbacks in knowledge elicitation and learn-
ing mechanism which could be solved by integration with CBR. A system which is
working only based on fuzzy approaches uses the knowledge trained in the human
expert domain since it does not contain learning mechanism. However, CBR avoids
this problem by providing a learning process to learn new experiences and using
them for solving next problems. Fuzzy approaches could be successfully integrated
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to CBR for different real-time applications with the target of planning, diagnosis,
optimization, decision-making, and pattern recognition [SSA14].

Different studies in the field of CBR process have only focused on CBR applications
or application of specific method used in the process. Although various fuzzy ap-
proaches have been applied successfully to CBR, no discussion on the effectiveness
of fuzzy approaches in different processes of CBR for real-time reasoning could be
found. The main idea of this section is to address the application of fuzzy approaches
to an improvement of CBR performance for dynamic environment applications. Ac-
cordingly, this review concentrates on the effects of fuzzy-based CBR over the last
recent years. By focusing on recent studies, the new findings of fuzzy approaches to
enhancement of CBR will be discussed.

This section is organized as follows: In Section 2.2.2, the CBR process is discussed.
In addition, the applications of fuzzy approaches to each operation of CBR are ad-
dressed in Section 2.2.3. A survey of the integration of fuzzy approaches with CBR,
advantages and disadvantages of the proposed approaches, and new improvements
on the related fuzzy approaches is denoted in Section 2.2.4 and Section 2.2.5. Finally,
the summary and remarks are given in Section 2.3.

2.2.2 Case-based Reasoning process

Case-based Reasoning (CBR) is a methodology for solving problems in a system
such as diagnosis, planning, and decision. Here considering previous experiences
for solving similar problems are examined. The cycle of classical CBR shown in
Fig. 2.5 is realized in four phases: retrieve, reuse, revise, and retain. Retrieve is the
process of similarity assessment of the actual problem and experienced cases. In the
reuse process, the solutions of retrieved cases are adapted to the actual problem to
suggest a solution for the actual problem. In the next phase, revise, the suggested
solution is verified in a real-world context. Accordingly, in retain phase, the actual
problem and the confirmed solution can be learned and retained as a new case in
the case base. Besides these four phases, two significant concepts calling knowledge
representation and indexing are explained in the following sub-sections.

Knowledge representation, indexing, retrieve, reuse, revise, and retain are the main
concepts defining a CBR approach. Those concepts are discussed in this section
by focusing on the role of fuzzy approaches in each phase and their performance.
Additionally, advantages of the fuzzy approaches in CBR operations are addressed.

Knowledge representation

Knowledge representation is defined as a process of modeling and expressing the
knowledge in the computer to make them understandable and performable for rea-
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Figure 2.5: Case-Based Reasoning (CBR) process [SHSed]

soning. Knowledge in the CBR is defined as a set of cases and the related informa-
tion. A case in CBR, introduced by [BKP05] as “a contextualized piece of knowledge”
is showing an experience including a problem, the solution, and its effect.

A difference between knowledge representation approaches depends on the data
structure of features and case representation forms. In this section, properties of a
proper case representation and its requirements, as well as existing representation
forms will be explained. The role of fuzzy approaches in the proposed representation
forms and in covering the requirements will be stated.

According to Bichindaritz [Bic08] and Behbahani et al. [Mon11], utilization, adap-
tation, and generalization are the main properties of case representation to be ex-
amined and applied to a CBR process. Perner [Per14] demonstrates that “general-
ization and abstraction make the case base more robust against noise and applicable
to a wide range of problems”. Thus, knowledge representation could ideally make a
generalized case as a single experience to be reusable for a large set of problems. Ac-
cordingly, case representation should improve the dynamic learning through proper
organization and classification.

For representation of a case in CBR, different approaches such as first-order logic,
production rules, fuzzy production rules, frames, object-oriented, semantic networks,
scripts, and Petri nets have been proposed [FxYjB+16] in recent years. Those ap-
proaches could be categorized into three major groups: feature-vector, structured,
and textual representation [BKP05]. Rules and object-oriented representations as
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structured approaches are two popular and contrasting schemes for representation
of different knowledge [TBP12, DSS93]. Rules can represent a logical relation be-
tween characteristics and behaviors by associating actions with conditions. More-
over, feature-vector case representation could simplify case indexing for retrieval.
For planning applications, a case could be defined as a planning case including
the problem description, its related plan, and information about the planning deci-
sion [BKP05]. A problem recalls cases as experienced plans [MLM+05].

Case indexing

Case indexing refers to the assignment of appropriate indexes to the cases at storing
time into the case base. Speeding up future case retrieval is useful. Case indexing is a
learning process task. It is needed to make the case retrieval process easier and faster
[BRS15,Ser10,Spa01]. According to [PY12], the indexes should be predictive, useful,
and abstract enough to be retrievable at an appropriate time. Searching the cases
with a significant number of quantitative features may decrease the performance
of similarity assessment. Cases could be indexed by combinations of main features
reflecting the important aspects of them and their applicability in various problems
[Kol14]. Case indexing is also possible by considering the importance of each feature
(feature weights) for similarity measurement to determine the sort of features in the
generation of indices. Assigning indices could be a manual process that relies on
human experts. It could also be an automatic process that relies on a feature
selection process which is more applicable in unknown and dynamic environments
[SS15].

Feature selection is the process of selecting a subset from given features. This process
could improve data reduction process as well as retrieve and learning abilities in the
systems dealing with large amounts of knowledge [DCGH12, SLS11]. A case in the
case base could be retrieved by comparing the indexed features of the cases [Kol14].
As described, a case can be indexed and characterized by a set of relevant features.
Redundant features may increase the case base memory size and make the similarity
assessment process more complicated. On the other hand, feature selection improves
the ability of case generalization by reducing the number of irrelevant features. An
optimal subset of the most relevant features is found for the cases to satisfy a given
criteria for similarity assessment.

Feature weighting and feature selection in CBR have been covered extensively in
many types of research in recent years [SS14]. Many of the selection methods con-
taining greedy algorithms suffer from the nesting effect. Nesting effect happens
during a selection process when a removed feature could not be reselected.
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Similarity assessment and retrieve

According to [Kol14], similar experiences of a situation show a strong potential with
respect to situation prediction. Case similarity assessment on a case base and then
recalling similar ones to solve a new problem are the main purposes of the retrieve
process [Kol14]. Retrieve usually depends on a two steps search: local and global
similarity assessments which are measured for each feature and total weights of case
features respectively. Accordingly, the most similar cases with the best matching
features will be retrieved [Kol14]. Case representation and indexing determine the
complexity of retrieve process with respect to retrieval time and accuracy. In a
robust retrieve process, cases should be compared at more abstract levels of rep-
resentation. The similarity is evaluated in terms of indexed features and indicated
using a similarity value. According to Rodriguez [RMH12], the similarity value
should be normalized between 0 and 1 to be based on one scale in which large
values indicate more similarity between two cases.

Adaption and reuse

A retrieved solution from the case base has to be adapted and fit to the actual
problem using a reuse process. In this process, some parts of the retrieved solution
need to be changed. The changes should be specified to make old solutions reusable
for a new problem. According to [MLM+05], the existing adaptation methods are
divided into three classes: substitution adaption, transformation adaption, and gen-
erative adaption. The substitution adaption updates only some parts of the solved
solution based on the difference between the previous problems and actual problem.
The transformation adaption changes the structure of the solutions. The generative
adaption which is more flexible and applicable in various applications, suggests a
new solution by inferring from similar experienced solutions. The fuzzy approaches
applied to CBR for reusing the solutions are based on generative adaption.

Learning, revise, and retain

Learning process in classical CBR comprises two processes: revise and retain. Through
the revise process, correction of an adapted solution is verified. Knowledge mainte-
nance which could be triggered periodically, conditionally, or offline during a pause
in reasoning is the primary task of retain process. However, the learning process
may carry out a set of tasks such as data reduction to support the retain process.

The knowledge in CBR is upgraded by learning new experiences on the new solved
problems. In the retain process, new experiences should be evaluated for the learning
process. Different learning methods for short term and long term learning have been
proposed by the researchers. The learning process in a system uses the knowledge
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of the actual problem, the revised solution, and new status of the system obtained
from the real-world (the effects of the solution on the problem). The process of
adding new experiments in the case base is denoted as incremental learning [CG11,
Hül07]. Incremental learning may increase the size of the case base during the
learning [BAF+11]. The CBR approach generally requires large memory space and
computational time in retrieve and inference processes. Accordingly, maintenance
improves the performance of CBR by applying different approaches for storing the
new cases, updating the case base, data reduction, and removing the irrelevant
features of the cases [BAF+11,Kol14].

In [Smy98], maintenance is defined as a process with the abilities of eliminate the
out-of-date, redundant, or inconsistent cases, as well as grouping or generalizing the
cases to reduce redundancy. According to [Smy98], “effective maintenance relies
on an ability to model a complete performance (competence and efficiency)”. The
purpose of competence-based maintenance is saving the cases with low reachability
rate and high coverage rate. Reachability rate is defined as a set of cases which can
be replaced by the target case. Coverage rate is defined as a set of problems which
could be solved by the target case and shows the generalization capability of a case.
In contrast, efficiency-based maintenance covers special efficiency of the system such
as reaching to the high retrieval time by decreasing the case base size or removing
competence-critical cases. Thus, a maintenance process by considering both aspects
of competence and efficiency could enhance the CBR performance.

2.2.3 Applied fuzzy approaches to CBR

In this section, an overview of the application and efficiency of the fuzzy approaches
in integration with CBR is given. The results of a literature review on the inte-
grated fuzzy approaches with CBR for real-time application domains are presented
in Table 2.1. According to the review results, fuzzy set (FS), FL, fuzzy rough set
(FRS) theory, fuzzy cognitive map (FCM), and fuzzy decision tree (FDT) have been
applied successfully to the CBR process. These approaches and their applications
in CBR are addressed in the following sub-sections.

Fuzzy sets

Fuzzy sets are used for the representation of variables with a degree of possibility
and necessity without sharp boundaries. Improving the tolerance for imprecision
by transforming the quantitative values to qualitative values is an advantage of
FS. A quantitative value of a continues variable could be encoded using fuzzy set
membership functions.

A survey on the application of FS in CBR (Table 2.1) shows that FS could be
successfully applied for representation of knowledge. On the one hand, the value of
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a single continues variable could be encoded for several sets with different grades.
This ability could improve the tolerance for imprecision. On the other hand, different
values of a single variable may belong to one set with different grades. This ability
enhances the case generalization when a case could belong to different problems.
Application of FS in different domains is addressed in the following sub-sections
and summarized in Table 2.2.

Knowledge representation using FS In [FDE08,DFE08,KKC05], two different
methods for structuring the data in structural representation of cases in CBR are
applied: crisp and fuzzy. The results show that using FS to represent data values, the
case base size without any significant difference in retrieval accuracy can be reduced
compared to the crisp values. The fuzzy set could be useful in a generalization of
the cases according to their features values. In addition, fewer cases in the case
base will be stored, since fuzziness encodes and adapts the features values more
effectively [DHP02]. However, handling incomplete and uncertain knowledge as well
as structuring the continues variables are reported as advantages of FS by [FDE08],
[DFE08], and [KKC05].

The FS approach has been successfully applied for case representation to CBR in
real-time financial activity prediction [LH09] and coordinated action selection in
robot soccer [RADMV09]. In [FDE08,DFE08], a fuzzy histogram is utilized to rep-
resent visual perception of the agents. The obtained results by those contributions
show that the position of the objects in scene could be effectively approximated
using fuzzy parameters rather than conventional crisp set. In addition, Khanum et
al. [KMJS09] and Biswas et al. [BDPB13] and [HZL+14] applied FS for representa-
tion of the cases to simplify the measurement of facial action and rainfall prediction
respectively. Representation of imprecise and uncertain values of features will be fea-
sible by application of fuzzy approaches [LYH12]. In the proposed CBR approaches,
fuzzy sets are defined based in the human expert domain for representation of data.

In [RG02, CG11], FS is applied to CBR for data structuring in object-oriented
representation and feature-vector representation of cases respectively. The object-
oriented representation of the cases with complex structure can represent each case
at multiple levels of abstraction [AS14]. This helps to enhance the indexing ability
for various similarity measurement (see Section 2.2.2).

Indexing using FS The researchers showed that applying FS for representation
of feature values could be used as a complement for fast indexing the cases [Kol14].
This approach can be used to represent adaptable values of features and therefore
transforms the quantitative features into a few discrete groups. Therefore, FS could
decrease the complexity of retrieval time and memory space.
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In addition, application of FS improves the ability of multiple indexing [JL95]. A
solution in a single case could contain a potential solution for various problems as
its features may be encoded with different membership grades.

Retrieve using FS As discussed, knowledge representation and indexing affect
the performance of the retrieve process. In [CG11,LH09,AEGT04], FS is applied for
case representation. Intersection areas between the defined membership functions
are considered for similarity assessment in real-time applications.

Reuse using FS In [RG02], a case presented using object-oriented model is able
to describe the knowledge using possibility distributions. In this presentation, FS is
also applied for modeling the adaption constraints.

Learning using FS As reported by [CLBV08,GAG06,CSW01], case base main-
tenance could also be performed successfully by applying FS for representation of
features value and generalization of the values in feature level. Qualitative values
could facilitate the generalization of similar situations by assigning the same FS to
the features with similar value [RADMV09]. This kind of generalization in feature
level overcomes the problem of knowledge discrimination since the similarity of the
generalized features for two cases is considered for generalization. In addition, by
presenting the cases as fuzzy rules (see Section 2.2.2), a generalization in case level
could be realized.

Applying FS as feature structure, automatic generation of membership functions
would be a part of case base maintenance. In recent years, different algorithms have
been applied for refining the membership functions by space partitioning. Fuzzy c-
means and probabilistic c-means are suitable methods utilized for different applica-
tion domains [CATU10]. The design modeling parameters for membership functions
are determined using fuzzy c-means algorithm [PS04].

Fuzzy logic

Fuzzy logic is an approximate reasoning approach for managing and inferring the
vague information by utilizing a fuzzy set of values and suitable set of fuzzy inference
rules. Fuzzy inference system relies on the inference rule to match the value and
obtain adapted results [PS13]. Therefore, a rule base containing a set of fuzzy rules
plays an important role in FL.

Fuzzy logic is applied for knowledge representation and complex decision processes
to give the ability of knowledge inference by handling linguistic terms. According
to Table 2.1, FL is integrated with CBR mostly for case retrieval. In addition, it is
applicable for representation of knowledge, reuse and retain processes.
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In the application of FL, the fuzzy rules could be generated initially by human ex-
pert knowledge or automatically according to the learned cases in the case base.
Fuzzy logic benefits the advantages of FS since fuzzy rules apply FS for structur-
ing the values. Furthermore, FL overcomes classical logic in improving the CBR
performance by inheriting human reasoning process in handling the situations with
uncertain knowledge. However, extraction of fuzzy rules from human expert domain
or automatically from case base is an important issue in the application of FL. Use
of FL in different application domains are addressed in the following sub-sections
and summarized in table 2.2.

Knowledge representation using FL Fuzzy if-then rules could be applied as a
structural representation of cases in CBR. By using this representation, CBR bene-
fits the advantages of adding, modifying, and deleting the cases [AEGT04,XMZ13].
The fuzzy rules could be generated by expert knowledge or using the experienced
cases. According to [XMZ13], representation of the cases as fuzzy rules could im-
prove the computational efficiency with respect to retrieval time and memory space,
since fuzzy rules could be applied as case matching mechanism for retrieving the
similar cases.

Retrieve using FL In recent years, FL has been effectively applied for similarity
assessment [BAF+09, BAF+11, LYH12]. In this application, a set of fuzzy if-then
rules is organized for the CBR to measure the similarity between two cases. Using
fuzzy rules and fuzzy induction, the concepts of similarity and its possibility by
considering uncertain features could be established [DHP02]. Case retrieval using
fuzzy matching techniques may be relevant [LYH12]. In addition, by considering
additional information about the risk of features and feature weighting, the most
appropriate cases could be retrieved using fuzzy inference. This process called “suit-
ability process” in [CNSZ11], uses the information about risks (the danger involved
when an experienced value is used for a new problem) and weights of features to
adapt the fuzzy inference for retrieval. According to [CNSZ11], CBR has a good
features weighting by considering risk concepts in fuzzy similarity rules. Addition-
ally, the most suitable cases could be retrieved compared to the conventional CBR
in integration with ANFIS and K-NN approaches. Using the proposed method
in [CNSZ11], the most suitable cases which are sometimes different from the most
similar ones would be found.

In [AIA10,XMZ13] an integration of FL and CBR has been applied for case retrieval.
In the applied approach, cases are defined as rules based on fuzzy set. The member-
ship functions and fuzzy rules for fuzzy inference are generated by human experts
and during the design process. The proposed approach in [AIA10] can estimate the
hazard with acceptable accuracy. Moreover, Khanum et al. [KMJS09] applied FL to
CBR for an inference based on the indexed features and retrieving the most similar
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cases for pattern recognition. In addition, [BAF+09, BAF+11] applied FL to CBR
to propose decision support system in health sciences.

