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Abstract

One of the main challenges in the computational intelligence (CI) community
is to develop nature-inspired algorithms that can efficiently solve real-world
problems such as the prediction of space weather phenomena. An early ex-
ample in this context is taking inspiration from the biological neurons in the
mammal’s nervous system and developing an artificial neuron. This work laid
the foundation for artificial neural networks (ANNs) that aim to mimic the
connections between neurons in the mammal’s nervous system and to develop
an artificial model of the brain. ANNs are well-known CI models that have
shown high generalization capability when solving real-world problems, e.g.,
chaotic time-series prediction problems. However, ANNs mostly tend to suffer
from long computation time and high model complexity.

This thesis presents a new category of CI paradigms by taking inspira-
tion from emotions, and these CI models are referred to as emotion-inspired
computational intelligence models (EiCIs). In the thesis, I have outlined the
preliminary steps that have been taken to develop EiCIs. These steps include
studying different emotional theories and hypotheses, designing and imple-
menting CI models for two specific applications in artificial intelligence (pre-
diction and optimization), evaluating the performance of the new CI models,
and comparing the obtained results with the results of well-known CI models
(e.g., ANNs) and discussing the potential improvement that can be achieved.
The first step, and a significant contribution of this thesis, is to review the var-
ious definitions of emotions and to investigate which emotional theories that
are the most relevant for developing a CI model.

Amongst different theories and hypotheses of emotions, the fear condi-
tioning hypothesis as well as affect theory have been two main sources of
inspiration in the development of the EiCIs proposed in this thesis. The fear
conditioning hypothesis that was first proposed by LeDoux reveals some im-
portant characteristics of the underlying neural structure of fear condition-
ing behavior in biological systems. Based on the features of such networks,
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it could be an applicable hypothesis to be the basis of the development of a
subgroup of EiCIs that could be used for prediction applications, e.g. BELIMs
(Brain Emotional Learning Inspired Models), and as emotion-inspired engines
for decision-making applications.

The second emotional theory of the thesis is the affect theory (which was
first suggested by Silvan Tomkins) that describes what the basic emotions
are and how they can be associated with facial expressions. A mechanism to
express the basic emotional feelings is also useful in designing another category
of EiCIs that are referred to as emotion-inspired optimization methods.

The fundamental hypotheses of the thesis, have led to developing EiCIs,
can be presented as follows. The first hypothesis is that the neural structure of
fear conditioning can be considered to be a nature-based system with the ca-
pability to show intelligent behavior through its functionality. This hypothesis
is stated on the basis of the three main characteristics of the neural structure
of fear conditioning behavior.

The first characteristic is that the amygdala is the main center for pro-
cessing fear-induced stimuli and that it provides the fear reaction through its
interaction with other regions of the brain such as the sensory cortex, the
thalamus, and the hippocampus. The second characteristic is that the proce-
dure of processing of fearful stimuli and the provision of emotional reactions
is simple and quick. The third aspect is that the amygdala not only provides
fear responses but also learns to predict aversive events by interacting with
other regions of the brain, which means that an intelligent behavior emerges.
The second hypothesis is that the system in which the three monoamines
neurotransmitters serotonin, dopamine, and noradrenalin and thus produces
emotional behaviors, can be viewed as a biological system associated with the
emergence of intelligent behavior.

The above hypotheses state that a suitable way to develop new CI mod-
els is to take inspiration from the neural structure of fear conditioning and
the natural system of three monoamine neurotransmitters. A significant con-
tribution of this thesis is the evaluation of the ability of EiCIs by examining
them to solve real-world problems such as the prediction of space weather
phenomena (e.g., predicting real time-series such as sunspot number, auroral
electrojet index, and disturbance time index) and the optimization of some
central procedures in network communications. These evaluations have led
to that comparable results have been obtained, which in turn supports the
conclusion that EiCIs have acceptable and reasonable performance regarding
computation time and model complexity. However, to achieve the final goal of
the research study (i.e., to develop a CI model with low computation time and
low model complexity), some enhancements of EiCIs are necessary. Moreover,
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new designs and implementations of these models can be developed by taking
inspiration from other theories.
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Chapter 1

Introduction

The artificial intelligence (AI) community studies how to develop intelligent
agents that solve different kinds of challenging problems, ultimately the same
kinds of problems that the human brain is able to solve. One important sub-
branch of AI is computational intelligence (CI), which is based on imitating
processes or entities in nature for problem solving. In other words, a CI model
solves a problem by imitating the way that a natural system fulfils its func-
tionality. This means a part of an organism with input, output, and building
components that can fulfil some functionality independent of other parts of
the organism, and most researchers in the CI community use natural systems.
CI paradigms have been shown to be highly capable of efficiently solving real-
world problems that cannot easily be solved by traditional methods such as
differential equations (e.g., linear differential equations) or statistical-based
methods (e.g. logistic regression). There are various types of CI models, for
example, artificial neural networks (ANNs), neuro-fuzzy (NF) systems, and
ant colony optimisation (ACO), etc., that have been developed based on dif-
ferent natural systems such as neural systems in mammals, human reasoning
systems, and colonies of ants, respectively.

To develop a new CI model, one important question that should be an-
swered is which kind of natural system can be considered to be the founda-
tion of a new CI model. In other words, which characteristics of the above
natural systems make them suitable for copying when designing the CI mod-
els? Perhaps one answer to this question is that each natural system (e.g.,
a biological system) whose functionality depends on interaction between its
constituent components and can be defined based on a goal-based procedure
or state-based procedure can potentially be a suitable candidate. A further
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requirement is that an intelligent behavior should emerge from the interaction
between the components.

One interesting example of such a natural system is the neural system in
mammals. This neural system consists of neurons that are responsible for send-
ing signals to other cells. The basic function of the neural system,which can be
viewed as connected networks of neurons, is to control the body [34]. Networks
of connected neurons have the capability to perform low-level functions such as
information processing, pattern generation, and feature detection [19] as well
as high-level functions such as learning, memorizing, reasoning, and everything
else that is considered to be fundamental for human intelligent behavior. The
functionality of the neural system depends on interactions between nerve cells
and can be defined as a goal-based procedure. Thus, the neural system in a
mammal can be defined as a system with a goal-based functionality with an
emergence of intelligence through the interaction of its components, i.e., the
nerve cells.

Neurons or nerve cells are the building components of the nervous system
of the mammal, and the functionality of the system can be defined based on
the interactions between these building components. For example, a neuron
might fire its axon and, through its synapses, connect to the dendrites of other
neurons to distribute information and activity. Here, each neuron performs a
very simple task, but through massive interactions among huge numbers of
neurons different functionalities of the nervous system can be fulfilled and can
be viewed as intelligent aspects of human behavior. Nerve cells have been the
basis for the development of artificial neurons that have been used as compo-
nents in ANNs, which in turn have been used to solve complex problems such
as time-series prediction, classification, optimisation, and many more [21]).

Another example of a natural system is a colony of ants in which ants
(the individual components of the system) cooperate with each other to find
the shortest path between the nest and the source of food. The functionality of
the system (i.e., the colony of ants) can be defined as a goal-based procedure
(here the goal is finding the shortest path from the nest to the source of food,
and this is accomplished through interactions between the ants. An overall
result of these interactions is that a type of intelligent behaviour often emerges
that is referred to as swarm intelligence [21]. Swarm intelligence can appear
in any system that is defined as a large group of individuals in which each
individual tries to find a local solution to the objective of the system and
exchanges its obtained solution with others in order to globally achieve the goal
of the system. It should be noted that in swarm intelligence, each individual
is responsible for accomplishing a local task (i.e., finding a local solution) and
interacting with others to exchange its experience so as to fulfil the overall
task of the system. Each individual simply attempts to finish its task without
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trying to find the most intelligent way to do it. Each individual also sends some
information about how it fulfils its task to others. The final solution that is
obtained by the group is not just a solution, but it is the best solution among
all solutions found by all of the individuals. Intelligent behaviour emerges in
terms of finding the best solution as a result of individuals cooperating and
exchanging their local solutions and letting the best solutions survive.

CI models that have taken inspiration from natural systems with goal-
based functionalities can be categorized as rational systems that emphasize
achieving goals by using logical processes (mostly iterative ones). Most CI
models have been developed based on such a rational system that needs itera-
tions to fulfil its task, e.g., solving an optimisation problem. A good example is
an ANN that requires some training iterations in order to adjust the learning
parameters to be able to solve a classification problem, but these often suffer
from high computational complexity [21]. Solving complex problems by uti-
lizing a CI model with low computational complexity is of course much more
preferable. In order to achieve this, it might be useful to consider other natural
systems to develop CI models with low model and computational complexity.

Other natural systems that can be considered when developing new CI
models are the emotional systems of mammals. One specific emotional sys-
tem is the system that is responsible for generating fear reactions (sometimes
referred to as the fear circuitry). The functionality of this system follows a
state-based procedure, which means that it fulfils its task by changing the
emotional state of the animal. The emotional system of fear is an essential
component of a mammal’s survival circuit, and mammals take advantage of
this emotional system to respond quickly to threatening stimuli. Other species
such as fish and even fruit flies also need to have the emotional system of fear
to survive [42].

Fear conditioning, which can be considered as one functionality of the
emotional system of fear, is a kind of behaviour that organisms present when
they learn to predict aversive events by making an association between an
aversive stimulus and a neutral stimulus [52]. LeDoux [42] proposed a neural
structure that indicated what regions in the brain have roles in the fear con-
ditioning behaviour in a rat and how these regions interact with each other.
Some important characteristics of this neural structure are the following:

1) The amygdala plays the main role for processing fear-induced stimuli and
providing fear reaction by interacting with other regions of the brain such as
the sensory cortex, the thalamus, and the hippocampus.

2) The procedure of processing fearful stimuli and providing emotional re-
actions is simple and quick.



4 CHAPTER 1. INTRODUCTION

3) The amygdala not only provides fear responses, but it also learns to predict
aversive events through interacting with other regions.

The above descriptions indicate the importance of the emotional system
of fear in mammals and some characteristics of the system that make it a
suitable choice on which to design CI models. However, because emotions and
emotional behaviour have not received much attention as important aspects of
mammalian intelligence by the CI and AI communities, the idea of developing
a new CI model based on fear conditioning behaviour might be encountered
with strong criticism. Ignoring emotions as important aspects of intelligence is
not just a characteristic of the AI and CI communities, even some philosophers
(e.g., Aristotle) and psychologists (Robert Sessions Wood worth, Charles E.
Schaefer, and Lewis Terman) strongly considered emotions to be inferior and
even disruptive elements of human intelligence. They emphasized the negative
effects of emotion on human intelligence and behaviour, e.g., human decision-
making, and argued that "the intellect provides accurate information, whereas
emotion clouds our minds with disinformation" [46]. It was strongly believed
that good decisions were made based on rational thinking and the ability to
ignore emotions [18] and [7]. By following the psychologists’ and philosophers’
theories about emotions, the AI and CI communities have concluded that emo-
tions should not be considered as intelligent aspects of human behaviour, and
they have given little attention to copying emotional systems when developing
AI systems or tools [18] and [7]. In contrast, a significant amount of effort
has been put into developing cognitive frameworks and artificially intelligent
systems that copy rational human behaviors. Nevertheless, in recent years the
AI community has started to consider emotions when designing AI systems.