In [Xio11, AL13, XMZ13], FL is proposed for assessing the similarity between the
cases. The evaluation results using different case studies stress the efficiently of FL in
retrieve process. As discussed in Section 2.2.2, fuzzy rules could be applied for case
representation or case matching mechanism. On the other hand, fuzzy rules could
be justified in the human expert domain with the purpose of similarity assessment.
Fuzzy rules could be generated from the learned case using evolutionary techniques
such as genetic algorithms [Xio11].

Reuse using FL Fuzzy logic has been widely applied to CBR for case adaption
as shown in Table 2.1. In this application, fuzzy rules are generated from the experi-
enced cases in the case base for fuzzy inference. According to [PY12], case retrieval
by means of fuzzy matching techniques and case adaptation by using the concept
of production rules could be relevant. According to [LYH12], case adaptation by
using the concept of gradual rules would be relevant. In [DHP02], the fuzzy rules for
automatic adaption, selection, and a combination of relevant features are defined in
the human expert domain. Nevertheless, evolutionary techniques have been applied
successfully for generalization and optimization of fuzzy adaption rules [YBG12].

Learning using FL Research results on the suitability of fuzzy approaches for
case base maintenance [SKK05, Xio13] indicate that FL could be effective by gen-
eralizing and explaining numerical/quantitative values to linguistic terms, and sup-
porting competence-based and efficiency-based strategies.

Fuzzy rough set

The theory of Fuzzy rough set (FRS) is used as a well-known approach for identifica-
tion and recognition of common patterns in data, especially in the case of uncertain
and incomplete data [AEGT04,MSA14]. Using FRS theory, a fuzzy approximation
of a set including the lower and upper approximations of the original set is defin-
able [CLBV08,GAG06,MSA14,Per14]. Accordingly, a reduced set of features giving
the same information as the original set could be generated.

In recent years, an increasing interest in an integration of FRS theory with CBR
for feature selection process can be observed [AHY11]. Through feature selection
process, the features importance and the most relevant features of the cases could
be measured. As it is shown in Table 2.1, the most two applications of FRS are
case indexing and learning. The discrimination between these two applications is
not easy because features importance considered for indexing would be determined
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through a learning process. Accordingly, the application of FRS in both indexing
and learning processes is addressed here.

In [Wan06, FDE08], FRS is applied for feature weighting and reduction in CBR.
The researchers proved that FRS in integration with CBR could successfully mea-
sure feature weights for similarity assessment and removes redundant features. If
the features contain quantitative values, FRS does not need discretization [RJB+14].
Consequently, it may effectively be feasible and avoid losing information as well as
the nesting effect. In addition, an integrated FRS with CBR is proposed in [SLS11]
to measure the relevance of each feature and evaluate the number of features suffi-
cient for the given data. The data should be discretized first because FRS can only
handle nominal values. In [SLS11], a floating search method and threshold strategy
as criteria for feature selection are used. The proposed approach in [SLS11] has been
presented for maintenance and learning processes. The researchers show that the
fuzzy approximation operators could be represented as membership functions to im-
prove the robustness of FRS with respect to misclassification of the patterns and en-
hance the features value reduction [ZTCW10]. In [Wan06], FRS uses the information
of experienced cases as well as the cases clusters generated by Self-organizing Map.
The evaluation results on the performance of the proposed approach by [Wan06],
conventional CBR, and ANN for short-term load forecasting show that the pro-
posed approach could improve the prediction accuracy. In [ZLC14], FRS theory has
been integrated with CBR for feature weighting in a real-time estimation of product
particle size.

Fuzzy cognitive map

Fuzzy cognitive map (FCM) is an inference engine that uses the expert knowledge
or the knowledge achieved from the real-world in the form of fuzzy rules [CLBV08].
Features in cognitive maps could be represented using fuzzy values. Fuzzy rules
in FCM are derived from knowledge using knowledge extraction algorithms such
as fuzzy decision tree, association rule-based methods, and neuro-fuzzy methods
[DCGH12, MSA14]. The fuzzy rules in FCM emphasize the relation between fea-
tures (key factors of the system). The structure represents the significance of the
system. The degree of relationship between two features is usually fuzzified. In
addition, FCM supports dynamic involving feedback, where any changes in the fea-
tures impress other features [CLBV08]. Approximate reasoning and dealing with
incomplete knowledge have been addressed as the advantages of FCM in integration
with CBR.

Knowledge representation using FCM In [DPDRJ11], it is shown that FCM
could be applied as a complete representation of structured knowledge in CBR for
modeling the knowledge and supporting the planning process in complex systems.
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This fuzzy approach is a relational model for representing the causal knowledge
between concepts and inferring the concepts using fuzzy inference. Here, an ex-
perienced problem in CBR is realized as a concept in FCM. A relation between
the concepts is represented with a link showing the effects of experienced solutions.
By considering the existing relations which could be organized dynamically during
a learning process or initially by human experts, FCM can infer and evaluate the
effects of the possible solutions [Kol14]. Most of the studies applying FCM such
as [KML14,DCGH12,Pap11,DPDRJ11] benefit its relational structure between the
concepts as case representation.

According to [DPDRJ11,Nik08], FS could successfully represent the values in FCM.
In the proposed FCM, a case could be easily applied for decision-making process
and planning in different application domains such as engineering, control, robotic,
medicine, and business [CLBV08].

Reuse using FCM In [GWL13, CLBV08], FCM has been applied to CBR for
recognition of goal situations in unknown environments. In this approach, a goal
is verified and described using the connection between related sub-goals. In this
application, sub-goals extracted from a goal rule are verified using FCM inference
and the rules which are connecting the sub-goals [GWL13]. This verification is done
using fuzzy probability generator and fuzzy inference. The ability of FCM in real-
time inference for dynamic environments improves the performance of goal-driven
decision-making. The experimental result on robot navigation goal detection shows
that FCM can be applied effectively for real-time applications [CLBV08].

Learning using FCM Moreover, FCM has been applied by Ganganath et al.
[GWL13] and Chandana et al. [CLBV08] in mobile robot navigation. In the proposed
FCM, FS is considered for structuring the features in a cognitive map. Fuzzy rules
in FCM emphasize the relation between features. These rules could be defined by
human experts or derived successfully using knowledge extraction algorithms such as
fuzzy decision tree and neuro-fuzzy [CLBV08]. It is shown that integration of FCM
with CBR allows a high detection accuracy in the application of goal detection.

Fuzzy decision tree

The fuzzy decision tree is a popular rule-based reduction approach which is applied
to different applications for learning and classification. This approach has been
effectively applied for reducing the case base size using a group of adaption rules
generated by FDT [DPDRJ11,ZTCW10,DHP02]. In [CG11], an approach for learn-
ing according to the distance matrix weight and genetic algorithms for optimization
of the fuzzy decision tree and selecting optimal fuzzy terms is introduced.
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Knowledge representation using FDT By integration of FCM with CBR,
a knowledge extraction method could be applied to cognitive map to extract the
experienced cases in the form of fuzzy rules [LYH12]. In [Pap11], three rule-based
extraction methods using fuzzy decision tree, fuzzy association rule, and neuro-
fuzzy based algorithm have been proposed and evaluated. The evaluation results
address that fuzzy decision tree gives the rules with a good level of interpretability
for decision-making.

Learning using FDT According to [SHGA14, SE11], FDT could also be inte-
grated with CBR for knowledge base maintenance with the rules defined by human
experts. The maintenance is progressed by learning, case reduction, feature weight-
ing, clustering the cases based on the evaluated feature weights, and adapting the
rules using FDT. Finally, the representative cases are selected in each cluster with
low reachability and high coverage rate.

2.2.4 Actual status of fuzzy-based CBR approaches

The typical problems solved by integration of fuzzy approaches and CBR could
be related to six application groups: classification, prediction, reasoning, decision-
making, planning, and fault diagnosis (see Table 2.2).

According to the information given in Table 2.2, the main focus of the applications
is for classification, prediction, and decision-making. In most of the proposed ap-
proaches, FS is applied for case representation. Fuzzy similarity rules and FL are
considered for similarity assessment. The similarity rules could be defined by human
experts or generated from the case base by other methods such as genetic algorithm
(GA), ant colony optimization (ACO) algorithm, and particle swarm optimization
(PSO) algorithm. The adaption could also be realized by applying fuzzy adaption
rules defined by human experts or neural network. In the learning process, different
clustering methods such as fuzzy c-mean, fuzzy k-nearest neighbor (k-NN) are ap-
plied to the CBR. In addition, FRS and FL are widely applied to CBR for the case
and feature reductions.

Current status of the proposed fuzzy-based CBR cycle could be defined in five types
as listed in Table 2.3. Fuzzy-based CBR-1 and -2 are generated by giving a focus on
knowledge representation changes. The integrated approaches, fuzzy-based CBR-3
and -4, are obtained by adjusting the retrieve process. The presented fuzzy-based
CBR-5 is afforded by modifying the learning process. In the following sub-sections,
the defined approaches are graphically described according to their main focuses.
The main advantages and disadvantages of the proposed approaches are given in
Table 2.3.
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Table 2.2: Application of fuzzy approaches in CBR for different problems solving
[SHSed]

Application Reference Knowledge Similarity Adaption Learning
representation assessment and indexing

C
la

ss
ifi

ca
ti

o
n

[FDE08] FS K-means clustering - FRS
[DFE08] FS - - FL
[KKC05] FS ACO - -
[GWL13] FCM - - FCM
[CFD10] FS FDT, GA - -
[SLS11] - - - FRS
[ZTCW10] - - - FRS
[CNSZ11] - Fuzzy similarity rules - Considering

weights and risk
[KMJS09] - - - FL
[Xio11] FS FL, GA - -
[XMZ13] FS FL, GA - -
[AEGT04] FS FL - -
[PY12] - - FL -
[Xio13] - - FL FL for

case reduction
[CSW01] - - - FRS
[CATU10] - - - Fuzzy c-means
[AHY11] - - - FRS for

case selection
and weighting

[ZHQ+15] - Fuzzy similarity rules - FRS

P
re

d
ic

ti
o
n

[LH09] FS FL - FS
[RADMV09] FS - - -
[KMJS09] FS - - -
[BDPB13] FS - - -
[HZL+14] FS - - -
[ZLC14] - FRS - No feature

reduction
[DHP02] FS - FL, human experts -
[LH09] FS FL, GA - Fuzzy KNN
[FRDC07] - - FL, radial basis FL, FRS

function neural
network

[XMZ13] FS FL, human experts - -

R
ea

so
n

in
g

[RG02] FS - FL, constraints -
modelled by FS

[CG11] FS FS - -
[SKK05] FS - - FL

D
ec

is
io

n
-

m
a
k
in

g

[LYH12] FR, FDT FCM, FL FL -
[Pap11] FDT, FL, - - -

neuro-fuzzy
[CLBV08] FS, FDT, - - FS for

neuro-fuzzy generalization
[GAG06] FS FCM - FS
[BAF+09] - FL - -
[BAF+11] - FL - -
[AL13] FS FL, human expert - -
[YBG12] - - FL, PSO -

P
la

n
n

in
g

[KPAA14] FS - -
-

[DPDRJ11] FS, FCM - FL -
[Nik08] FS, FCM - FL -

Fault [Kol14] - - FL FS
diagnose



34 Chapter 2. State-of-the-art

Fuzzy-based CBR-1

The approaches FL and FCM have been popularly integrated with CBR to represent
the cases in the form of structured and planning cases respectively, where the cases
are defined as causal rules. On the other hand, FS has been admitted effectively for
structuring the features in a case and using fuzzy-valued feature instead of crisp-
valued features for quantitative features by most of the studies.

Applied changes to CBR cycle and the related knowledge base to support knowledge
representation approaches can be displayed graphically via Fig. 2.6 and Fig. 2.7.

According to the approaches presented by [FDE08, DHP02, DFE08, KKC05] for
knowledge representation, a fuzzy-based CBR approach could be illustrated in Fig. 2.6.
As it is shown in Fig. 2.6, to apply FS for structuring the features, a fuzzification
process is applied to generate fuzzy data by discretization of the continues values. In
addition to the original case base, a fuzzified case base including the converted fuzzy
data is applied to the knowledge base. Moreover, a database of fuzzy sets to save
modeling parameters of fuzzy membership functions is used for fuzzification process.
According to the reasoning cycle illustrated in Fig. 2.6, cases in the fuzzified case
base are used by retrieve process and are generated through retain process.

Figure 2.6: Fuzzy-based CBR-1: CBR and the knowledge base when the fuzzy sets
are applied as data structure for features [SHSed]
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Fuzzy-based CBR-2

In Fig. 2.7, a CBR cycle including its related knowledge base when fuzzy rules
are applied for knowledge representation is proposed. This approach inherits the
techniques justified in [AIA10,ZRK11,XMZ13] for application of fuzzy rules to infer
the knowledge for reuse process.

Here, the knowledge base consists of the original case base, a fuzzy rules case base
presenting the cases as rules, and a database of modeling parameters of fuzzy mem-
bership functions for fuzzification and inference. The proposed approach could in-
tegrate retrieve and reuse processes by applying FL engine to infer the cases and
obtain a final solution for the actual problem.

Figure 2.7: Fuzzy-based CBR-2: CBR and the knowledge base when the cases are
stored in the form of fuzzy rules as knowledge representation and a solution is reused
by inferring the whole cases [SHSed]

A survey on [PY12,YBG12,DHP02,LH09] shows that FL in integration with CBR
is effective for reuse process. Reuse could be done by inferring the cases through a
fuzzy engine. Here, cases should be defined as fuzzy rules to prepare the knowledge
for inference. The fuzzy rules defined for adapting the retrieved solutions in the
proposed CBR have been generated in the human expert domain up to now.
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Fuzzy-based CBR-3

As discussed in previous sections, the performance of similarity assessment process
strongly depends on knowledge representation and learning. According to Table 2.2,
FL has been used effectively for similarity assessment by application of fuzzy simi-
larity rules and assessment.

According to the research results presented by [BAF+09, BAF+11, LYH12] for sim-
ilarity assessment in CBR, a new presentation of fuzzy-based CBR could be illus-
trated in Fig. 2.8. As it is shown in Fig. 2.8, the knowledge base includes a rule
base of fuzzy similarity rules and a database of fuzzy membership functions. Here,
fuzzy similarity rules are applied to compare the similarity of the cases with the ac-
tual problem. The similarity assessment rules in FL could be defined in the human
expert domain or automatically from the learned cases in the case base.

Figure 2.8: Fuzzy-based CBR-3: CBR and the knowledge base when the similarity
assessment is based on similarity rules and fuzzy membership functions [SHSed]

Fuzzy-based CBR-4

Retrieve process in the defined fuzzy-based CBR-3 could be improved by application
of additional information for cases similarity assessment. Here, fuzzy-based CBR-
4 as shown in Fig. 2.9 is an improved version of fuzzy-based CBR-3 according to
the technique introduced by [CNSZ11]. Here, similarity rules benefit a database of
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feature risks and weights to find the most suitable cases instead of the most similar
ones.

Figure 2.9: Fuzzy-based CBR-4: CBR and the knowledge base when suitability of
the cases is measured instead on similarity [SHSed]

Fuzzy-based CBR-5

According to the Table 2.2, the approaches FL and FRS are mostly used for learn-
ing. Moreover, a survey on [BAF+11, Kol14, Wan06] shows that application of FS
for structuring the features gives the ability of knowledge generalization for retain
process. In addition, feature selection and weighting for indexing the cases and
retrieve are realized mostly using FRS.

The CBR approach and its related knowledge base when FS is offered for data
structure, are proposed in Fig. 2.6 as fuzzy-based CBR-1. To apply feature selec-
tion and weighting functions to the learning process, the knowledge base needs to
be improved as illustrated in Fig. 2.10. The proposed fuzzy-based CBR-5 is sup-
ported with a database of features weights which are determined during learning.
Accordingly, the application of case or feature reduction functions is necessary for
retain process. This information could be initialized and updated through online
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learning or by human experts [Smy98]. Feature weights and key features are used
to improve the accuracy of similarity assessment.

Figure 2.10: Fuzzy-based CBR-5: CBR and the knowledge base when learning
process is equipped with feature selection and weighting functions [SHSed]

2.2.5 Improvement potential

By considering the advantages and disadvantages of the proposed approaches listed
in Table 2.3, a new fuzzy-based CBR approach could be proposed. In addition, the
new improvements in fuzzy approaches done by researchers which have not been
already applied to the CBR will also be discussed and suggested in this section for
further improvements of CBR process.

A proposal for fuzzy-based CBR

As shown in the previous section, different fuzzy-based CBR approaches have been
proposed to improve the performance of CBR in different application domains. In
this section, a new fuzzy-based CBR approach is proposed by considering the advan-
tages and disadvantages of the approaches listed Table 2.3. The proposed approach
is shown in Fig. 2.11 and is specified as follows.