The initial beliefs about the adverse effects of emotion in developing AI
systems have gradually changed based on neuroscience studies into emotions
[18] and [7]. For example, Antonio Damasio [18] stated that emotions not only
play essential roles in human decision-making, but also that an individual
cannot make any decision without using and considering feelings [7]. Recent
attention to developing intelligent systems by taking into account emotional
procedures is the result of the efforts that have been made by neuroscien-
tists. One of the first attempts to integrate emotional processes in AI was
the development of an emotional robot [99]. Another attempt involved us-
ing an emotional procedure to form a supervised learning method to improve
the tuning process of an adaptive controller [14]. Lucas proposed the first
practical model of an emotion-based intelligent controller, which was called
a brain emotional learning-based intelligent controller (BELBIC) [49]. The
model was proposed on the basis of a computational model of emotions called
the amygdala-orbitofrontal cortex system, which was formed to simulate emo-
tional learning in the amygdala [60]. Even if the amygdala-orbitofrontal cortex
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system can be viewed as a CI model, the intention of designing the system was
not to modify conventional CI models or to develop a new CI model. However,
this model has a simple structure with low model complexity and it has been
a great motivation for the primary steps of designing new CI models based on
emotions [6] and [65].

Conventional CIs such as ANNs and NF systems have been successfully
applied to solving complex problems. However, they tend to have complex
structures and suffer from high computational time and model complexity.
These issues are exacerbated by modern complex, high dimensional inputs and
large-scale problems [8]. Recently, new methods, such as convolution neural
networks, have been introduced to resolve the limitation of ANNs concerning
accurate classification of large-scale datasets, e.g., high-resolution images [8].
I have taken inspiration from emotional systems to develop emotion-inspired
computational intelligence models (EiCIs) that are the focus of this thesis to
address the above issues.

The preliminary achievements in developing EiCIs are presented in this
thesis. The EiCIs suggested in this thesis can be categorized into three classes.
The first class of EiCIs are designed to be used as prediction models, and these
are referred to as Brain Emotional Learning-inspired Models (BELiMs). The
second class of EiCIs includes intelligent decision-making systems that can be
utilized as the core of an intelligent radio node (i.e., a cognitive radio node).
It should be noted that the central decision-making system in the context
of a cognitive radio node is referred to as a cognitive engine. In this thesis, I
have suggested a new framework for designing and implementing an intelligent
decision-making system that copies the fear circuitry that was proposed by
LeDoux and is referred to as an emotion-inspired engine. The third class of
EiCIs includes those developed for solving optimisation problems.

BELiMs have been developed on the basis of the first of the two hy-
potheses of this thesis. The first hypothesis is that the neural structure of
fear conditioning can be considered as a natural system that consists of some
components (e.g., the amygdala, thalamus, and the sensory cortex) and whose
functionality is fulfilled through interaction among its components. Fear con-
ditioning as a system shows an intelligent behavior by learning how to respond
to fear-induced stimuli and thus can be utilized to design new CI models for
prediction and decision-making applications.

LeDoux’s fear conditioning hypothesis identified the anatomical structures
in the mammalian brain that are responsible for producing fear responses and
fear conditioning. Fear conditioning is a behavioural mechanism that organ-
isms use to provide fear responses and predict aversive events, and LeDoux in-
vestigated the neural structure that underlies the fear conditioning behaviour
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in rats. This neural structure not only describes a learning process that is
followed by biological organisms to predict dangerous situations, it also ex-
plains why the process of receiving fearful stimuli and providing emotional
reactions occurs quickly. Due to the essence of fear conditioning in all species
of animals and the significance of this kind of behaviour, LeDoux’s efforts to
identify the neural structure of fear conditioning are important approaches to
understanding emotional systems, in particular the emotional system of fear
in mammals.

As was mentioned before, the neural structure of fear conditioning that
was proposed by LeDoux has three essential characteristics that form the basis
of the first hypothesis of this thesis. The first characteristic is that the amyg-
dala plays the central role in processing fear-induced stimuli and providing
fear reactions through interaction with other regions of the brain such as the
sensory cortex, the thalamus, and the hippocampus. The second characteris-
tic is that the procedure of processing fearful stimuli and providing emotional
reactions is simple and quick. The third aspect is that the amygdala not only
provides fear responses but it also learns to predict aversive events through
interactions with other regions of the brain, which means that an intelligent
behavior emerges. Based on these three characteristics and the first of the two
hypotheses of the thesis, the neural structure of fear conditioning has been
used to design a category of EiCIs that is referred to as BELiMs. The BE-
LiMs have been developed as prediction models, and some results from their
application have been reported previously in [66], [65] and [69].

Another category of EiCIs are developed as abstractions for emotion-based
engines, and they are utilized as central controllers of autonomous intelligent
systems. The primary framework of emotion-based engines has also been es-
tablished based on the first hypothesis of the thesis and on the fear circuitry
that was proposed by LeDoux for processing a fear-driven stimulus. LeDoux
suggested two paths the low road path and the high road path. The so-called
low road path is the path between the thalamus and the amygdala. In the
low road path, the received stimulus is sent to the thalamus and the amyg-
dala, which provides a primary response. The so-called high road path consists
of the thalamus, the sensory cortex, and the amygdala. Using this path, the
thalamus also sends the stimulus to the cortical cortex, which sends some infor-
mation to the amygdala to provide a highly accurate response. The framework
of emotion-inspired engines has been designed on the basis of an emotional
cycle formed from the circuitry of fear.

The third category of EiCIs presented in this thesis consists of emotion-
inspired optimisation methods, and this thesis suggests an approach to devel-
oping these CI models that is based on the second hypothesis of this thesis,
which states that the emotional system can be defined on the basis of three
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monoamine neurotransmitters – serotonin, dopamine, and noradrenalin – that
act as signaling molecules for changing the emotional states. The system can
also be viewed as a biological system with the emergence of intelligent be-
havior and thus can be considered as a source of inspiration for designing a
new CI model. The second hypothesis of the thesis is based on affect theory,
which was developed by Silvan Tomkins [98]. Affect theory explains what the
basic emotions are and how they can be associated with facial expressions.
One fundamental concept of affect theory is the emotional state. I have de-
veloped an emotion-inspired optimisation method by taking inspiration from
the concept of emotional state and the way this can be associated with the
three neurotransmitters whose relations to emotions have been described by
Lövheim [47]. The emotion-inspired optimisation method has been developed
by simply modifying a conventional ACO and adding emotional states to each
ant.

1.1 Research Background

CI models are computer-based tools that have been developed on the basis of
studies of natural systems (e.g. biological systems). After receiving numerical
inputs, CI models use an intelligent processing system (which has been inspired
by a biological system) to provide numerical responses.

Earlier studies in developing CI models focused on developing artificial
neurons (ANs), which are computational models based on the biological neu-
rons in the mammalian nervous system [21]. ANs can be implemented by
assigning a linear or nonlinear function. ANNs have been implemented by ex-
tending ANs and mimicking the connection between neurons in the mammalian
nervous system [21]. ANNs can also be categorized as computational models
that have been designed by taking inspiration from the network of neurons
in the brain. Simply put, the output function of an ANN can be defined as a
weighted summation function of the ANs. However, to increase the learning
capability of ANNs, the function of the ANN can be defined as a composite
function of a set of nonlinear functions of the constituent ANs. In supervised
learning, an ANN learns to adjust the weights that are assigned to the con-
nections by receiving an input with a known target output and providing a
nonlinear mapping from the input space of the ANN to the output space.
ANNs have been applied in a broad range of applications such as time-series
prediction, classification, optimisation, and so forth. To increase the ability
of ANNs to solve complex problems with vague information, they have been
combined with fuzzy inference systems to form new kinds of CI models, i.e.,
NF systems [33] and [62], that have been designed on the basis of the human
deCI modelsion-making process [33]. An NF system is a hybrid system that
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merges fuzzy logic (which has been inspired by human reasoning) with ANN
(which, as described, is an artificial copy of the structure of neurons in the
human brain). NF systems have shown better performance than neural net-
works regarding prediction accuracy. Both ANNs and NF systems have shown
high generalization capability to model the nonlinear and chaotic behavior of
complex systems. It has even been stated that ANNs and NFs are universal
approximators (standard multilayer feedforward networks are capable of ap-
proximating any measurable function to any desired degree of accuracy) [21].
As a result of this characteristic, ANNs and NF systems have been widely used
in different areas, e.g., economics, healthcare, communication, space weather,
etc. [33], and they have been successful at solving complex problems in the
above areas. However, they suffer from issues such as high model and compu-
tational complexity, which decrease their performance in large-scale complex
problems, distributed optimisation problems, high-dimension regression, and
classification. In the research for this thesis, my efforts have been focused on
developing new nature-inspired methods with increased capability to address
the above issues. As was discussed above, the CI models of this thesis have
been developed through inspiration from emotional systems as one kind of
natural systems.

An essential step in developing such systems is defining emotions and ex-
plaining what an emotional system is. It should be emphasized that there is no
unique definition of emotions, and different definitions of emotions have been
proposed by philosophers, neuroscientists, and psychologists. Philosophers and
psychologists have defined emotions by emphasizing the behavioral aspect of
emotions, while neuroscientists have focused on the neural structures under-
lying emotions. A good example of a philosophical definition of emotion is
the one stated by William James. He defined emotions as our feelings about
changes in our bodily states [32] and [27]. Robert Solomon also considered
the philosophical aspect of emotions and described emotions as our judgment
about ourselves and our position in the world [93]. One significant neuroscien-
tific perspective of emotions was proposed by LeDoux who suggested a neural
structure for fear to explain the regions of the mammalian brain (emphasiz-
ing the role of amygdala) that are responsible for processing fearful stimuli
and providing emotional reactions. To test and verify the hypothesis behind
the anatomical structure of fear, a computational model of emotion, known as
the amygdala-orbitofrontal system, has been developed. This computational
model has a simple structure and was the basis for the initial development of
emotion-inspired CI models.
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1.1.1 Research Questions and Research Approaches

The primary goal of the research behind this thesis is to design new CI models
that have low model and time complexity and high capability to accurately
solve complex problems. Relating to the previous discussion, each natural sys-
tem (e.g., a biological system) with the following three characteristics could
be a candidate for the design of CI models. The first characteristic is that the
functionality of the natural system should be dependent on interactions among
its constituent components. The second feature is that its functionality should
be defined based on a goal-based procedure or a state-based procedure. The
third point is that the natural system should produce an intelligent behavior
by fulfilling its functionality through the interactions between its components.