To benefit the advantage of case indexing in fuzzy-based CBR-1, a fuzzification
process is applied to the proposed CBR process. Hence, a database of fuzzy sets is
added to the knowledge base. To support case adaption with knowledge inference
as applied to fuzzy-based CBR-2, the cases will be represented using fuzzy rules in
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Table 2.3: Proposed fuzzy-based CBR approaches [SHSed]
Approach Main focus Advantages Disadvantages

Fuzzy-based CBR-1 Knowledge • Dealing with uncertainties Definition of fuzzy sets
representation • Case generalization using human experts

• Case indexing ability

Fuzzy-based CBR-2 • Knowledge • Dealing with uncertainties • No indexing
representation • Cases generalization • No similarity assessment
• Adaption • Knowledge inference • Definition of fuzzy sets

• Working with causal knowledge using human experts

Fuzzy-based CBR-3 Retrieve • Application of • Definition of fuzzy sets
fuzzy similarity rules using human experts

• Definition of similarity rules
using human experts

Fuzzy-based CBR-4 Retrieve • Application of • Definition of fuzzy sets
fuzzy similarity rules using human experts
• Using key features for • Definition of fuzzy
similarity measurement similarity rules

using human experts

Fuzzy-based CBR-5 Learning Automatic feature selection
and weighting

the proposed approach. However, using fuzzy rules as case structure depends on
the application domain. The retrieve and reuse processes should work separately to
benefit the advantages of similarity assessment in pattern recognition. A knowledge
inference could be realized for reuse process by handling the cases as fuzzy rules.
Additionally, to avoid the disadvantage of dependency to human experts knowledge,
the database of fuzzy sets could be upgraded through learning.

The proposed fuzzy-based CBR could also benefit the advantage of fuzzy-based
CBR-4 in suitability assessment instead of similarity assessment. Here, a database
of feature risks and weights is considered and initialized. However, the usage of this
ability depends on the application domain.

Similar to fuzzy-based CBR-5, utilization of a feature selection and weighting in
retain process gives the opportunity for data reduction and finding key features for
case indexing and retrieve in the proposed fuzzy-based CBR.

Support of fuzzy-based CBR with some new extensions of fuzzy ap-
proaches

Fuzzy sets Although FS affects the performance of CBR in different processes,
estimation of membership functions is still a problem. Finding appropriate mem-
bership functions is an important issue in the application of FS. The membership
functions could be defined by relying on human expert knowledge. Although there
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Figure 2.11: Proposed fuzzy-based CBR approach and the knowledge base when
the cases are stored in the form of fuzzy rules as knowledge representation and a
solution is reused by inferring the similar cases [SHSed]

are some methods in automatic generation of functions from data, they have not
been applied to CBR approach yet. Dynamic adjustment of membership functions
for continues variables may enhance the accuracy of functions in a dynamic en-
vironment. The adjustment depends on the changes in distribution or repetition
of experienced values during the run-time. It is improved by adding or removing
fuzzy sets and by tuning membership function parameters. Therefore, automatic
generation and optimization of functions are important processes in the learning
process.

Different generalizations and extensions of fuzzy sets introduced by [RMH12] could
also be used instead of classical FS in CBR approach to handle vague and imprecise
information simultaneously and model the ordinary fuzzy sets.

In the application of FS, when the system hesitates about several values for a linguis-
tic variable, the fuzzy linguistic approach is very limited. To improve the elicitation
of linguistic information, hesitant fuzzy linguistic term sets introduced by [RMH12]
could be applied. It is effective mainly when the system hesitates among several
values to assess fuzzy set variables. This method which is applied successfully for
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decision-making purposes could be considered for representation of knowledge in
CBR.

Fuzzy rough set Although FRS is an effective approach for dimensional data
reduction, it is usually ineffective for large case bases. Fuzzy boundary region, fuzzy
discernibility matrix, and fuzzy positive region are new FRS-based feature selection
approaches presented in [JC11] which have not been previously applied to CBR. An
evaluation result shows that the suggested approaches in [JC11] could find smaller
subsets and speed up the searching process compared to the FRS, although the
classification accuracy for all the approaches is the same. In addition, the fuzzy
discernibility matrix could return the smallest set of relevant features [JC11]. The
performance of CBR approach may be improved by application of the new FRS-
based feature selection approaches in a real-time application.

Moreover, neighborhood-based multi-granulation rough set (NMGRS) introduced
by [VDSC15,LQL12] is suggested to improve knowledge discovery from information
systems with various domains of attributes. The evaluation results show that NM-
GRS could improve the knowledge discovery from various data sets compared to
FRS.

Additionally, some implementations of MapReduce, iMapReduce, and traditional
methods combined with MapReduce model in FRS (introduced by [ZWLP14]) are
recommended for large-scale data mining and knowledge discovery. An evaluation
result shows that knowledge acquisition using MapReduce has better performance
in term of computational time compared to the traditional rough set for large-scale
data mining in run-time applications.

Fuzzy cognitive map To assign linguistic terms for FCM nodes relationships
within complex problems, belief-degree-distributed fuzzy cognitive maps (BDD-
FCMs) introduced by [RHM11] would be useful. It is especially applicable if the
human expertśjudgment has to be done for the prediction. The evaluation result
shows that the proposed technique is advantageous to model and analyze complex
dynamical systems [RHM11].

2.3 Discussion and conclusion

The approach CBR has been widely proven through the literature as a useful rea-
soning technique for different real-time and complex dynamic systems. However,
application of an effective case representation, an improved organization of case
base, as well as using robust methods in feature selection, case retrieval, adaption,
and learning in CBR process may help to overcome the low accuracy, storage and
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computational challenges with a large amount of experiences and uncertainties in
the case of real-time applications.

This chapter presented a survey on the application of fuzzy approaches to improve-
ment of CBR performance for different problems. In recent years, fuzzy approaches
have been successfully integrated with CBR to overcome these challenges in classifi-
cation, prediction, decision-making, reasoning, planning, and fault diagnose in com-
plex dynamic systems. As a critical overview, the application of fuzzy approaches is
speedily growing up specially in the fields of classification, predictions, and decision-
making.

The literature review on the application of fuzzy approaches at CBR shows that the
fuzzy approaches are effectively applied for CBR process. It is addressed that FS,
FL, FRS, and FCM are the applicable fuzzy approaches in CBR.

The main improvement of CBR is related to the case representation by applying
FS and organizing a fuzzy case base. The main motivation of using FS approach
is its ability in representing adaptable values of features, case generalization, low
computational complexity in retrieval time and memory space.

Representation of cases with fuzzy rules improves the ability of CBR for modeling
the casual knowledge. It could also facilitate case retrieval and adaption using the
concept fuzzy similarity assessment and inference. A motivation of using FL ap-
proach is its high flexibility in representing the knowledge and criteria in fuzzy rules
using incomplete knowledge for inference. In addition, FL gives high understand-
ability in the definition of similarities in the human domain. In this thesis, FL is
applied for knowledge representation approach to CBR (this application supports
the thesis objective 1).

Moreover, by reviewing the related approaches, a new fuzzy-based CBR approach
with improvement potential is proposed. The proposed approach fuzzy-based CBR
may benefit the advantages of the approaches applied previously for real-time ap-
plications in situation recognition and learning abilities. In this thesis, the new
proposed fuzzy-based CBR is applied for the development of a new real-time situ-
ation recognition platform (this development and its evaluation support the thesis
objectives 2 and 3).

In addition, FRS is effectively applied for feature weighting and similarity assessment
as well as feature/case reduction in the learning process. On the other hand, FRS
approach offers a high flexibility in the presentation of features with imprecise values.
Production of an optimal subset of features, representation of continuous data, and
no requirement for values discretization are other advantages of FRS in case indexing
process.

The literature review result shows that conventional extensions of fuzzy approaches
have been successfully integrated to CBR to solve some CBR drawbacks such as
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dealing with uncertainty, redundancy of data, retrieve, and learning. There are
some new extensions of fuzzy approaches which are considered in different research
domains but have not been applied to the CBR. These extensions of conventional
fuzzy approaches introduced partly in this section may be a useful trend to overcome
conventional approaches and expert dependency.
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3 Knowledge representation for event-discrete

situations

The knowledge base in CBR consists of a case base and a set of related databases.
Case base as the main component of CBR plays an important role in situation
recognition process. An effective representation of cases could strongly affect CBR
performance and improve the accuracy and computational time. In this section,
a new approach for structuring and representing the cases is introduced. In the
proposed approach, SOM is applied for modeling the cases and FL is integrated
for structuring the case in the case base. In this way, the CBR approach may
deal with incremental knowledge for situation recognition. To support knowledge
representation approach and related processes for case base maintenance, a set of
databases are defined.

In this chapter, a new approach for knowledge representation is presented to sup-
port individualized situation recognition. The CBR approach is applied to realize
situation recognition by remembering human operator experiences for supervision.
Major challenges of learning in individualized situation recognition are related to
modeling and representation of new experienced knowledge. To deal with these
challenges and to improve the learning ability, the proposed CBR is combined with
SOM and FL approaches.

This chapter is divided into different sections. Application of classical CBR for
situation recognition and its procedures are discussed in Section 3.1. Section 3.2
introduces SOM approach and its abilities for modeling event-discrete knowledge.
Application of SOM in representation of cases in CBR is addressed in Section 3.3.
Section 3.4 demonstrates the application of FL in representation of knowledge and
the requirements for fuzzy structuring the data in case base. Finally, a summary of
the chapter is given in Section 3.5.

The contents, figures, and tables presented in this chapter have been prepared for
publication as the journal papers “fuzzy SOM-based Case-Based Reasoning for indi-
vidualized situation recognition applied to supervision of human operators” [SHS17b]
and “learning and representation of event-discrete situations for individualized situ-
ation recognition using fuzzy SOM-based CBR” [SHSon], and partly published as the
conference papers [SS15, SHS17a].
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3.1 Situation recognition using Case-Based Reasoning

This reasoning approach applies previous experiences for solving new problems.
Similar experiences could be found by applying different similarity assessment tech-
niques. Knowledge inference techniques may be operated to reuse previous experi-
ences for the new problem. In addition, new problems and their solutions could also
be learned and applied to the knowledge base. An incremental learning is applied
to CBR to store experiences in a knowledge base called case base. An experience
exposing a problem and its solution is organized as a case in the case base.

As it is shown in Fig. 2.5, the main processes of CBR are retrieve, reuse, revise, and
retain. Retrieve process assesses the similarity of a new problem and the experienced
problem, and return the most similar case/s. Reuse process adapts the retrieved
cases with the actual problem to suggest an appropriate solution. In revise process,
the suggested solution is applied to real-world. A new case may be confirmed for
a new experience of the problem, the solution, and its result. Accordingly, the
confirmed case is learned and stored in the case base for further usages.

The term and construct situation is used to model a real-world scene [Söf01]. It
expresses the internal structure of a considered system, as a part of the real-world.
A specific combination of sensor data and related combined characteristics is un-
derstood as a situation representing the actual state of the system and the related
environment [Söf08]. A CBR approach applied for solving a special cognitive prob-
lem introduces a situation and the performed actions as “problem” and the executed
upcoming situation as “solution”.

A situation is recognized into different levels. According to [RC12], the main three
recognition levels are based on features of the situation, connections between the
features, and the relation between situations. These three levels could be illustrated
according to Fig. 3.1. In the first and second level, a complex situation is identified by
retrieving the most similar experienced situations. Finally, the retrieved situations
are identified in the third level by comparing the related situations in adapted cases.

Realization of these recognition levels is possible by applying a proper case repre-
sentation approach to support features, connection between the features, and rela-
tion between the situations for each case. Since situation recognition using CBR
is accomplished by learning from the experiences, employing a suitable knowledge
representation approach to support incremental knowledge is required. In the next
section, the CBR approach is improved by application of an effective case represen-
tation approach.

3.2 Situation-Operator Modeling (SOM)

Situation-Operator Modeling is an approach for modeling event-discrete structural
variable systems. Using SOM, behaviors of cognitive operators in a dynamic en-
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situations

Figure 3.1: Situation recognition levels [SHS17b]

vironment could be modeled, learned, and planned for further cognitive reasoning.
This approach could interpret and model the events in a real-world as a sequence
of scenes, related causes (actions), and their effects [Söf08]. In the following sub-
sections, the key elements in SOM approach as well as case structure by applying
SOM approach are briefly presented.

According to the [YDM12] defining different relationships between situations, the
SOM technique is focusing on temporal sequence relationship which may be realized
using actions. In this type of relationship, each situation may occur before or after
another situation. This relationship may be realized using the actions.

The approach SOM defined in [Söf01] for the first time, is a technique for modeling
event-discrete situations specially in dynamic environments with structural changes.
Using this modeling technique, an event (a change in the environment) could be
represented using a sequence of scenes, related causes (actions), and their effects.
These concepts are modeled using two items, situation and operator, to represent
scenes and actions alternatively. Accordingly, an event is defined as a sequence
of initial situation, performed operator, and upcoming situation. This sequence is
illustrated graphically in Fig. 3.2. Situation Si is defined as a set of characteristics C
with various hybrid data types and quantitative values, as well as relations R between
characteristics [Söf08]. The characteristics are quantities illustrating the features of
a scene as a part of the real-world. The relations indicate the internal structure of a
situation by using function-oriented connections between characteristics as defined
in Eq. 1.1. The relations may be effected by changing the values of characteristics.
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Additionally, an operator models an action which changes scenes. The item operator
O applies function f to transfer situation Si to Si+1 with possibly a new set of
characteristics’ values and the relations. The operators considered by SOM are
modeling the active actions.
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Figure 3.2: Graphical illustration of the terms situation and operator [Söf08]

By modeling the events happening continuously, a long sequence of situations and
operators representing the environment changes may be generated. A sequence of
situations and operators is illustrated in Fig. 3.3, where S1 and Sn show initial
and final situations. The operators may change the situations by changing the
characteristics values or relation between the characteristics. The sequence may
cause a specific situation pattern.

Figure 3.3: Graphical illustration of a sequence of situations and operators [SHS17b]

By application of SOM for representation of event-discrete experiences in CBR, a
sequence of events could be considered as a set of cases while each case is representing
an event. Accordingly, the case Casej where j is the case index, is defined using a 3-
tuple (Si,O,Si+1). Assuming a closed and time-invariant arrangement (given system
structure), Si and Si+1 are two situations of an infinite set of situations, and O is an
operator.
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In addition, several operators could be summarized and introduced by a meta-
operator. By applying this representation model, the interaction with an agent
can be explained easily. The approach SOM is able to generate an action space by
using a set of situation-operator sequences resulting from propagation of alterna-
tive actions from an initial action. Generation of action spaces is one of the main
properties of cognitive systems due to the related ability for planning, evaluation,
etc.

The model identified by SOM approach could represent the characteristics and rela-
tions between the combined characteristics in a situation as well as giving a sequence
between situations. Therefore, an SOM-based CBR could support all three recog-
nition levels introduced in the previous section (see Fig. 3.4). Here, SOM is applied
to CBR as an operational approach representing the case in technical systems. A
case in SOM-based CBR gives a sequence of an initial situation Si, the operator O,
and the upcoming situation Si+1. Accordingly, experiences are stored in case base
as a list of SOM-based cases.

Figure 3.4: Situation recognition levels based on SOM concept [SHS17b]

3.3 SOM-based cases

The case base in the proposed approach is defined as a fuzzy object-oriented knowl-
edge base. Cases are represented by an object instantiated from the class diagram.

A situation in SOM is defined using a set of characteristics as Si = (c1, c2, ..., cn),
where n is the number of characteristics defining a situation. An operator is defined
using a set of characteristics as O = (o1, o2, ..., om), where m is the number of



3.4 Fuzzy SOM-based cases 49

characteristics defining an operator. A case is a combination of initial situation
Si, operator O, and the upcoming situation Si+1. Situations and operator are two
object types defined using a set of characteristics with various data types.

Scheme of the case base is described with a class diagram shown in Fig. 3.5 where cj
(j = 1..n) addresses the j-th characteristic of class situation in which n is the number
of characteristics defining a situation. In addition, or (r = 1..m) shows the r-th char-
acteristic of class operator O in which m is the number of characteristics defining
an operator. Variables pf (f = 1..q) shows the f-th operator of class meta-operator
P in which q is the number of operators defining a Meta-operator.

Figure 3.5: Class diagram of SOM-based CBR [SHS17b]

3.4 Fuzzy SOM-based cases

In different application domains, FL is applied to deal with uncertain knowledge
and to formalize approximate reasoning. In this approach, quantitative values of
characteristics expressing detailed parameters of the environment are transferred
to fuzzy sets. Therefore, a similarity assessment could be developed by applying
fuzzy values instead of using discrete or continues values of parameters. This makes
the cases usable in various situations [SS16b]. Applying this approach could de-
crease the complexity of knowledge in the case base by generalization of comparable
cases. Additionally, the experienced knowledge used for supervisory tasks of human
operators can be expressed in linguistic terms.