In my research, I have aimed to show that emotional systems (i.e., the
biological systems that are responsible for generating different emotional reac-
tions in mammals) can be characterized as such systems and that they can be
the basis for developing high-performance CI models. The work towards this
goal has raised many different questions. In this thesis, I have tried to answer
one initial question, which is whether an intelligent behavior can emerge from
emotional systems. The positive response to this first question supports the
fundamental hypothesis of my research, namely that emotional systems can be
imitated to develop a CI model with low time and model complexity. I have
tried to test the hypothesis by answering other important questions. In this
thesis, I provide partial answers to the following questions:
1) Which emotional theory is most applicable to the development of a new CI
model?

1.1) Which emotional theory is appropriate as an inspiration source to
solve prediction problems?

1.2 Which emotional theory is appropriate as an inspiration source to
solve decision-making problems?

1.3) Which emotional theory is appropriate as an inspiration source to
solve optimisation problems?
2) How can the emotion-inspired models be described using mathematical
equations?
3) How can EiCIs be evaluated?
4) To what extent can the suggested EiCIs address the time and model com-
plexity issues of earlier CI models, e.g., for prediction of chaotic time series?

The research approach of the current thesis is a combination of literature sur-
vey and quantitative methods. The literature review was done to select suitable
emotional theories to be the basis for defining the hypotheses of the thesis and
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for designing the frameworks of EiCIs. The quantitative approach was utilized
to support the suggested hypotheses and to evaluate the performance of the
designed EiCIs.

1.1.2 Research Contributions

The main contribution of my research is the design of EiCIs that can be clas-
sified as a new category of CI models that aim to address the long compu-
tational times and high model complexity of conventional CI models such as
ANNs and NF systems. Describing straightforward approaches to developing
EiCIs (i.e., modifying former CI models by taking inspiration from the neural
structure of fear conditioning and the concept of emotional states in affect
theory) is the second contribution of my research. The third contribution of
my research is an examination of the newly designed CI models as prediction,
classification, identification, and optimisation methods for solving benchmark
problems such as space weather prediction. My thesis also contributes by pro-
viding comparable results (which are obtained by testing the new CI models
and the conventional models on benchmark problems) that could be useful for
evaluating new data-driven models.

1.1.3 Thesis Outline

Through seven chapters, this thesis demonstrates the initial approaches and
preliminary results of designing a new category of CI models inspired by the-
ories of emotion. The current chapter introduces the research questions, ap-
proaches and contributions as well as the outline of the thesis. A brief descrip-
tion of the remaining chapters is given as follows.

Theories of Emotions and Computational Models of Emotion

What is an emotion? This is the first question that must be considered in order
to conduct any research on emotions and emotional systems. Different theories
of emotions have been proposed by taking into account different aspects of
emotion. Chapter 2 gives an overview of different theories of emotion and
describes various definitions of emotions. In Chapter 2, I have also categorized
some emotional theories as cognitive-based or non-cognitive-based theories in
order to determine which emotional theory is appropriate to be further studied
as the inspiration for developing the new CI model.
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Developing a new CI model without ensuring that it is able to outperform
the conventional CI models or address the current issues of the traditional
CI models would have limited advantage. Thus, the main characteristics of
conventional CI models such as NNs and NF systems are also reviewed in
Chapter 2. To design an EiCI model, I needed to understand the computa-
tional models of emotions to find out which one could be the foundation for
my development work. To do so, in another section of Chapter 2, I have re-
viewed some computational models of emotions with a primary focus on the
amygdala-orbitofrontal cortex system. One interesting application of CI mod-
els, especially EiCIs, is emotion-integrated AI applications such as emotion-
aware ambient intelligence, which can be categorized as a class of affective
computing. Chapter 2 also gives a brief overview of such applications with
the aim of providing an overview of the potential future applicability of my
research.

Emotion-inspired CI for Prediction Applications

One significant question asked in this thesis is whether emotional theories are
appropriate as an inspiration source to develop models that can efficiently
solve prediction problems. As was mentioned, a part of Chapter 2 provides
an overview of emotional theories to determine which one is a suitable the-
ory for this purpose. In Chapter 3, I mainly focus on the development of a
category of EiCIs (the BELiMs) that have been developed through inspira-
tion from the neural structure of fear conditioning. In this chapter, I discuss
different aspects of BELiMs and explain the theoretical aspect behind devel-
oping BELiMs, the structural aspect of designing BELiMs, and the functional
aspect of implementing BELiMs. Another important aspect of BELiMs is the
application aspect, which is highlighted through several examples in Chapter
4. The examples provided in Chapter 4 evaluate the performance of different
versions of BELiMs as time-series prediction models by testing long-term pre-
diction, recursive prediction, and noisy prediction. In all examples, the results
of the BELiM are compared to the results of an ANFIS (adaptive neuro-fuzzy
inference system).

The example applications presented in Chapter 4 have mostly been pub-
lished in [65], [69] and [66]. The examples that are related to the short-term and
long-term prediction of sunspot numbers have been published in the papers
entitled "Brain Emotional Learning-based Fuzzy Inference System for Solar
Activity Forecasting (BELFIS)" [66] and "Chaotic Time Series Prediction Us-
ing a Brain Emotional Learning-based Recurrent Fuzzy System (BELRFS)"
[69]. Examples that are related to predicting geomagnetic storms are mainly
extracted from the paper entitled "Neuro-fuzzy Models for Geomagnetic Storm
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Prediction: Using the auroral electrojet index". Another section of Chapter 4
presents the results of using BELiMs as a classification model, which have been
completely described in a paper entitled "An Emotional Learning-inspired En-
semble Classifier (ELiEC)". [70]

Emotion-inspired Engine

The second type of EiCIs are introduced in Chapter 5 in which I illustrate
a new approach to the design of an intelligent radio node, which is the core
component of an intelligent (cognitive) radio network (the purpose behind
developing cognitive radio networks is to improve the utilization of the elec-
tromagnetic frequency spectrum). The basis of the intelligent radio node is
referred to as an emotional engine in this thesis, and such an engine is de-
veloped based on an emotional cycle inspired by the fear circuitry that was
proposed by LeDoux. I also compare the emotional cycle with other cognitive
cycles that underlie the previously proposed engines for intelligent radio nodes
developed by other research groups. Chapter 5 focuses solely on designing the
emotional cycle and the architecture of an emotional engine. The implemen-
tation and evaluation of the emotional engine and the intelligent radio nodes
based on such an engine have been postponed as future works.

Emotion-inspired CI for optimisation Problems

One main application of CI models is optimisation problems, and Chapter 6
describes how an emotion-inspired optimisation model can be developed. The
emotion-inspired optimisation algorithm is a modification of ACO, a well-
known CI optimisation method, that takes inspiration from the concepts of af-
fect theory. I evaluate the performance of the Emotion-inspired ACO (EiACO)
by testing it on an optimisation problem and comparing its performance with
the original ACO.

Characteristics of Emotion-inspired CI models

Chapter 7 is the final chapter of the thesis and highlights the main character-
istics of the different groups of EiCIs that have been presented in this thesis.
It discusses different performance measurements such as accuracy, model and
time complexity, noise sensitivity, and online adaptation and illustrates how
BELiMs perform considering different performance criteria. It also describes
how BELiMs outperform ANNs and NF systems for each specific performance
criterion. Moreover, this chapter tries to distinguish between BELiMs and
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other modular CI structures such as ensemble methods and modular neural
networks. It also highlights the advantages and disadvantages of the emotion-
inspired engine by emphasizing the characteristics of the emotional cycle. Fi-
nally, this chapter overviews the features of the EiACO and describes the
differences between EiACO and ACO.

Future Applications of Emotion-inspired CI models

The last section of Chapter 7 focuses on future improvement of the different
variations of the EiCIs presented in this thesis. Moreover, it describes new
applications for EiCIs such as clustering, feature extraction, and intelligent
controllers. Finally, it describes how EiCIs can be used as tools for emotion-
integrated AI applications such as emotion-aware ambient intelligence.





Chapter 2

Computational Models

Computational models are computer-based tools that receive numerical inputs
and use computer-based procedures to process inputs and generate numerical
outputs. One class of computational model is the computational intelligence
model, which has been developed by taking inspiration from natural systems.
Computational intelligence paradigms have been shown to efficiently solve real
problems by imitating aspects of intelligence in natural systems [21]. The com-
putational intelligence (CI) paradigms have been applied to solve real problems
in many different domains, e.g. economics, healthcare, robotics, computer net-
works etc. They include genetic algorithms, ant colony optimisation, neural
networks, neuro-fuzzy methods and so forth [21].

The intention of this chapter is to provide an introductory perspective of
well-known computational intelligence approaches, e.g. neural networks and
neuro-fuzzy methods, as well as of computational models of emotion. The or-
ganisation of this chapter is as follows: Section 2.1 presents computational
intelligence paradigms and provides some explanation of neural networks and
neuro-fuzzy methods; Section 2.2 focuses on defining emotions and reviewing
computational models of emotion; Section 2.3 reviews some aspects of inte-
grating emotions in an AI domain; Section 2.4 provides important notes and
conclusions regarding this chapter.

15
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2.1 Computational Intelligence

Computational intelligence (CI) models have been proposed to solve complex
problems (e.g. forecasting the Sun’s activity [76]), which traditional methods
such as statistical-based methods [91] and [55] cannot effectively solve. Good
examples of computational intelligence paradigms are ANNs, NFs and swarm
intelligence such as ACO.

2.1.1 Neural Network

Earlier studies in developing CI models go back to 1943, when a neuroscientist,
Warren S. McCulloch, and a logician, Walter Pitts, described the components
of a neuron, which are the soma, axon and synapses, in the nervous system 1

[55]. They also explained how synapses connect neurons (each synapse connects
the axon of one neuron to the soma of another neuron, see Figure 2.1) and form
a net of neurons in the nervous system and how a neuron can be activated.

1In the context of the nervous system, a synapse is an intermediate structure between
neurons. A neuron in the nervous system can pass an electrical or chemical signal to another
neuron by using synapses.
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Figure 2.1: A biological neuron.

Understanding the functionality of a biological neuron and the mam-
malian nervous system has been a strong motivation for developing models
of the brain. However, modelling a human brain that contains more than 10
billion neurons with more than 60 trillion synapses is a very complex prob-
lem. Hence, the aim of the development of artificial neurons has been to make
simplified, mathematical models of (parts of) the human brain. Figure 2.2
presents an artificial neuron (AN) and shows an input vector, a weight vector,
an activation function and an output vector.
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Activation 

Function 

Input 

Vectors 

Output Vector 

Weight Vectors  

Wn

 i1 

in 

 W1 

 F  O 

Figure 2.2: Artificial neuron.