Fuzzy logic could be integrated with the proposed CBR for structuring the knowl-
edge as well as knowledge induction for retrieving and adapting the experiences for
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actual situation [SS16b]. In this section, applications of FL in the proposed approach
are highlighted.

3.4.1 Case fuzzification

As previously mentioned, a situation is defined using a set of characteristics which
may be associated with the continuous and quantitative values changing over time.
Modeling the situations using quantitative values of the characteristics contradicts
generalizability of the knowledge. Accordingly, correctness of the transformation of
the real scalar and precise values to the corresponding imprecise values is important
for knowledge representation.

In addition, application of various linguistic modifiers to characterize the situations
may cause considerable effects in interpretation and identification of the situations.
Those effects are detectable in situation recognition performance for supervision of
human operators as shown in Fig. 2.2. Therefore, using optimal number of linguistic
modifiers improves individualization of situation recognition.

In this contribution, fuzzy sets are applied to handle imprecision and uncertainties.
A fuzzy set is defined as a 2-tuple (α,µ) where α, α ∈ [0, 1], is an input crisp value
and µ is a membership function. Accordingly, the crisp value x of a characteristic is
converted to its corresponding fuzzy values, xf , using the membership vector

xf = [µL1(x), µL2(x), ..., µLn(x)], (3.1)

where the vector elements represent the membership degrees to the membership
functions µLi(x) of the linguistic modifiers Li (1 ≤ i ≤ n), where n is the maximum
number of modi

ers.

Linguistic modifiers are defined for the characteristics with quantitative values. Def-
inition of an optimal number of linguistic modifiers is an important task of fuzzifica-
tion process. These numbers are not equal for different characteristics and should be
defined or measured individually. The designed parameters of membership functions
should be stored in an extra database of fuzzy design parameters (DBFDP ).

3.4.2 Fuzzy case base

By application of FL in SOM-based CBR, a case could be defined by rules to support
event-discrete events with inference process. A sequence of situations and operators
shown in Fig. 3.6 is addressed by a set of cases as follows

Case1 : if (S1) & (O1) then S2; end;
Case2 : if (S2) & (O2) then S3; end;
Case3 : if (S3) & (O3) then S4; end.

(3.2)



3.4 Fuzzy SOM-based cases 51

Figure 3.6: A sequence of situations and operators modeled by SOM [SHS17b]

Characteristics with crisp values are stored based on the fuzzy sets to define linguistic
terms. Using linguistic terms instead of quantitative values of parameters is suitable
for generalization of experiences. By applying fuzzy sets, the scheme of the case base
is described with a class diagram as shown in Fig. 3.7.

Figure 3.7: Class diagram of SOM-based case by applying fuzzy sets [SHS17b]

By fuzzification of characteristics values, a case (an event modeled by SOM) could be
represented using a fuzzy rule where antecedent (if-part) indicates initial situation
and operator, and consequent (then-part) of the rule demonstrates the upcoming
situation.

By applying fuzzy logic, the l-th case in the case base is retrieved as a fuzzy rule
defined as Eq. 3.3, where 1 ≤ l ≤ k, k is the number of cases in a case base. Variables
cj (1 ≤ j ≤ n) addresses the j-th characteristic of a situation in which n is the number
of characteristics defining a situation. Accordingly, Si.cj and Si+1.cj indicate the j-th
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characteristic of initial situation and the next situation respectively. In addition, or

(1 ≤ r ≤ m) represents the r-th characteristic of the output operator O in which m
is the number of characteristics defining an operator. Variables Aj, Bj, and Dr are
the related values assigned to the characteristics of initial situation Si, upcoming
situation Si+1, and operator O respectively. Each characteristic of a case may be
assigned to multiple membership functions. Therefore, each case may be split into
multiple instances and represented through multiple fuzzy rules. To preserve the
original cases from the environmental or behavioral changes by overwriting the fuzzy
cases, it is suggested to apply an additional fuzzy case base (CaseBasefuzzy). In
the CaseBasefuzzy, each fuzzy rule is retrieved as a case.

Casel :

if (Si.c1 = A1 & ... & Si.cj = Aj & ... & Si.cn = An)
& (O.o1 = D1 & ... & O.or = Dr & ... & O.om = Dm)
then
Si+1.c1 ← B1;
.
.
.
Si+1.cj ← Bj;
.
.
.
Si+1.cn ← Bn;

end.

(3.3)

Through the reuse process of CBR, an adapted situation could be inferred from the
cases retrieved in the form of fuzzy rules.

3.4.3 Similarity assessment

The characteristics may have different contributions in definition of a situation.
These contributions present the importance (impact factor) of each characteristic in
identifying the situation. Therefore, similarity of the cases could be measured based
on the impact factor of each characteristic in identification of situation patterns.
The impact factors of the characteristics identifying the s-th situation pattern could
be shown as a vector

Ws = [ws1, ws2, ..., wsı, ..., wsn], (3.4)

where n shows the number of characteristics. The element wsı ∈ IR, 0 ≤ wsı ≤ 1
where 1 ≤ ı ≤ n indicates the impact factor of the ı-th characteristic.

These factors may be specified generally or may depend on human operator’s pri-
orities or preferences in defining that situation. Moreover, the applied factors could
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effectively be used for indexing the cases and speed up of case retrieval based on
the importance characteristics in an indexed case base (CaseBaseindexed). However,
the importance factors are retained in a database of indexing features (DBIX) for
similarity assessment and retrieve (as described in Chapter 4).

In retrieve process of case-based reasoning, k-NN is widely and successfully applied
for real-time applications [CMS14]. In this work, a derivative of k-NN classifier by
consideration of weighted features and applying a modification of local similarity
assessment (as detailed in the following part) is used for case similarity assessment.

As mentioned in Section 2.2.2, the similarity of two cases is measured based on local
and global similarity assessment. Similarity of two comparable characteristics x and
y is calculated using the similarity of individual features (local similarity) as follows

Similaritylocal(x, y) = 1− x−y
∝ if 0 ≤ |x− y| ≤∝,

Similaritylocal(x, y) = 0 otherwise
(3.5)

where ∝ shows the slope of the function. This function is inspired by the function
introduced in [RG02] and modified by applying impact ratio for each characteristic.
The application of this ratio improves the flexibility of the function by considering
the effects of each characteristic on the similarity. This function returns a value
between 0 and 1 showing the similarity of the parameters values. Higher values
indicate more similarity. This function is applied to all characteristics defining a
situation. The total (global) similarity of the situations Sα and Sβ is calculated as
follows

Similaritytotal =
∑n
j=1 (wj×Similaritylocal(Sα.cj ,Sβ .cj))∑n

j=1 wj
, (3.6)

where cj (1 ≤ j ≤ n) addresses the j-th characteristic of a situation in which n is the
number of characteristics defining a situation. Accordingly, Sα.cj and Sβ.cj indicate
j-th characteristic of the actual situation and sub-goal situation respectively. As
well, wj shows the impact factor of the j-th characteristic.

3.5 Summary

In this chapter, a CBR approach is applied for development of situation recogni-
tion. The knowledge base and knowledge representation approach are improved by
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application of fuzzy SOM approach to model event-discrete situations experienced
by human operators. The proposed fuzzy SOM-based CBR is addressed as an indi-
vidualized approach by applying personalized knowledge of exclusive definitions of
experienced events. In the next chapter, a new framework is developed to support
the proposed knowledge representation approach for individual situation recognition.
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To support the proposed approach for knowledge representation in approximate
CBR, new processes as well as a new knowledge base are required. Situation recog-
nition process should be provided with new operations to apply the fuzzy SOM-based
cases. The knowledge base is defined as a collection of case base and other databases
to store related information. It should support data exchange between the processes.

Main processes of CBR are considered for the tasks of situation recognition and
learning the experienced events with the target of individualized situation recogni-
tion in fuzzy SOM-based CBR. In the following sections, these two tasks and the
related procedures are more detailed.

The contents, figures, and tables presented in this chapter have been prepared for
publication as the journal papers “Fuzzy SOM-based Case-Based Reasoning for indi-
vidualized situation recognition applied to supervision of human operators” [SHS17b],
“learning and representation of event-discrete situations for individualized situation
recognition using fuzzy SOM-based CBR” [SHSon], “Automatic fuzzification of con-
tinuous variables for approximate reasoning” [SHNSon], and partly published as the
conference papers [SHS17a, SS16b, SS16a].

4.1 Fuzzy SOM-based CBR

According to the literature review results presented in Section 2.2, a fuzzy-based
CBR is proposed in Section 2.2.5 to benefit the advantages of previously applied
fuzzy-based CBR approaches for real-time applications.

According to the suggested fuzzy-based CBR shown in Fig. 2.11 and by considering
the offered knowledge representation approach based on SOM and FL, a new frame-
work is proposed in this section. The dynamical flow of the proposed CBR-based
situation recognition scheme is shown in Fig. 4.1.

This framework is presented to support two important tasks for individual super-
vision of human operators: situation recognition and learning. These two tasks are
detailed in the following sections.

4.2 Situation recognition

Situation recognition is supported using two main processes: retrieve and reuse.
However, some additional procedures are applied to support fuzzy SOM-based CBR.
The procedure of situation recognition is detailed using Algorithm 1. The knowledge
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Figure 4.1: Fuzzy SOM-based CBR cycle [SHS17b]

base consists of CaseBase, CaseBasefuzzy, CaseBaseindexed, DBIX , and DBFDP

which are alternatively representing the original case base, fuzzy case base, indexed
case base, database of indexing information, and database of membership functions
design parameters.

Situation recognition procedure is performed repeatedly over time. This procedure
is only processed if an event occurs. An event occurs if a new situation compared
to the previously generated situation Si happens. This comparison is done based on
the fuzzy transformed values of the characteristics.

In this occurrence, the actual situation is considered as Si. The situation Si and
active operator O are added to the sequence list of situations and operators. The
procedure progresses to recognize the actual situation Si by calling the retrieve
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Algorithm 1
1: procedure situation-recognition(t,Si,O,Listsequence)

2: //t : actual time point

3: //Si : last occurring situation

4: //O : active action

5: //Listsequence : a sub sequence of occurring situations and operators

6: DataV ector ← perception(t);
7: St ← fuzzification(DataV ector,DBFDP );
8: if St <> Si then

9: Si−1 ← Si;
10: Si ← St;
11: Listsequence ← add(Listsequence, O, Si);
12: SimilarCases← retrieve(CaseBaseindexed, DBIX , Si−1, O, Si);
13: if SimilarCases <> null then

14: InferredSi ← reuse(SimilarCases, Si−1, O, Si);
15: if Similar(Si, InferredSi) > τ then

16: Patterni = identification(SimilarCases, Si);
17: return Patterni;
18: end if

19: end if

20: cSi−1, cO, cSi ← defuzzification(Si−1, O, Si, DBFDP );
21: Case← revise(cSi−1, cO, cSi);
22: learning(Case, Listsequence);
23: end if

24: end procedure.
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procedure to find similar cases to the sequence of Si−1, O, and Si. If there are some
similar experiences to the considered event, they would be reused and adapted with
the actual event through a fuzzy inference process. If the similarity between Si and
the result of case inference is acceptable (more than threshold τs, where τs ∈ [0, 1]
is defined by human experts), the experience is valid for the actual situation. Here,
the situation pattern could be returned as a valid pattern. A new event could be
detected if no similar cases are found or the inferred situation is not adapted to the
actual situation. If the actual situation is new and needs to be saved in the case
base, the procedure will be continued to revise and learn the new event (as explained
in the next section).

Defuzzification of the sequence Si−1, O, and Si is required before the revise procedure
to transform the characteristics values to real scalar and precise values for case
generation. Through the revise procedure and using the input sequence, a new
crisp case Case is generated. The learning process discussed in the next section,
is consequently called to maintain the related knowledge base for further situation
recognition.

4.2.1 Real-time situation recognition

Actual situation defined by a set of quantitative characteristics is considered as input
of recognition process. The characteristics with crisp values are fuzzified based on the
membership functions generated using learning process. Using a trained classifier in
learning process, the situation pattern could be recognized and informed to human
operators.

4.2.2 Similarity assessment

Using the indexed case base and through a similarity assessment algorithm in re-
trieve process, the most similar experienced cases are recalled. A local similarity
assessment algorithm is applied to compare the simple characteristics the actual
situation and experienced situations. A global similarity assessment algorithm is
then used to compare compound characteristics of the situations. Therefore, the
first two levels of situation recognition are accomplished through retrieve process.
In this level of recognition process, the possible operators (actions) and the upcom-
ing situations are identified. If the similarity assessment algorithm does not find
any qualified experienced situation, the actual situation is identified for a new case,
else the reuse process will be accomplished with further measurements for identifica-
tion of new cases. Similarity assessment algorithms are designed based on the case
representation approach to take comparable characteristics of a case into account.
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4.3 Learning

The learning procedure presented in Algorithm 2 will assign situation patterns to
the situations (through a labeling procedure), update and maintain the case base
and its related knowledge base with new experiences. This procedure starts with
reconfiguration of membership functions and updating the database DBFDP based
on the new experience. The related procedure reconfigurationMF applies an algo-
rithm for automatic reconfiguration of functions based on a density-based clustering
method. Accordingly, the new case is fuzzified based on the reconfigured functions.

In the next step, the situations listed in Listsequence are labeled/re-labeled for fur-
ther situations recognitions if a specific situation pattern happens. Afterward, the
Listsequence would be started from the actual situation for the next labeling proce-
dure. Labeling procedure should be configured separately for each application (see
the labeling procedure written in Section 5.3.3 for lane-change situation recognition
in driving maneuvers).

Retain procedure is applied for updating the original and fuzzy case bases using the
new cases. Case reduction and feature selection considered as data reduction process
are important tasks of case base maintenance. Case reduction is proceed through
the retain procedure. Feature reduction is applied by a feature selection procedure
to define the most relevant characteristics of the situations representing the situation
patterns. The vector of measured importances for the features is captured in the
database DBIX for case base indexing procedure. Finally, the fuzzy case base could
be indexed according to the most relevant characteristics.

Algorithm 2
1: procedure Learning(Case, Listsequence)

2: //Case : new case in crisp

3: //Listsequence : a sub sequence of occurring situations and operators

4: DBFDP ← reconfigurationMF (DBFDP , Si);
5: Casefuzzy ← fuzzification(DBFDP , Case);
6: if definedpattern(Casefuzzy) then

7: labeling(Listsequence);
8: Listsequence ← Si;
9: end if

10: CaseBase← retain(CaseBase, Case);
11: CaseBasefuzzy ← retain(CaseBasefuzzy, Casefuzzy);
12: DBIX ← featureselection(CaseBasefuzzy, DBIX , Casefuzzy);
13: CaseBaseindexed ← Indexing(CaseBasefuzzy, DBIX);
14: end procedure.
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4.3.1 Identification of new cases

Through the reuse process, a fuzzy inference is performed on the retrieved cases in
the form of Eq. 3.3 and the actual situation Si. The output expresses an adapted case
with the actual situation Si. The output is consequently defuzzified to determine
the result to a corresponding crisp values to be comparable with the real-world
upcoming situation. By revise process, the adapted case including possible operator
and estimated situation is compared with the action performed by human operator
and the upcoming situation alternatively. If the occurring situation is not similar
to the next situation in the adapted case, it is marked as a new case. Modeling the
sequence of situations using SOM approach could accomplished the third level of
recognition through reuse process.

4.3.2 Learning the new cases

Learning new cases and updating the case base for further recognitions build one
option to realize the learning process. Learning process in the proposed CBR is
realized through the following sub-sections.

Labeling the cases

If a case is identified as a new case, it is learned as new experiences through a
learning process. Here, the occurring situations could not be labeled in advance or
immediately. Labeling the situations during online learning is only possible when
specific situations (goal situations) occur. Here, SOM approach is used to generate
a sequence of situations and performed operators to meet a goal situation, where
the first unlabeled situation is defined as an initial situation for the sequence. By
reaching to a goal situation, the occurring situations in the sequence are labeled as
that goal situation. Finally, the approved cases related to the occurring situations
are labeled and applied to the case base.

Case base maintenance

Case base maintenance which is widely studied in machine learning science, is a pro-
cess for reorganization of the case base to make them reusable for further retrieval.
This process goes forward with different tasks for updating the case base, revis-
ing the case representation and reconfiguration of related information. According
to [LJP14], the goal is to obtain a reduced case base with the same problem-solving
competence to be used as an index to enhance the retrieval of similar cases.
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Fuzzification and generalization of comparable cases could be considered as an effec-
tive solution in case base reduction [BTRC+16]. Reconfiguration of fuzzy member-
ship functions is assumed as a task of case base maintenance in fuzzy SOM-based
CBR. It attempts to simplify the applicability of new cases with individualized lin-
guistic terms. However, fuzzification of the continues environment variables with
the target of individualization is a challenge as expert knowledge in definition of
membership functions is not always available and reliable. Automatic reconfigu-
ration of membership functions (MFs) is an important step of learning to modify
design parameters of membership functions. Design parameters are investigated and
probably regenerated based on the new distributions of the values for each quanti-
tative characteristic. In this work, a density-based classification method [DHO08]
is applied for automatic generation of membership functions. New parameters of
fuzzy membership functions are updated in the database of fuzzy design parame-
ters DBFDP . Hereby, membership functions are defined and stored individually for
humans operators. New cases are fuzzified using those membership functions.

Retain is an important task of case base maintenance. Through the retain process,
the case base could be updated by adding new cases. The fuzzy cases are stored in
an indexed case base for redundancy removal. As the feature values of the fuzzy data
are assigned to one of the membership functions, multiple cases may be identical.
As a result of this, the cases with the same fuzzy values could be considered as
redundant knowledge. Therefore, a data reduction process is applied to reduce the
redundancy. Data reduction correlates with the degree of generalization achieved
by assigning data to the membership functions. Finally, through an indexing task,
the case indices are regenerated with the new cases.

4.4 Generation of membership functions

Fuzzification has a big contribution to deal with uncertain knowledge through uti-
lization of fuzzy sets to make them appropriate for approximate reasoning [dBBL17].
Fuzzy sets are defined using membership functions expressing linguistic variables.
The membership degrees between 0 and 1 are assigned to each quantitative value to
represent them using linguistic variables. The result of a fuzzification process is a
vector containing the membership degrees of an element to all linguistic variables.

Generation of fuzzy membership functions is an essential part of performing fuzzy-
based solutions. Using human expert knowledge is a basic method for definition of
membership functions. However expert knowledge is not always reliable or avail-
able (and may possess a subjective character) specially in handling complex data.
Therefore, designing suitable methods for automatic generation of fuzzy member-
ship functions would be helpful. The corresponding methods should represent data
correctly in fuzzy form by reducing dependence on expert knowledge.
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Different methods have been formerly proposed for automatic generation of mem-
bership functions, such clustering-based [MAMA14, NU09], density-based [HO07,
DHO08], heuristic [HL96], and data driven methods [WM14]. Density-based meth-
ods with the advantages of noise resistant, low computational time, and high clus-
tering accuracy [HO07, DHO08] are the focus of this work. Density-based meth-
ods could be proposed by applying different algorithms such as CLUSTERDB*,
FN-DBSCAN, Density-Based Spatial Clustering of Applications with Noise (DB-
SCAN), Fuzzy Joint Points (FJP), and Noise-Robust FJP (NRFJP). According
to [HO07, NU09], CLUSTERDB* and FN-DBSCAN are two common methods ap-
plied for density-based method. The approach CLUSTERDB* is able to deter-
mine the number of membership functions automatically without the need of pre-
defined parameters [DHO08]. According to [NU09], the density-based method with
FN-DBSCAN shows high accuracy and fast computational time. However, FN-
DBSCAN needs a predetermination of some setting parameters. To compensate this
drawback, a solution to automatically determine these parameters could be added
to the algorithm. Additionally the authors showed that FN-DBSCAN algorithm
provides more robust results than crisp DBSCAN algorithm, while running faster
than other fuzzy neighborhood relation-based algorithms such as FJP [RFS16] and
NRFJP [JSK16,YU16]. In this work, CLUSTERDB* and FN-DBSCAN are chosen
for development of membership functions for continues variables.

Main contribution of this section is development and evaluation of the qualified
methods for generation of membership functions to improve pattern recognition in
the domains in which information is incomplete or imprecise.

4.4.1 Membership functions

Linguistic values are subsets of their respective linguistic variable and are represented
by membership functions. According to [SBK16, MW16], trapezoidal membership
function is often applied for different applications

µ(x) =



0 if x < xa,
x− xa
xl − xa

if xa ≤ x ≤ xl,

1 if xl ≤ x ≤ xr,
xe − x
xe − xr

if xr ≤ x ≤ xe,

0 if x > xe,

(4.1)

where xl and xr describe the left and right borders of trapezoids core. The param-
eters xa and xe describe the beginning and end of the support for both functions
respectively. A crisp value could be expressed in terms of several related linguistic
variables. Values of those variables are measured using membership degree of a crisp
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value to the respective functions. Accordingly, the crisp value x could be established
by its corresponding fuzzy value xf (x) using the membership vector

xf (x) = [µwL1(x), µwL2(x), ..., µwLn(x)], (4.2)

whose elements represent the membership degree to the membership functions µwLi(x)
of the linguistic values wLi. Here, 1 ≤ i ≤ n and n indicates the number of mem-
bership functions. In the sequel, an overview of existing density-based methods for
determination of membership functions design parameters is given.

4.4.2 Density-based methods

An approach for determination of design parameters could be given by using a clus-
tering algorithm in combination with a density function. The process of membership
functions generation using density-based methods could be shown as Fig. 4.2 and
described shortly according to [AWS14,RL14] in this section.

Data clustering is the first step of this process. Given a set of clustered data C, the
centroid of each cluster could be determined. The centroid is a data point which
possesses the mean value of all data points within the cluster. If no such data point
is found, the centroid is defined by finding the data point with the closest value to
the mean. Once the centroids are found, the neighbors of the centroid should be
detected.

The density of each neighbor in the set of centroid neighbors is measured by com-
paring its density to a threshold t. If the density of a neighbor is greater than or
equal the threshold, the neighbor is considered as a dense neighbor. Its own neigh-
bors which are not yet included in the set of centroid neighbors are added to the
set. When the density of all the neighbors in the set is examined and no more dense
neighbor is found, the set of membership function cores is completed. This process
is repeated until all the clusters are processed. For each set of neighbors, the core
and support parameters of each membership function (MF) are defined and returned
as design parameters. In the following sub-sections, two density-based methods us-
ing CLUSTERDB* and FN-DBSCAN algorithms are adapted and implemented for
generation of membership functions.

CLUSTERDB*

An approach for automatic generation of membership functions is given by apply-
ing CLUSTERDB* algorithm in combination with a density function. As described
in [HO07], CLUSTERDB* algorithm is an improved version of the CLUSTER algo-
rithm by using a validity index DB* to prevent the generation of small and not well
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Figure 4.2: Membership function generation using density-based methods [SHNSon]

separated clusters. The DB* variable describing the similarity of whole clusters is
defined as [HO07]

DB∗(nc) =
1

nc

nc∑
i=1

(
maxk=1,..,nc,k 6=i{Si + Sk}
minp=1,..,nc,p 6=i{dip}

)
, (4.3)

where nc is the number of clusters, dip is the distance between the i-th and p-th
centroids, and Si and Sk address the scatter distances of the i-th and k-th clus-
ters alternatively. In each iteration of CLUSTERDB* algorithm a relative neigh-
borhood graph (RNG) is generated. Here, the adjacent data are connected with
edges [HDO10]. The edges longer than a defined threshold β are removed for gen-
eration of isolated clusters. Finally the DB* index is recalculated. The above steps
are repeated for each cluster unless the stop conditions described in [HO07] are satis-
fied. As mentioned in [NU09], this algorithm was used on multiple data sets and has
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shown to automatically generate an appropriate number of membership functions
as well as determination of the design parameters with large cores.

Here, the methods are used to generate membership functions for each variable of a
data set individually. Therefore, the generation of a 1-dimensional RNG is required
for each variable since data points in the 1-dimensional feature space only have a
maximum of 2 neighbors. This can quickly lead to over-partitioning of the data even
in dense areas of the feature space. Hence, the presented CLUSTERDB* algorithm
is adapted by applying the approach presented in [HL96] for generation of a 1-
dimensional RNG. At first, the similarity value s is calculated for all adjacent data
points. Adjacent points can be connected by edges if their similarity value is larger
than threshold α. To prevent over-partitioning, a small value should be chosen for
α.

Another adaption is related to the removal of the termination criteria which ends
the algorithm if the number of clusters exceeds the square root of the data set.
Here, the CLUSTERDB* algorithm is implemented with the following steps and is
terminated when all the clusters are processed.

1. Define α and C.

2. Generate RNG.

3. Find centroids.

4. Calculate the DB* using Eq. 3.6.

5. Set i = 1.

6. Calculate edge lengths for cluster Ci and sort them in ascending order.

7. Calculate variations of successive lengths and the intermediate variation as
proposed in [HO07].

8. Find threshold β for Ci by fulfilling the criteria explained in [HO07]. If no
threshold is found, set i = i+ 1 and repeat from step 6.

9. Find edge greater than t. If no edge is found, set i = i + 1 and repeat from
step 6.

10. Remove the edge and recalculate DB*. If the resulting two clusters increase
DB*, undo the removal and recalculation of DB* and repeat from step 8. If
DB* is not increased, repeat from step 6.

11. Terminate if all clusters are processed.

To get the optimal number and values of design parameters of the membership
functions, an optimal value of threshold α should be defined. The value of parameter
C does not have to be optimal, as a change in the value of C changes the similarity
values s with the same magnitude [HL96]. In this work, genetic algorithm [Gre86]
is applied for estimation of optimal value of α.

For implementation of the genetic algorithm defining the optimal value of α, the
operations of roulette wheel selection, uniform mutation, and two-point crossover
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have been utilized. The chromosomes are comprised of the α values for each variable
of a data set. To indicate the fitness of a chromosome, the membership functions
resulting from the chromosome are used to fuzzify a data set. The fuzzify data is
then used to train and test of a classifier. The classification accuracy of the test
data is used as fitness value of the chromosome.

Fuzzy Neighborhood Density-Based Spatial Clustering of Applications
with Noise (FN-DBSCAN)

Another clustering algorithm namely FN-DBSCAN [NU09,CMS+10] has been pro-
posed to improve the CLUSTERDB* algorithm. The FN-DBSCAN algorithm as-
signs fuzzy neighborhood values representing the degree with which a data point
y belongs to the neighborhood of another data point x. Based on the neighbor-
hoods, FN-DBSCAN searches for fuzzy core points to generate clusters. According
to [NU09], by considering Nx as a neighborhood membership function of the point
x ∈ X, point x is considered as a fuzzy core, if its neighborhood

N(x) = {y ∈ X | Nx(y) ≥ ε1}, (4.4)

with a membership degree greater than a predefined threshold ε1 possesses a fuzzy
cardinality

cardFN(x) ≡
∑

y∈N(x)

Nx(y) ≥ ε2, (4.5)

more than the predefined threshold ε2. In [NU09], the FN-DBSCAN algorithm has
been proven to detect efficient number of clusters depending on the choice of ε1, and
ε2.

Here, FN-DBSCAN algorithm is adapted and implemented to cluster the data
for density-based generation of trapezoidal membership functions. As suggested
in [NU09], the data should be initially normalized and sorted in ascending order
before applying the FN-DBSCAN algorithm. Once the data are normalized, the
parameters ε1, and ε2 defined in Eq. 4.4 and Eq. 4.5 need to be found. To deter-
mine each data point fuzzy neighborhood, the linear membership function presented
in [SHNSon] is used.

After the data are clustered and the centroids are defined, the membership functions
are generated by determining the cores through calculating each data points density
value [NU09]. Based on the density values, the dense neighbors of the centroids are
determined as addressed in [DHO08]. The centroids and their neighbors together
build the core. Once the cores are generated, the supports are determined as rang-
ing from the right core boundary of the previous core to the left boundary of the
subsequent core.
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The application of FN-DBSCAN requires expert knowledge to a certain degree, since
the parameters ε1, and ε2 need to be predefined. As explained in [NU09], the average
distance between adjacent data points is considered as the value of neighborhood
threshold. Every data point y which is closer to the data point x than the average
distance of adjacent data, possesses a neighborhood degree of Nx(y) > 0 [NU09].

The proposed FN-DBSCAN algorithm could be adapted to work more independence
from experts knowledge by setting the parameter ε1 to zero. The parameter ε1 de-
scribes a radius, defining the membership threshold for data points to be considered
in the fuzzy cardinality. By setting ε1 to a value larger than zero, the density re-
quirements towards the center of the neighborhood could increases. Accordingly,
this is achievable by setting the fuzzy cardinality threshold ε2 to avoid the necessary
effort for determination of ε1. Accordingly, the FN-DBSCAN algorithm could be
implemented as follows

1. Define ε2 and C.
2. Normalize and sort data.
3. Calculate the mean distance ε between adjacent data.
4. Set i = 1.
5. Find an unassigned fuzzy core point p for cluster Ci fulfilling the criteria given

in Eq. 4.4 and 4.5. If no unassigned fuzzy core point is found, terminate the
algorithm.

6. Assign p to the cluster Ci.
7. Add all unassigned neighbors of p to an empty set of seeds S.
8. Select a point q from S and assign q to Ci.
9. If q is a fuzzy core point fulfilling the same criteria as in step 5, add the

unassigned neighbors of q to S.
10. Repeat steps 8 and 9 until all seeds are assigned.
11. Set i = i+ 1 and repeat from step 5.

In this algorithm, the number of predefined parameters is reduced from 3 to 1. The
only parameter to be determined is the fuzzy cardinality threshold ε2. In this work,
a genetic algorithm is applied for estimation of ε2 using the operations of roulette
wheel selection, uniform mutation and two-point crossover. Here, chromosomes
contain the ε2 value of each variable of a data set.

4.4.3 Evaluation process

To evaluate the performance of the presented methods, classification performance
based on the crisp and fuzzy data after fuzzification process is measured as shown
in Fig. 4.3. In the classification process shown in Fig. 4.3, a data set of crisp values
is considered as input and the output is a classified data set. The input data could
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be classified in two types, (I) as fuzzy data in which input data should be fuzzified
using the proposed approaches or (II) as crisp data.

Figure 4.3: Classification with crisp and fuzzy data; part I is only performed for
classification of fuzzy data [SHNSon]

In both classification processes I and II, the data set is separated into training and
test data. To validate the generated membership functions, 10-fold cross-validation
is used. Training data are applied for generation of a classifier and test data applies
for evaluation of the classifier by classification of unknown data.



4.5 Feature selection in fuzzy SOM-based CBR 69

In the process I, the training data should be applied for automatic generation of
membership functions by using one of the implemented algorithms before making a
classifier. By means of the generated membership functions, the test and training
data are fuzzified differently. To fuzzify the test data, the feature value of each
instance is assigned to the membership function returning the greatest membership
degree. On the other hand, the feature value of each instance in training data is
assigned to the membership functions returning membership degrees greater than
0.4.

A training data instance with a feature assigned to multiple membership functions
split into multiple instances. The instances contain the single different cases of
that feature, while the assignments for the rest of the features are duplicated. The
training data may therefore have more instances after fuzzification.

As the feature values of the fuzzy data are integers representing the assignment
to one of the membership functions, multiple instances of the fuzzy data may be
identical. Therefore, a process of data reduction is applied to reduce the fuzzy
training data. After the data reduction, only the uniquely occurring instances in
respect to their feature assignments and class affiliation are left. The classifier is
trained using the reduced data. The trained classifier is then tested by means of the
fuzzy test data.

4.5 Feature selection in fuzzy SOM-based CBR

Feature selection is the process of defining a minimal subset of available characteris-
tics which satisfying a given criteria. Here, irrelevant and redundant characteristics
with little or no predictive information about the defined situation patterns are
eliminated. Feature selection consists of several steps. At first, using a proper al-
gorithm the relevant characteristics for special patterns are defined and weighted,
then the characteristics are ranked. Finally, using a selection strategy, the best set
of characteristics is chosen and stored in DBIX .

Feature selection is known as an effective process to improve the ability of situation
recognition [ZHQ+15]. It allows to choose a set of relevant characteristics recognizing
predefined patterns of situations.

Different algorithms have been proposed by previous studies for feature selection
in different applications. Feature selection algorithms are divided into two main
classes: wrappers-based and filter-based. Wrapper-based algorithms estimate the
performance of the algorithm after each sub-set selection and have a high compu-
tational complexity as they apply a learning algorithm continuously [PF15, VR14].
Filter-based algorithms discard irrelevant features before learning, so they are faster
than wrapper algorithms [PF15]. Rough set theory (RST) [Paw12] used for mea-
suring the data dependencies and dimensionality reduction is applied widely for
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filter-based algorithms [JS07], [TP09], [AE13] in real time applications [PA15]. It
helps to find the key features contained in a database without additional informa-
tion. Different generic filter-based algorithms have been proposed based on RST
and evaluation functions for calculating the suitability of selected features [AE13].
The Quick Reduction (QR) algorithm [JS02] widely applied by previous studies cal-
culate a reduct without generating all possible subsets [AE13]. However, QR can
not guarantee to find the optimal sub-set of relevant features. In [SLS11], RST
is applied for measuring the feature relevance. Three feature selection strategies
are proposed for finding a sub-set of relevant features. These strategies depend on
the selection criteria: Mean Selection (MS), Half Selection (HS), and Selection by
Threshold (ST) based on RST. According to the results presented in [SLS11], fea-
ture selection using the proposed strategies overcome some problems related to the
standard feature selection algorithms such as JohnsonsReduct applying a heuristic
function and decision Table [GAM06]. In this section by focusing on feature se-
lection, the filtering algorithm and three selection strategies presented by [SLS11]
are applied to the process. Then, the performance of situation recognition process
based on different selected sub-sets is evaluated and compared for an experimental
application on driving maneuvers.