An artificial neuron has an activation function that provides a linear or
nonlinear map between an input space and an output space. In general, the
activation function receives the input vector, i , the weight vector, W and a
bias of the neuron and provides the output. One way to define the activation
function is fpnet ´ θq. Here, net is usually calculated as Equation 2.1, n is
the dimension of the input vector, ij and Wj are jth input and weight of the
neuron.

net “
n
ÿ

j“1

ijWj (2.1)

An activation function can be defined as a linear function such as Equation
2.2 or a step function such as Equation 2.3.

fAN pnet´ θq “ αˆ net (2.2)

As observed in Equation 2.2, for a linear function, θ is zero and α is a constant
and usually equals 1. Equation 2.3 calculates the step function that provides
an output of γ1 or γ2 depending on the values of θ. If the values of γ1 “ 1 and
the values of γ2 “ ´1, the step function would be a bipolar function, while if
the values of γ1 “ 1 and the values of γ2 “ 0, the step function would be a
binary function.

fANpnet´ θq “

"

γ1 ifnet´ θ ě 0
γ2 ifnet´ θ ă 0

(2.3)

The idea of the development of artificial neurons (ANs) has been extended to
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form an artificial neural network (ANN) by taking inspiration from the network
of neurons in a mammal’s nervous system and the way they are connected to
each other. Figure 2.3 depicts an ANN that combines ANs in different layers.

Hidden Layers

 i1 

 O 

 i2 

Input Layer Output Layer

Figure 2.3: An Artificial neural network.

As the building blocks of an artificial neural network are artificial neu-
rons, the overall function of ANNs can be defined as a complex function of
activation functions of different ANs. ANNs have the capability to provide a
nonlinear map between the input vector and the output vector. A very impor-
tant component of an ANN is the set of learning parameters, e.g. weights of the
connection between the ANs. The set of learning parameters is an adjustable
set of parameters, and it is updated by following a learning algorithm assigned
to the ANN. The learning algorithm updates the weights in such a way that
the ANN learns to approximate a function that maps an input space to an out-
put space. One of the most used learning algorithms in ANN is a supervised
learning algorithm based on steepest descent (gradient method) optimisation.
The following steps explain how a supervised learning algorithm updates the
learning parameters.
First, the ANN is fed with input vectors with known outputs (the so-called
training data samples).

Second, the output of the ANN is calculated.

Third, the error vector is measured and a loss function (e.g. see Equation
2.4) is calculated as a function of the obtained errors.

Equation 2.4 calculates a loss function, here, tj is the target or the desired
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output, oj is the output of the network and Nu is the number of training sam-
ples.

floss “
Nu
ÿ

j“1

ptj ´ ojq
2 (2.4)

Fourth, an optimisation method is utilised to minimise the loss function by
finding the optimal values of learning parameters. In a supervised learning
based on the gradient method, the gradient method is utilised as the opti-
misation method. It is utilised to minimise the loss function by updating the
learning parameters (e.g. the weights) in an iterative manner. Equation 2.5
shows how the gradient method updates a weight vector. Here, t is the current
iteration and ∆vjptq is the partial derivative of the loss function with respect
to vj (see Equation 2.6) and δ is the learning rate.

vjptq “ vjpt´ 1q `∆vjptq (2.5)

∆vjptq “ δp´
Bfloss
Bvj

q (2.6)

Using a learning algorithm, ANN can approximate a function and it has also
been stated that an ANN with a sufficient number of artificial neurons in its
hidden layer or layers has the capability to approximate any function with any
arbitrary performance. To quantify the performance of ANN, some factors
such as "the accuracy, computational complexity and convergence characteris-
tics" [21] have been proposed. In the following, each of these factors is briefly
explained.

The first important performance measure is accuracy or generalisation.
That is, the capability of an ANN to interpolate to points not used during
the training procedure. A powerful ANN should show high accuracy, i.e. low
generalisation error. To calculate the accuracy of an ANN, error indices such
as mean squared error (MSE) are used. Equation 2.7 calculates MSE. Here,
rfj ,rj and Nu are referred to as the predicted values, desired values and the
number of samples in the test data set, respectively.

MSE “
Nu
ÿ

j

prfj ´ rjq
2 (2.7)

The second performance measure is computational complexity, which is
counted on the basis of "the total number of calculations made during the
training procedure" [21]. It should be noted that sometimes training times
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or the number of iterations 2 to "reach specific training or generalization er-
rors" [21] can be considered. When different learning algorithms are compared,
the number of iterations is usually not an accurate estimate of training time
or computational complexity. Moreover, some factors, such as the architec-
ture of the network (e.g. the number of feed-forward connections, such that
a larger network has a larger set of weighted parameters, and consequently, a
larger number of learning rules are needed to update the weights), the num-
ber of training samples, and the complexity of the optimisation methods can
influence the computational complexity. Clearly, an increase in the number of
training data samples in an epoch causes an increase in the total number of
learning calculations per epoch. Furthermore, the complexity of the optimisa-
tion method has a major effect on the computational complexity. It should be
noted in this thesis that the execution time of the training algorithms was con-
sidered to measure the computational complexity of CI models (see Chapter
4).

The third performance measure of ANN is the convergence characteristic
or the ability of the designed network to reach a low enough generalisation
error. The convergence characteristic can be expressed as "the number of times,
out of a fixed number of simulations, that the network succeeded in reaching
that error. While this is an empirical approach, rigorous theoretical analysis
has been done for some network types" [21].

Since an ANN consists of a large number of connected computational
units (i.e. artificial neurons) that have the capability to work in parallel, it is a
powerful data-driven model used to solve complex problems such as prediction,
classifications, system identifications and so forth. An ANN has become known
as an accurate, low-sensitive data-driven model, which, however, suffers from
high computational time and model complexity.

Due to the broad application of ANNs in different fields of science and
the presentation of different variations of ANNs such as a feed forward neural
network, the radial basis function can support the claim of being a universal
approximation method. Moreover, ANNs can even be considered as accurate
CI models, although neuro-fuzzy methods (NFs) have shown better results in
terms of accuracy. The next sub-section provides a brief review of fuzzy logic
and NFs.