4.5.1 Feature Selection using RST

Rough set theory mainly deals with classification analysis of data sets that contains
vagueness, missing values, or data redundancy [SGS14]. Using this theory, it is
possible to reduce data redundancy and define common patterns in uncertain and
incomplete data sets. The main advantage of RST is that only the structure of
data and no more information about the membership values are required to define
a suitable subset of relevant features.

Rough set theory is defined here. Let I = (U,A) be an information system, where U
is a non-empty finite set of objects and A is a non-empty finite set of characteristics
that ∀a ∈ A, a : U→ Va and Va are the possible values of characteristic a. For
B ⊆ A an associated equivalent relation RB

RB = {(x, y) ∈ A2|∀a ∈ B, a (x) = a (y)} , (4.6)

exists. Let X ⊆ U. Set X is approximated only using the information contained
within RB. The lower and upper approximation of set X is given as

RB ↓ X =
{
x ∈ U | [x]RB ⊆ X

}
, (4.7)
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RB ↑ X =
{
x ∈ U | [x]RB ∩X 6= ∅

}
, (4.8)

where [x]RB
denotes equivalent classes of RB including x.

Rough Set is defined using the tuple 〈RB ↓ X,RB ↑ X〉.

Positive region POSB(X) calculates the lower approximation for each decision fea-
tures and gives the union of the calculated approximations as

POSB(X) =
⋃
∀x∈X RB ↓ x . (4.9)

4.5.2 Measurement of features relevance

To measure the importance of X by mapping the objects into RB, the degree of
dependency γB(X) (0 ≤ γB(X) ≤ 1) [Kun92] is calculated as

γRB(X) = |POSB(X)|
|U | . (4.10)

The value γRB
(X) = 1.0 denotes that X depends only on RB.

Relevance of each feature could be measured using the degree of dependency to
indicate how the classifier changes by discarding the feature. The relevance of feature
f, σ(f) is calculated as

σ(f) = γRB(D)− γRB−{f}(D) , (4.11)

where R corresponds to the smallest possible reduction in decision table.
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Algorithm 3 Quick reduction algorithm inspired from [JS04]

1: procedure QuickReduct(C,D)
2: //C : set of all conditional characteristics;
3: //D : set of all decision characteristics.
4: R← ∅;
5: do
6: T ← R;
7: for each x ∈ (C −R) do
8: if γR∪{x}(D) = γT (D) then
9: T = R ∪ {x};
10: end if
11: end for
12: R← T ;
13: while γR(D)! = γC(D)
14: return R;
15: end procedure.

4.5.3 Quick reduction algorithm

The function illustrated by Algorithm 3 is a QR algorithm determining a set of
relevant characteristics that is sufficient to specify the decision characteristics. This
function attempts to choose a subset of conditional characteristics (without gener-
ating all possible subsets) as relevant characteristics for solving a defined problem.
However, the output may be a close-to-minimal subset of characteristics and is not
guaranteed to find the best combination of relevant characteristics.

Here, QR algorithm could be applied for feature selection to the learning process.
The set of cases in CBR is considered as set U. Available characteristics defining a
situation are shown as the set of conditional characteristics C. Available situation
patterns are denoted as decision characteristics D. The reduction algorithm returns
a reduced set of important characteristics of a situation for recognizing specified
situation patterns.

4.5.4 Feature selection strategies

Feature selection as a filter-based algorithm is developed using three different selec-
tion strategies [SLS11] to determine the best relevant subset of features. Using the
feature relevance measured by RST, a relevant sub-set is selected through a feature
selection strategy.
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Mean selection (MS)

According to this selection strategy, feature f ∈ A is selected if

σ(f) ≥
∑
a∈A

σ(a)
|A| , (4.12)

where σ(f) and σ(a) are relevance values for the features f, ainA.

Half selection (HS)

According to this selection strategy, a feature is selected if its position in the rank
vector is lower than approximately half of the features in the domain or the feature
is an independent feature. Thus, feature f ∈ A is selected if at least one the following
conditions is satisfied

Pf ≤ b |C|2
c , (4.13)

σ(f) = 1.0 , (4.14)

where Pf is the position of feature in the rank vector.

Selection by threshold (TS)

According to this selection strategy, a feature is selected if its relevance value is
larger than the average relevance of the features in rank vector. Thus, f ∈ A is
selected if

σ(f) ≥ minr + maxr−minr
3

, (4.15)

where minr and maxr are minimum and maximum relevance values in the ranking
vector, respectively.

Here, Algorithm 4 addresses the feature selection using RST applied to the proposed
CBR. In the proposed algorithm, MS strategy is used for feature selection.
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Algorithm 4 Feature selection using FRS theory and MS strategy inspired from
[SLS11]

1: procedure FeatureSelection(C,D)
2: //C : set of all conditional characteristics;
3: //D : set of all decision characteristics.
4: R← ∅;
5: for each x ∈ C do
6: σ(x) = γR(D)− γR−{x}(D)
7: end for
8: for each x ∈ C do
9: if σ(x) ≥

∑
a∈C

σ(a)
|C| then

10: R = R ∪ {x};
11: end ifend;
12: end for
13: return R;
14: end procedure.

4.5.5 Evaluation process

A feature selection framework consists of several steps shown in Fig. 4.4 are intro-
duced for evaluation of the proposed feature selection algorithms.

Feature selection algorithms may not work successfully in real-time applications
because of dealing with crisp values of the features [PA15]. By application of fuzzy
theory and fuzzification process, the actual data is discretized and labeled with
different degrees of membership. At first the features values are discretized by
transferring into fuzzy values using the preconstructed fuzzy sets and predefined
membership functions in DBFDP . Then, the relevance of each characteristics for
special patterns are measured. The characteristics are sorted by rank. Finally,
using a selection strategy, the best set of characteristics is chosen and stored in
DBIX . The selected characteristics using different strategies are evaluated through
the situation recognition process.

The proposed framework is used in the next chapter for evaluation based on the
experimental data. Accordingly, an appropriate algorithm to be selected for inte-
gration with fuzzy SOM-based CBR approach.

4.6 Summary

In this chapter, the classical CBR approach is improved for individualized situation
recognition to support the proposed knowledge representation. Accordingly, the
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Figure 4.4: Feature selection framework [SS16b]

applied algorithms in realization of situation recognition as well as learning process
to supervise individual behaviors of human operators are detailed. In the next
chapter, the proposed framework is implemented and evaluated for driving situation
recognition using the data acquired by a driving simulator.
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5 Experimental results

In this chapter, the proposed Fuzzy SOM-based CBR approach is implemented for
individualized recognition of lane-change situations applied to a simulated driving
environment. In this application, lane-change situations could be recognized by
considering and learning the exclusive lane-change behaviors of individual human
drivers.

Situation recognition is evaluated using different test driving data related to 9 drivers
with various lane-change behaviors. The evaluation results will state the ability of
the proposed approach in real-time situation recognition for supervision of individual
human operators in the applied application.

The contents, figures, and tables presented in this chapter have been prepared for
publication as the journal papers “Fuzzy SOM-based Case-Based Reasoning for indi-
vidualized situation recognition applied to supervision of human operators” [SHS17b]
and “learning and representation of event-discrete situations for individualized situ-
ation recognition using fuzzy SOM-based CBR” [SHSon], and partly published as the
conference paper [SHS17a].

5.1 Framework design for fuzzy SOM-based CBR

In this section, a framework is designed using a CBR-oriented software for im-
plementation of the proposed fuzzy SOM-based CBR. The CBR-oriented software
provides a reference platform for developing CBR applications and the related
databases. The most common software used in recent years are CBR Shell [AIA17],
FreeCBR [Lar17], myCBR [fAI17], eXiTCBR [oG17], and jCOLIBRI [BTGCDA04].

According to a comparative analysis of the software presented in [EM14,AA12], the
advantages of jCOLIBRI justify the implementation of fuzzy SOM-based CBR in
this work. Using this software, high-dimensional data and large case bases required
for realization of Fuzzy SOM-based CBR could be managed.

Using the case structure ability in jCOLIBRI, the case class could be defined and
applied successfully. Case indexing could only be supported by jCOLIBRI. More-
over, the evaluation of each software using the statistical measurements (precision,
recall, and F-Measure) as well as accuracy shows that a CBR approach developed
using jCOLIBRI outperforms the approaches developed using the other software.
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5.1.1 Application of jCOLIBRI

This software is used for implementation of CBR platform for different complex ap-
plications. It is a Java-based framework and uses JavaBeans technology for case rep-
resentation by supporting various types of databases including external databases.

The top layer of the COLIBRI platform is COLIBRI Studio. It contains visual tools
for implementation of CBR cycle and automatic configuration of required libraries
for generation of a CBR platform. It is integrated with Eclipse IDE to manage Java-
based projects. Using COLIBRI Studio, the expert designer could define different
templates where several tasks are linked together to specify the desired behaviors.
The lower layer of jCOLIBRI includes a library of the classes for implementation of
CBR system editor including previous cycle (PreCycle), main cycle (Cycle), and post
cycle (PostCylce) of CBR as it is shown in Fig. 5.1. In PreCycle, the databases and
case base connections are activated, and related temporary data sets are initialized.
The main cycle supports the situation recognition and learning procedures. Finally,
through the PostCylce, the data from temporary memory are stored into the related
databases.

Figure 5.1: System Editor [using COLIBRI Studio]

5.1.2 Requirements and design overview

The proposed fuzzy SOM-based CBR approach is developed by definition of a CBR
project using jCOLIBRI. Accordingly, case structure is configured using a case de-
signer. A Case in jCOLIBRI is defined using a “description”, a “solution” and a
“result” which contains a set of attributes (characteristics). There are two types
of characteristics: simple or compound which is a function of simple and other
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compound characteristics. Each simple characteristic is defined with a name, a
data type, local similarity function, and its weight which is a value between 0 and
1. Each compound characteristic is defined using a name and a global similar-
ity function. A part of configuration panel in jCOLIBRI is illustrated in Fig. 5.2.
The terms “description”, “solution”, and “result” representing an initial situation,
applied operator, and upcoming situation alternatively. For local similarity assess-
ment, Nearest Neighbour scoring function is applied. In addition, the weights of the
characteristics are initialized to 1.0.

Figure 5.2: Configuration of case structure in jCOLIBRI

Several external libraries are applied to support the required functions and pro-
cedures for complementation of situation recognition (Algorithm 1) and learning
(Algorithm 2) procedures. Those libraries are listed as in the following sub-sections.

Database connection

The case base and its related databases for storing the feature weights and member-
ship functions design parameters, relational databases are configured and connected
to the target project. Data for a CBR project in jCOLIBRI are configured in two
layers of persistence mechanism and in-memory organization (for more informa-
tion see [RSDAGC05]). Persistence data is supported with the concept of database
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Connector. Connectors are objects to access the relational databases via the CBR
project. The concept of connectors including the configuration of the required con-
nectors in the target project is illustrated in Fig. 5.3.

Figure 5.3: Database connectors architecture in jCOLIBRI

Supporting fuzzy logic

To design a fuzzy logic controller and inference engine, jFuzzyLogic library [CAF12]
is applied to the target project implemented in jCOLIBRI. This library is an open
source java library which supports fuzzification and defuzzification functions. Ac-
cordingly, fuzzy membership functions, fuzzy rules, as well as fuzzy inference engine
are implemented and employed through this library.

Supporting learning methods

To apply the machine learning methods, k-NN and random forest, a java library
called MULAN [TSXVV11] is applied to the target CBR project. This library offers
different classification methods, feature selection, as well as dimensionality reduction
algorithms.
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5.2 Evaluation of fuzzy SOM-based CBR

In this section, the proposed situation recognition approach is developed and exam-
ined for recognizing driving lane-change situations. The performance of the proposed
approach in situation recognition and learning is evaluated in different conditions
and using various evaluation metrics.

5.2.1 Detection, false alarm, and accuracy rates

Situation recognition using the proposed approach is evaluated in terms of detection
rate, false alarm rate, and accuracy of the recognition process. Here, detection rate,
false alarm rate, as well as accuracy rate are measured with four possible outcomes
as

True Positive (TP) Number of overtaking situations recognized correctly by
the system,

False Negative (FN) Number of overtaking situations which are not recognized
by the system,

True Negative (TN) Number of driving situations which are incorrectly recog-
nized as overtaking situation by the system, and

False Positive (FP) Number of driving situations which are incorrectly recog-
nized as overtaking situation.

Detection rate indicating the sensitivity of the recognition process is calculated as

Detection rate = TP
TP+FN

, (5.1)

A good recognition process should balance between the detection rate and the false
alarm rate. Accordingly, False alarm rate is calculated as

False alarm rate = FP
TN+FP

, (5.2)

The effectiveness of situation recognition process could be evaluated using the recog-
nition accuracy function as

Recognition accuracy = TP+TN
TP+TN+FP+FN

. (5.3)
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5.2.2 Response time

Moreover, response time is an important metric to show the performance of the
proposed approach for situation recognition and its learning process. Recognition
elapsed time and learning elapsed time indicate the length of time required to per-
form situation recognition process and learning process alternatively. Consequently,
they are considered as measures for online-applicability of the proposed approach.

Recognition elapsed time is calculated as

TRecognition = TF + TS + TU + TI , (5.4)

where TF, TS, TU, and TI are computational time required for fuzzification, retrieve,
reuse, and identification processes alternatively.

In addition, learning elapsed time is calculated as

TLearning = TMFG + TF + TL + TT + TFS + TIX , (5.5)

where TMFG, TF, and TL are computational time required for generation of mem-
bership functions, fuzzification, and labeling. The variable TT addresses the time
required for storing the cases and case reduction in fuzzy case base. Moreover, TFS

and TIX are the elapsed times for feature selection and indexing alternatively.

5.2.3 Generalizability of approach

Generalizability of an approach with different combinations of lane-change maneu-
vers for training and test could be measured using n-Fold cross-validation technique.
Here, to estimate the performance of the proposed situation recognition approach
from available data, 10-fold cross-validation technique is applied. In this validation
which is repeated 10 times, all the data eventually used for both training and test.
This technique is needed to evaluate not only the recognition accuracy independent
of the data but also generalizability of the proposed approach with different inte-
grations of lane-change maneuvers for training and test. The generalizability is high
when the discrimination for unknown data is not significant [Min08].
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5.2.4 Knowledge base workload

The workload of knowledge base consists of a set of related databases could be mea-
sured for assessing the online-applicability of the learning process. A database work-
load is a set of transactions done against the database [NKM01, ACN02, BLNZ15].
Here, total workload of the knowledge base could be measured as

WLTotal = NCBRQueries + NCBRUpdates + NIXUpdates + NFDPUpdates , (5.6)

where NCBRQueries determines the number of queries executed on the case base. In
addition, NCBRUpdates, NIXUpdates, and NFDPUpdates address the number of update
transactions done on the case base, DBIX , and DBFDP alternatively in a given
period of time.

In this research, the normalized workload for knowledge base update is calculated in
a given period of time during learning process for comparing the changes in recog-
nition accuracy and update workload in that period. The workload for knowledge
base updates is calculated as

WLUpdate = NCBRUpdates + NIXUpdates + NFDPUpdates . (5.7)

Accordingly, the normalized workload for updates is calculated as

WLN =
WLUpdate∗100

WLTotal
. (5.8)

5.3 Experiment for lane-change situation recognition

The purpose of driving assistance systems is to offer to drivers additional convenience
and safety by supporting their driving task [BMS16]. In recent years, lane-change
assistance system has been successfully proposed and may be applied to the vehicles
in recent years. However, the proposed lane-change assistance systems can detect a
potential hazard when the driver is changing lanes [BMS16].

The proposed lane-change situation recognition in this contribution would be able to
recognize the situations potentially lead to a lane-change event without consideration
of humans intention in changing the lane. The recognized situations could be applied
for situation assessment to improve the situation awareness and decision-making of
human drivers.

In this section, the proposed fuzzy SOM-based CBR approach is developed for in-
dividualized recognition of lane-change situations applied to a simulated driving
environment. In this application, lane-change situations could be recognized by
considering and learning from exclusive lane-change behaviors of a driver.
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5.3.1 Experiment design

In this experiment, different test drivers have been invited to drive with a profes-
sional driving simulator located at the Chair of Dynamics and Control, University
of Duisburg-Essen.

Using a designed scenario, the test drivers had to drive and experience different lane-
change maneuvers to overtake other vehicles on a highway. When the ego-vehicle is
faster than the vehicle driving in front and the same lane, the driver can change the
driving lane to the left. Through a lane-change to the right, the driver can move
back the vehicle to the right lane and continue forward driving. In this scenario, in
average two lane-change maneuvers could be experienced per minute by a driver.

Here, situations are defined with a set of characteristics addressing the internal status
of ego-vehicle and status of the vehicles in the surrounding area of the ego-vehicle
compared to the ego-vehicle as shown in Table 5.1. Among these characteristics,
steering wheel angle for ego-vehicle c26 and accelerator pedal c21 are considered
for operator. In real-world traffic, however, some considerations are affecting lane-
change behavior [LTB15] such as traffic signs or human drivers emotional states
which are not considered in this work.

In this simulator study, the data are received and abstracted every 0.05 seconds. The
test drivers drive with driving simulator several times. Therefore, different data sets
related to each test driver are applied to the proposed approach for evaluation.

5.3.2 Situation patterns

In this application, three patterns should be experienced, defined, and recognized
through the proposed approach: lane-change to left (LCL), lane-change to right
(LCR), and lane-keeping (LK).

Four key points in each lane-change maneuvers are defined to specify LCL, LCR,
or LK situations in a sequence of occurring events. The key points P1, P2, P3, and
P4 shown in Fig. 5.4 are pointing to the approximate start point, middle point,
exact point, and approximate end point of a lane-change maneuver alternatively.
According to the specified points, different states representing different situation
patterns are defined. The occurring situations between each two points along a
lane-change maneuver belong to one of three states St1, St2, and St3. The occurring
situations in St1 and St2 are defined as lane-change to left/right patterns. The
occurring situations which are not in St1 and St2, are specified as a lane-keeping
pattern.
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Table 5.1: Characteristics of a situation

Name Characteristic Range Data type
c1 Velocity of ego-vehicle [km/h] [0 220] Real
c2 Lane number {1,...,4} Integer
c3 Distance to vehicle in front [m] [0 250] Real
c4 Distance to vehicle left-front [m] [0 250] Real
c5 Distance to vehicle right-front [m] [0 250] Real
c6 Distance to vehicle left-behind [m] [0 250] Real
c7 Distance to vehicle right-behind [m] [0 250] Real
c8 Distance to vehicle behind [m] [0 250] Real
c9 Velocity of vehicle in front [km/h] [0 220] Real
c10 Velocity of vehicle left-front [km/h] [0 220] Real
c11 Velocity of vehicle right-front [km/h] [0 220] Real
c12 Velocity of vehicle left-behind [km/h] [0 220] Real
c13 Velocity of vehicle right-behind [km/h] [0 220] Real
c14 Velocity of vehicle behind [km/h] [0 220] Real
c15 TTC for vehicle in front [s] [0 12] Real
c16 TTC for vehicle left-front [s] [0 12] Real
c17 TTC for vehicle right-front [s] [0 12] Real
c18 TTC for vehicle left-behind [s] [0 12] Real
c19 TTC for vehicle right-behind [s] [0 12] Real
c20 TTC for vehicle behind [s] [0 12] Real
c21 Accelerator pedal {1,...,3} Integer
c22 Break pedal {1,...,3} Integer
c23 Gearbox {1,...,4} Integer
c24 Indicator {0,1} Bit
c25 Heading angle between ego-vehicle and road [-3.14 +3.14] Real
c26 Steering wheel angle for ego-vehicle [-3.14 +3.14] Real

Figure 5.4: Different situation patterns along the driving maneuvers; (a) lane-change
to left, and (b) lane-change to right
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Figure 5.5: Occurring situations and identified situation patterns along a driving
maneuver

5.3.3 Offline training, online training, and test

The experiment is organized into three phases for each human driver data: offline
training, online training, and test (as shown in Fig. 5.6).

Figure 5.6: Different phases of experiments on driving data; (a) offline training
phase, (b) online training phase, and (c) test phase
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The case base and the database DBFDP are initialized for each driving data through
offline training phase using an entire training data set. In this phase, the proposed
approach is evaluated using different test driving data related to 9 drivers individu-
ally. In each experiment, the knowledge base is initialized with a set of lane-change
maneuvers performed by each driver. The occurring situations are labeled to set the
situation patterns statically for training.

Relative changes in the values of two characteristics “heading angle between ego-
vehicle and road” or “steering wheel angle” may represent lane-change maneuvers
intended by human drivers.

The lane-change maneuvers are labeled by considering the changes in heading angle
between ego-vehicle and road. The changes in steering wheel angle and the heading
angle through a driving maneuver are investigated for different drivers. The investi-
gations roughly present comparable results illustrated for one test driver in Fig. 5.7,
when the driver is driving on the left or right lanes.

Figure 5.7: Changes in steering angle and heading angle through driving maneuvers

The blue line shows the oscillations of steering wheel angle changes along the driving
maneuver. The swift changes in steering wheel angle are not reliable for determi-
nation of lane-change situations. Although steering wheel changes may represent a
lane-change maneuver, this may even show a lane-keeping maneuver on a winding
road.

In addition, the red line shows the changes in heading angle between ego-vehicle
and road along the driving maneuver. Here, the colored zones where the driver is
changing the driving lane, as well as the relation between slight changes in heading
angle and occurring lane-change situations could be focused. A relationship between
the changes in heading angle and occurring lane-change situations can be assumed.
The situations between the last highest point or lowest point in the curve and the
lane-change point could be marked as lane-change situations (shown for lane-change
to right (green) and lane-change to left (pink)).



5.3 Experiment for lane-change situation recognition 87

The labeling process could be executed to label the occurring events when an exact
lane-change point (addressed as P3 in Fig. 5.4) occurs. The labeling procedure
configured for target application is presented in Algorithm 5. In this algorithm, τa
shows heading angle variation threshold which is defined here by human experts.

Algorithm 5
1: procedure Labeling(Listsequence)

2: //Listsequence : a sub sequence of occurring situations and operators

3: LK ← 0;
4: LCL← 1;
5: LCR← 2;
6: i← 1;
7: while i > size(Listsequence) do

8: Si ← Listsequence(i);
9: Si+1 ← Listsequence(i+ 1);

10: Si.label← LK;
11: if (Si.c2) < (Si+1.c2) then

12: j ← i;
13: while (Sj .c25) <> LastLowestPoint((Si.c25), τa) do

14: Sj ← Listsequence(j);
15: Sj .label← LCL;
16: j ← (j − 1);
17: end whileend;
18: i← (j + 1);
19: end ifend;
20: if (Si.c2) > (Si+1.c2) then

21: j ← i;
22: while (Sj .c25) <> LastHighestPoint((Sj .c25), τa) do

23: Sj ← Listsequence(j);
24: Sj .label← LCR;
25: j ← (j − 1);
26: end whileend;
27: i← (j + 1);
28: end ifend;
29: i← (i+ 1);
30: end whileend;
31: end procedureend.

The online training phase is executed through a complete fuzzy SOM-based CBR
cycle detailed in sections 4.2 and 4.3 to adapt new patterns dynamically for the
data became available in a sequential order. In this phase, situation recognition is
evaluated at runtime, and the knowledge base is updated dynamically.



88 Chapter 5. Experimental results

In the test phase, the accuracy of the proposed learned situation recognition ap-
proach is evaluated after online training. Driving duration considered for offline and
online training as well as test with the number of lane-change maneuvers are given
for each driver in Table 5.2.

Table 5.2: Experiments done by test drivers

Test Driving duration [minute:second]
drivers Offline training Online training Test

#1 22:35 30:00 06:00
#2 21:43 24:00 05:00
#3 30:10 22:00 08:00
#4 26:12 35:00 05:00
#5 21:00 26:00 06:00
#6 26:23 24:00 07:00
#7 21:40 23:00 05:00
#8 28:02 28:00 04:00
#9 30:30 31:00 06:00

5.3.4 Clustering the driving behaviors

Based on the data set used for offline training and the values of the characteristic
”time to collision” in three points P1, P2, and P3, lane-change behaviors are divided
into three clusters (A, B, and C). In this clustering, time to collision to ”the vehicle
in front” and ”the vehicle right-behind” are considered for specification of lane-
change to left and right behaviors alternatively. The clustering results of around
530 samples of lane-change to left and right maneuvers are graphically shown using
Fig. 5.8 and Fig. 5.9. According to Fig. 5.8, cluster A shows the behaviors in which
a driver intends to change the lane and finishes the maneuver when TTC is short
(less than 9 seconds). A driver with the behavior cluster B starts and finishes a lane-
change maneuver when the TTC is long. According to behavior cluster C, a driver
intends to change the lane when it TTC is long and finished the maneuver when
TTC is short. According to Fig. 5.9 addressing different behaviors of lane-change to
the right, behavior cluster A is related to the drivers who start the maneuvers when
TTC is more than 12, and change the lane when TTC is short. Cluster B indicates
the behaviors in which the drivers mostly start and finish the maneuvers when TTC
is low. In addition, cluster C including a few number of samples is related to the
behaviors in which the TTC in the point P2 is more than 12 seconds while TTC in
other points is shorter.
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Figure 5.8: Different clusters of lane-change to left behaviors based on the drivers
experiences

Figure 5.9: Different clusters of lane-change to right behaviors based on the drivers
experiences

Here, it is supposed that the drivers with more than 50% experiences of one driving
behavior cluster belong to that cluster. Accordingly, 5 different groups of drivers
with a combination of defined lane-change clusters could be assigned as shown in
Table 5.3.
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Table 5.3: Percentage of experiments of test drivers for different behaviors

Test Lane-change to left Lane-change to right Group
no. A B C Cluster A B C Cluster name
#1 65.78 13.15 21.05 A 3.94 96.05 0 B G1
#2 68.57 8.57 22.85 A 1.42 98.57 0 B G1
#3 17.02 55.31 27.65 B 2.22 91.11 6.66 B G2
#4 24.32 16.21 59.45 C 50.68 49.31 0 A,B G3
#5 74.46 25.53 0 A 25.53 65.95 8.51 B G1
#6 34.44 14.44 51.11 C 37.07 56.17 6.74 B G4
#7 77.77 22.22 0 A 26.66 68.88 4.44 B G1
#8 0 51.39 49.58 B,C 49.05 50.16 0 A,B G5
#9 21.21 24.24 54.54 C 33.65 60.12 6.25 B G4

5.3.5 Setting

For the implementation of fuzzy SOM-based CBR, different algorithms are applied
to the CBR platform. The algorithm k-NN is applied for case retrieval. A selected
feature selection algorithm and fuzzy density clustering method are applied to define
relevant characteristics and modeling parameters of membership functions for those
characteristics.

5.4 Evaluation results

5.4.1 Fuzzy SOM-based case representation

Description

Generation of membership functions for continuous variables plays an important
role in case representation and individualization of driving behaviors. Generation of
membership functions may be mostly done using human expert knowledge, which
is neither practical nor reliable. As discussed in Section 4.4, different methods have
been formerly proposed for the automatic generation of membership functions. Ac-
cording to [NU09], the density-based method with FN-DBSCAN shows high accu-
racy and low computational time. Additionally, based on the previous study [SHN-
Son] on the application of the simulated driving data, FN-DBSCAN outperforms
other methods in terms of membership functions generation time and accuracy. Ac-
cordingly, FN-DBSCAN is applied for generation of membership functions in this
work. In addition, trapezoidal membership function which could outperform the
triangular and Gaussian membership functions in pattern recognition [SBK16], is
considered for defining the linguistic variables.
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The applied FN-DBSCAN receives a stream of the gained values for each quan-
titative variable as input. It generates a set of trapezoidal membership functions
for each variable and returns the cores and supports of the functions as output.
Here, a crisp value of each quantitative variable is established through a set of its
corresponding fuzzy values measured through the generated membership functions.

Results

According to Table 5.1, 21 quantitative characteristics could be represented with
fuzzy values. to define a situation. These characteristics could be divided into
6 general types of variables according to their nature in using the same linguistic
modifiers. Those variable types are: velocity of ego-vehicle Var1, distance to other
vehicles Var2, velocity of other vehicles Var3, time to collision Var4, vehicle angle
Var5, and steering wheel angle Var6.

By application of FN-DBSCAN, the number of generated membership functions
for each variable is specified for the drivers (as shown in Table 5.4). According to
Table 5.4, different amounts of membership functions are generated for the drivers
with different behaviors. As an example, different behaviors of two drivers during
lane-change maneuvers are presented in Fig. 5.10. According to the data density of
TTC value shown in those figures, driver #7 tries mostly to change the lane when
TTC is less than 5 seconds while driver #3 changes the lane cautiously when TTC
is more than 4 seconds. These differences between the experiences affect the number
and modeling parameters of membership functions for knowledge representation.

Table 5.4: Number of automatically generated membership functions for each vari-
able type according to the gained values in drivers experienced maneuvers

Test drivers Var1 Var2 Var3 Var4 Var5 Var6

#1 17 20 14 16 17 11
#2 18 14 14 15 12 11
#3 5 19 3 7 6 16
#4 15 19 3 8 6 16
#5 17 19 17 15 16 15
#6 19 18 5 8 6 6
#7 17 20 14 16 17 11
#8 8 14 13 13 12 5
#9 19 18 5 8 6 6
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Figure 5.10: Density of TTC values experienced during the lane-change maneuvers
performed by two drivers; (a) driver #7 and (b) driver #3

According to the defined parameters in DBFDP , each quantitative characteristics
of the occurring situations will be transformed to its corresponding fuzzy value. A
sequence of occurring situations with the transformed fuzzy values is illustrated in
Fig. 5.11. Here, steering wheel angle and accelerator pedal are considered as a com-
bined operator. The value of each characteristic in Fig. 5.11 shows its corresponding
linguistic value. Moreover, Eq. 5.9 addresses the generated cases from a sequence of
a situation, trigger action, and the upcoming situation.

Figure 5.11: A sequence of occurring situations and the related fuzzy cases while
generated
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Casel : if (Si−1) & (O1) then Si; end;
Casel+1 : if (Si) & (O2) then Si+1; end;
Casel+2 : if (Si+1) & (O3) then Si+2; end.

(5.9)

5.4.2 Feature/characteristics weighting and selection

Description

The rough set theory is employed in this section to define a subset of relevant char-
acteristics by a rank ordering of characteristics. In this section, the feature selection
algorithms proposed in Section 4.5 are developed and evaluated. The evaluation
is done in two steps. At first, the effectiveness of feature selection algorithms on
situation recognition accuracy is measured. Here, each algorithm is applied to the
learning process for feature selection. In the second step, the most suitable algorithm
is selected and applied to the proposed framework for the next applications.

The conditional characteristics applied to the algorithm are given in Table 5.1.
Three decision characteristics are defined based on the three situation patterns.
Accordingly, a vector of impact factors Ws is generated for each human driver.

Results

A comparison between the proposed feature selection algorithms is shown in Ta-
ble 5.5. This table gives the results about the percentage of the features selected
using the proposed algorithm and the average situation recognition accuracy mea-
sured by applying those selected features. According to the results, the accuracy of
the situation recognition without selection of relevant features is low. This shows
the irrelevant features may decrease the recognition accuracy. Thus, selection of key
characteristics for definition and identification of situation patterns as well as data
reduction by ignoring the irrelevant characteristics is an important task.

Among four feature selection algorithms, the best performance in term of accuracy is
achieved mostly by applying ST and HS strategies. However, the number of features
in the selected sub-set by ST is smaller than this number by HS. Accordingly, the
maximum accuracy and a small sub-set of the relevant features could be achieved
by application of ST strategy.

In the next step, the rough set theory with application of ST strategy is considered
in the proposed fuzzy SOM-based CBR. By applying the proposed feature selection
for the data sets of the test drivers, the importance of each characteristic for the
definition of lane-change situations is measured as shown in Fig. 5.12.
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Table 5.5: Average recognition results using different selection algorithms

Driver Feature selection (%) Accuracy (%)
set None QR MS HS ST None QR MS HS ST
#1 100 67.1 63.2 64.6 57.6 68.2 67.2 96.2 92.3 98.1
#2 100 55.7 65.3 74.2 65.2 81.4 89.4 65.1 95.0 96.5
#3 100 64.2 47.3 81.6 61.4 67.1 71.2 82.0 96.0 95.4
#4 100 56.4 52.9 86.9 72.9 82.7 77.4 94.2 93.2 94.9
#5 100 68.4 40.1 74.2 69.1 58.9 96.0 74.2 98.6 98.1
#6 100 40.1 76.4 92.1 80.6 78.5 76.2 95.0 94.5 93.2
#7 100 79.4 72.5 75.3 80.6 76.8 92.6 85.0 97.8 95.8
#8 100 61.4 32.9 74.9 65.2 85.2 96.7 65.1 95.9 97.5
#9 100 64.2 72.1 84.6 72.9 84.1 82.2 83.3 92.2 95.3

Figure 5.12: Average importance of each characteristic in recognition of the situa-
tions for different drivers

It could be detected in the figure that the measured Ws for different drivers are
not equal. However, some of the characteristics with the impact factor of zero, do
not contribute to the significance of the situation description and therefore can be
neglected in indexing and similarity assessment.

5.4.3 10-Fold cross-validation

In this section, offline training process of the situation recognition approach is
evaluated using the data informed in Table 5.2. The performance using 10-fold
cross-validation could be measured by comparing the performance of each fold (see
Fig. 5.13, Fig. 5.14, and Fig. 5.15). The shown results in Fig. 5.13 give the detection
rates achieved for all 10 folds of each driver. In addition, Fig. 5.14 and Fig. 5.15 in-
dicate the false alarm rate and accuracy resulting for all the folds for 9 drivers. The
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results indicate that the proposed situation recognition approach is generalizable
because the discrimination is not significant.

Figure 5.13: Average detection rate measured through 10-fold cross-validation for
different drivers

Figure 5.14: Average false alarm rate measured through 10-fold cross-validation for
different drivers

Figure 5.15: Average accuracy measured through 10-fold cross-validation for differ-
ent drivers
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Accordingly, it can be detected from Fig. 5.13 that the average accuracy of 10-fold
cross-validation is more than 93%. In addition, detection rate and false alarm rate
point an acceptable situation recognition results.

5.4.4 Learning performance

Description

Here, the developed approach is considered to assess online learning performance.
For each driver, the driver specified approach is used and connected with the re-
lated individual knowledge base. The knowledge base would be updated for each new
lane-change experience when an occurring situation is not similar to the existing ex-
periences/cases and recognized incorrectly. Here, situation recognition performance
is evaluated in terms of detection rate, false alarm rate, and recognition accuracy.

Results

Evaluation results of the online training process for all test drivers are illustrated in
Fig. 5.16. The plot is representing the accuracy of situation recognition in around
20 minutes driving through the online training phase. The situation recognition
results in the first minutes of driving confirm the importance of the online learn-
ing. Considerable changes in the measured situation recognition accuracy can be
detected.

Figure 5.16: Situation recognition performance obtained (every 5 seconds) during
online training for around 20 minutes driving by all the drivers

In Fig. 5.16, a significant difference among the accuracy curve behaviors is shown.
As it could be detected for most of the drivers, the situation recognition performance
significantly increases in the next minutes. However, the performance is not stable
and may slightly change. Another behavior could be detected from driver #1 in
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this experiment. The performance is changed considerably several times in the last
minutes. The average elapsed time for learning is measured 0.9 seconds in average.

Now, those two behaviors would be considered more in detail by measuring the
percentage of knowledge base workload during online learning. Knowledge base
workload is measured by determining the number of queries executed on the case
base or required for updating the knowledge base in a given period of time.

Those behaviors are presented graphically in Fig. 5.17 to compare the performance
changes during online training and knowledge base workload. By comparing Fig. 5.17
(a) and (b) related to two different drivers, it could be seen that the performance and
workload change nearly at the same time. However, low performance of situation
recognition in the last minutes of driving by driver #1 could be detected.

By comparing the time of performance and workload changes (for example as focused
in Fig. 5.17 (c) and (d)), it could be seen that workload changes follow the changes in
situation recognition accuracy. It shows that decreasing the performance because of
occurring new situations causes a set of transactions to update the related databases.
Accordingly, low performance of situation recognition in the last minutes and high
knowledge base workload related to driver #1 are because of a large number of
transactions needed for updating the case base and databases for new experiences.
The obtained results emphasize the significance of online learning.

In this step, the developed fuzzy SOM-based CBR is trained through offline training
and evaluated during and after online training for each driver. Hereby, the driving
data noted in Table 5.2 is considered for learning and test. Detection rate and false
alarm rate measured for situation recognition are addressed in Table 5.6.

According to the results addressed in Table 5.6, considerable improvements in recog-
nition performance after learning process could be seen. Detection rate for most of
the cases is improved. However, false alarm rate in all cases is reduced to less than
0.02.
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Figure 5.17: Situation recognition performance obtained (every 5 seconds) during
online training for around 20 minutes driving (a) by driver #7 (b) by driver #1

5.4.5 Situation recognition performance

Description

In this section, the performance of the proposed approach is discussed. The perfor-
mance is detailed for three situation patterns introduced in Section 5.3.2.

In addition, this is an attempt to answer the question, ”Can the performance of
situation recognition be improved by considering individual behaviors of drivers?”.
Here, individual behaviors are defined by the knowledge represented individually in
different knowledge bases. To approach this question, the performance of situation
recognition is measured for the test driver data in two conditions
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Table 5.6: Evaluation of situation recognition performance in average before and
after online training for each driver

Before online training After online training
Driver DR FAR DR FAR

#1 0.9522 0.0760 0,9794 0,0143
#2 0.9678 0.0465 0.9756 0.0129
#3 0.9714 0.0371 0.9646 0.0179
#4 0.9683 0.0335 0.9886 0.0074
#5 0.9551 0.0563 0.9654 0.0175
#6 0.9755 0.0335 0.9671 0.0147
#7 0.9872 0.0212 0.9770 0.0097
#8 0.9729 0.0352 0.9883 0.0048
#9 0.9585 0.1187 0.9550 0.0217

(a) the test driver data evaluation is based on their personalized knowledge base
and

(b) the test driver data evaluation is based on the knowledge base trained by other
drivers.

Results

To address the system output in the recognition process, a test driving sequence with
the duration of around 4 minutes for one driver is shown in Fig. 5.18. The changes
in the some characteristics values in occurring situations are given. To highlight the
changes in characteristics values clearly, some characteristics are chosen to be shown
in this figure. In addition, relative velocities are illustrated instead of the velocity
of the vehicles. The situation Si in Fig. 5.18 is defined as a set of characteristics
C with their actual values modeled using SOM. Through the recognition process,
the lane-change situations which are recognized with an average response time 0.04
seconds are marked in green. Also, the real lane changing maneuvers realized by the
human driver are marked in red. The result indicates detection rate of the proposed
approach and shows that the lane changes realized by the human driver are also
detected by the system. Additionally, in each detected lane changing situation, the
similar experienced situations and the percentage of their usage by retrieve process
are partly addressed in Fig. 5.18. This percentage shows the applicability of the
cases in various situations (coverage rate). A case with higher coverage rate is more
generalized and applicable to a wide range of situations.

Moreover, situation recognition accuracy measured for the driving data is shown in
Table 5.7. The accuracy is calculated for different situation patterns by considering
the two defined conditions (a) and (b). Here, the human drivers who are using
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situation recognition framework without learning process are called KB users. In
addition, the drivers who are using the developed framework with learning abil-
ity and therefore the knowledge base is adapted using their experiences are called
KB trainer. According to the average accuracy, the situation recognition in the
case when human drivers are using their knowledge base is acceptable (more than
0.92). In most of the experiments, this value is higher than the measured situation
recognition in the case when drivers are not using their experienced knowledge base.
However, recognition accuracy decreases when human drivers do not apply their
individualized knowledge base.

Table 5.7: Evaluation of situation recognition performance using fuzzy SOM-based
CBR

Driver as Situation Drivers as KB users
KB trainer pattern #1 #2 #3 #4 #5 #6 #7 #8 #9

LK 0.9913 0.9723 0.9098 0.6825 0.9452 0.6614 0.8934 0.6466 0.7467
#1 LCL 0.9896 0.9868 0.9536 0.8039 0.9763 0.8316 0.9004 0.8016 0.8919

LCR 0.9941 0.9856 0.9561 0.8394 0.9672 0.7885 0.9312 0.8312 0.8398
Ave. 0.9917 0.9815 0.9398 0.7753 0.9629 0.7605 0.9083 0.7598 0.8261
LK 0.9510 0.9629 0.9211 0.6850 0.9557 0.6294 0.9167 0.6420 0.7239

#2 LCL 0.9754 0.9781 0.9526 0.7993 0.9775 0.8211 0.9126 0.7947 0.9040
LCR 0.9741 0.9848 0.9685 0.8445 0.9767 0.7701 0.9391 0.8346 0.7964
Ave. 0.9668 0.9753 0.9474 0.7763 0.9700 0.7402 0.9228 0.7571 0.8081
LK 0.8688 0.9102 0.9765 0.7107 0.7982 0.6886 0.8295 0.6772 0.7317

#3 LCL 0.9076 0.9397 0.9822 0.8296 0.8511 0.8587 0.8842 0.8245 0.8421
LCR 0.9606 0.9705 0.9941 0.8380 0.9471 0.7923 0.9451 0.8228 0.8633
Ave. 0.9123 0.9402 0.9842 0.7928 0.8655 0.7798 0.8863 0.7748 0.8124
LK 0.6359 0.6884 0.7168 0.9054 0.7313 0.5672 0.7472 0.7185 0.5655

#4 LCL 0.8647 0.8772 0.9485 0.9162 0.7807 0.8099 0.7634 0.8020 0.8593
LCR 0.7507 0.7968 0.7683 0.9849 0.9122 0.6938 0.8758 0.8835 0.6722
Ave. 0.7504 0.7874 0.8112 0.9355 0.8080 0.6903 0.7955 0.8013 0.6990
LK 0.8835 0.9009 0.8636 0.6951 0.9813 0.5514 0.9140 0.6550 0.6272

#5 LCL 0.9600 0.9610 0.9550 0.7918 0.9890 0.8072 0.9188 0.7911 0.8916
LCR 0.9211 0.9399 0.9086 0.8696 0.9923 0.6944 0.9507 0.8546 0.7149
Ave. 0.9216 0.9339 0.9091 0.7855 0.9875 0.6843 0.9278 0.7669 0.7446
LK 0.6335 0.6183 0.7204 0.6071 0.6549 0.9076 0.6176 0.5638 0.9345

#6 LCL 0.6867 0.6527 0.7605 0.7161 0.6772 0.9463 0.7103 0.7254 0.9756
LCR 0.9405 0.9633 0.9599 0.8443 0.9778 0.9268 0.8156 0.8032 0.9441
Ave. 0.7536 0.7448 0.8136 0.7225 0.7699 0.9269 0.7145 0.6975 0.9514
LK 0.9510 0.9170 0.5879 0.7722 0.9673 0.5163 0.9616 0.6935 0.4377

#7 LCL 0.9780 0.9730 0.9488 0.8189 0.9880 0.8142 0.9563 0.8127 0.8838
LCR 0.9678 0.9436 0.6312 0.8943 0.9793 0.6049 0.9553 0.8505 0.4983
Ave. 0.9656 0.9445 0.7226 0.8285 0.9782 0.6451 0.9577 0.7856 0.6066
LK 0.5837 0.5916 0.3877 0.7129 0.6939 0.5689 0.6297 0.9784 0.4546

#8 LCL 0.8230 0.7920 0.6607 0.7568 0.7664 0.7797 0.6318 0.9854 0.6473
LCR 0.7560 0.7819 0.7067 0.8923 0.9275 0.6798 0.8724 0.9902 0.7076
Ave. 0.7209 0.7218 0.5850 0.7873 0.7959 0.6761 0.7113 0.9847 0.6032
LK 0.7550 0.7908 0.8061 0.6732 0.7569 0.9530 0.6838 0.6431 0.9311

#9 LCL 0.8793 0.8902 0.9207 0.7715 0.7789 0.9669 0.7503 0.7870 0.9674
LCR 0.8698 0.8970 0.8854 0.8371 0.9780 0.9696 0.8192 0.8479 0.9552
Ave. 0.8347 0.8593 0.8707 0.7606 0.8379 0.9632 0.7511 0.7594 0.9512
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The performance of individualization is further evaluated by comparing the situation
recognition in two conditions: (c) each driver uses an individualized knowledge base
initialized by the experiences of the same group drivers, (d) each driver uses a
general knowledge base initialized using the whole experiences of all drivers. The
evaluation results in terms of detection rate and false alarm rate in both conditions
for recognition of three situation patterns are shown in Fig. 5.19.

As illustrated in Fig. 5.19, the detection rate for lane-keeping is improved for the
drivers when an individualized situation recognition is applied. Lane-change detec-
tion rate is improved for most of the drivers in condition (c) except drivers #1 and
#2. It is maybe because of using the experiences of more drivers in the same group
with drivers #1 and #2. Further evaluation of recognition results indicates that
false alarm rate mostly decreases by applying an individualized knowledge base.

As shown in Fig. 5.19, false alarm rate decreases for all the test drivers in lane-
change to right situation recognition by applying a related individual knowledge
base. The same results could be detected mostly for lane-keeping and lane-change
to right. However, false alarm rate evaluation results highlight the effectiveness
of using individualized situation recognition compared to a generalized situation
recognition.

Figure 5.19: Evaluation of the proposed approach by comparing individualized and
general knowledge base for situation recognition

Another attempt to express the effectiveness of individualized lane-change situation
recognition is considered here. The proposed framework is trained (through online
learning) by a driver of Group A. Then, the framework is used by two test drivers
of Groups A and B separately. This is an attempt to answer the question, ”Can
the performance of situation recognition be improved by consideration of individual
behaviors of drivers?”.

Results of the recognized lane-change situations in the first and second tests are
shown in Fig. 5.20 and Fig. 5.21. The blue lines show the driving lane of ego-vehicle
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at time. The points marked in green and blue indicate the labeled lane-change
situations and recognized lane-change situations alternatively. The red circles in
the figures could obviously highlight the visible situations which are recognized in-
correctly as well as the situations which are not detected correctly. The results
presented in Fig. 5.20 state that the recognized situations nearly overlap the labeled
situations. However, the recognized situations illustrated in Fig. 5.21 confirm the
inconsistency between the recognized and labeled situations. Using an unrelated
knowledge could increase false alarm rate.

Figure 5.20: The lane-change situations recognized for a driver of group A using the
assistance system trained for the same group of drivers

Figure 5.21: The lane-change situations recognized for a driver of group B using the
assistance system trained for drivers of group A



5.4 Evaluation results 103

Figure 5.18: Recognized lane-change situations by the framework related to a test
driver with a driving duration of 4 minutes (the recognized and real experimented
lane-change situations are indicated in green and red respectively)
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6 Summary, conclusion, and future work

6.1 Summary and conclusion

In this work, a new framework is proposed and developed for individualized situa-
tion recognition. The main idea is developing an approximate reasoning approach
driven by learning and reusing human-operator experiences to handle event-discrete
situations in unknown dynamic environments.

An improved CBR approach is applied for the realization of individualized situation
recognition. A knowledge representation approach by integration of SOM with FL
is proposed for the first time to support the situation recognition process.

Through a survey presented in Chapter 2, the current status of the proposed approx-
imate reasoning, fuzzy-based CBR, is reviewed. The advantages and disadvantages
of the existing fuzzy-based CBR approaches are considered for generation of the new
framework. The proposed fuzzy SOM-based CBR is addressed as an individualized
approach by applying personalized knowledge of exclusive definitions of experienced
events.

The proposed approach is developed and evaluated for supervision of human drivers
to show the applicability and performance of the introduced approach. In the pro-
posed approach, SOM is applied for modeling dynamical changes in the lane-change
maneuvers as situations and operators. The main functionality of this supervision
is to recognize lane-change driving situations while they are taking place without
consideration of human intention. The proposed approach was used by 9 test drivers
individually for initialization, offline training, online training, and test phases. In ad-
dition, different driving behavior groups for lane-change to left and right are defined
to evaluate the effectiveness of individualization in situation recognition.

According to the validation and evaluation results, the research objectives related
to the research questions designed in Section 1.2.1 could be achieved as follows

1. The experimental results show that the proposed situation recognition frame-
work based on approximate CBR features a new performance quality. Event-
discrete situations could be modeled and represented in the knowledge base.
Results of cross-validation show generalizability of the proposed approach by
applying unknown data for training and test.

2. A further evaluation of the performance of online learning and knowledge
base adaption shows that situation recognition performance could be improved
significantly with respect to the false alarm rate.
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3. The situation recognition accuracy has been evaluated additionally for differ-
ent groups of trainers and users of the knowledge base in fuzzy SOM-based
CBR. The results indicate that the performance of situation recognition is en-
hanced when the knowledge base is personalized. Moreover, the performance
of situation recognition by applying an individualized situation recognition
could be improved significantly compared to a general situation recognition
trained by the experiences of all drivers.

6.2 Research contributions

The main contributions identified as an outcome of this thesis are as follows

- a conceptualization and definition of situation recognition problem,

- individualized real-time situation recognition based on fuzzy SOM-based CBR,

- a new knowledge representation approach for modeling and individual charac-
terization event-discrete situations,

- a new reasoning process to adapt the knowledge base by learning from new
event-discrete situations.

Furthermore, some minor contributions can be identified in this work. Here, a fuzzy
object-oriented knowledge base has been designed and structured to support the
individualized situation recognition framework. A new approach by integration of
SOM with FL has been proposed for repressing the events in dynamic environ-
ments. Different procedures are integrated with the designed framework for further
improvements of situation recognition. An approach has been proposed for auto-
matic generation of membership functions to transfer the value of continues variables
from crisp to fuzzy. Moreover, an approach for feature selection has been presented
to be used for case indexing and retrieval.

6.3 Future work

The proposed approach could be examined for different complex real-world appli-
cations. In addition, other characteristics affecting behaviors of human drivers in
different situations such as the characteristics showing humanś emotional state could
be considered in the definition of situations. Moreover, learning process could be
improved by application of retention/memory and forgetting techniques.

The proposed situation recognition framework could also be integrated with an
intention recognition process. Considering the intention of human operators as well
as other participants in the environment may improve the supervision performance
by decreasing the false alarm rate.
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Hägele and Univ.-Prof. Dr.-Ing. Dirk Söffker.
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