2Iteration means the repetition of a part of statements within a computer program.
In machine learning context, a part of statement that adjusts the learning parameters is
repeated with the aim of approaching a desired goal, for example obtaining a specific error.
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2.1.2 Fuzzy Logic and Neuro-fuzzy Methods

The human brain has the capability to understand linguistic terms such as
‘very’, ‘high’ and so forth. Humans use this capability not only to make a
right decisions without having complete information but also to transfer their
knowledge and solve complex problems based on their expertise. The way that
humans express and transfer their knowledge originated the theory of fuzzy
sets, which was defined by Zadeh in a paper entitled ‘Fuzzy Sets’ [33]. The
fuzzy set was developed with the aim of modelling the linguistic expressions
of humans.

The main characteristic of a fuzzy set is that it has an unclear boundary,
while a classical set is a set with a crisp boundary, meaning that an item either
belongs to the set or not. Instead, a variable, x, belongs to a fuzzy set with
a degree that is defined by assigning a membership function (MF). Assuming
that X is a set of objects denoted by x, then a fuzzy set, A, in X is defined as
a set of ordered pairs. Here, µApxq is called the membership function for the
fuzzy set A. The MF provides a mapping between elements ofX to membership
values between 0 and 1 [21] and [33].

A conditional statement such as the ‘if-then’ rule can be expressed as a
‘fuzzy if-then’ rule if it is proposed on fuzzy sets. If A and B are defined in
terms of fuzzy sets, the conditional statement such as ‘IF A THEN B’, can
be expressed as the fuzzy if-then rule. The fuzzy if-then rule is simple and
close to the way that humans express their understanding of the surrounding
environment. In other words, a human has the capability to make a decision
using uncertain and vague information by reasoning in a fuzzy way and ex-
pressing conditional statements by using linguistic terms such as ‘small’ and
‘high’. Below is a comparison between a classical conditional statement 2.8 and
a fuzzy conditional statement 2.9. It can be observed that the components of
a fuzzy if-then rule are linguistic variables (such as pressure) and linguistic
labels (such as high). The value of linguistic variables can be quantised by
defining membership functions. In the fuzzy conditional statement 2.9, the IF
part is referred to as ‘antecedent’, while the THEN part is named ‘consequent’
[21] and [33].

Classical if ´ then statement : If pressureis ą 20, the volumeis ă 10.
(2.8)

Fuzzy if ´ then statement : If pressure is high, the volume is small.
(2.9)

There is another type of fuzzy if-then that has been referred to as Takagi and
Sugeno’s fuzzy if-then, in which the premise or antecedent part is a linguistic
label that is characterised by an appropriate membership function. While, the
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consequent part is described by a non-fuzzy equation of input variable. An
instance of Takagi and Sugeno’s fuzzy if-then is shown in 2.10.

If velocity is high, then force “ k ˆ pvelocityq2 (2.10)

A fuzzy if-then rule is the main part of a fuzzy inference system, sometimes
referred to as a fuzzy rule-based system. A fuzzy inference system consists of
five modules: a rule base, a database, a decision-making unit, a fuzzification
interface and a defuzzification interface. Figure 2.4 shows a fuzzy rule-based
system and describes how different modules are connected to each other; here,
the knowledge base encompasses both the rule base and the database. In the
following, each module is briefly explained:

1. Fuzzification: This transforms the crisp inputs into degrees of maths with
linguistic values.

2. Defuzzification: This is responsible for mapping the fuzzy results of fuzzy
inference to a crisp output.

3. Decision making: This is responsible for applying the inference operations
to the rules.

4. Knowledge base: This is a collection of data and rules.

Fuzzification 

Interface

Fuzzification 

Interface

Knowledge 

base (KB)

Knowledge 

base (KB)

Decision 

Making

Decision 

Making

Defuzzification 

Interface 

Defuzzification 
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Figure 2.4: A Fuzzy Inference System

Fuzzy inference systems have been developed on the basis of human ex-
perts using their experiences and knowledges to solve, identify or make a deci-
sion with incomplete information. The primary concern in creating a fuzzy in-
ference system is to develop the rule base using human experiences. Moreover,
it is necessary to maximise performance indices such as accuracy by adjusting
the parameters of membership function based on input variables. Hence, one
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necessary step is to design an automatic procedure to form the rule base. It can
be done by integrating a learning algorithm to a fuzzy inference system and
utilising a training procedure to tune the membership functions. Neuro-fuzzy
systems have been proposed to address the issue of traditional fuzzy infer-
ence systems and increase their performance. One earlier attempt to develop
neuro-fuzzy systems dates back to 1990. In [33], Jang presented an adaptive
neuro-fuzzy inference system known as ANFIS (Adaptive Neuro-fuzzy Infer-
ence System) and showed that it can outperform an ANN in predicting chaotic
time series regarding accuracy and computational complexity.

Neuro-fuzzy Methods

One well-known NF model is ANFIS (Adaptive Neuro-Fuzzy Inference Sys-
tem), which was proposed by Jang in [33]. Figure 2.5 depicts a simple ANFIS
that receives a two-dimensional input vector, i “ ti1, i2u. It has two linguistic
labels, A1 and B1, for the first dimension of input and two linguistic labels,
A2 and B2, for the second dimension of input, and two rules, Rule 1and Rule
2, are used to provide f1 and f2. In other words, the linguistic labels for the
first dimension of input, i1, are A1 and A2, while the linguistic labels for the
second dimension of input, i2, are B1 and B2. The rules of the ANFIS can be
explained as follows:

Rule 1: If i1 is A1 and i2 is B1, then f1 “ q11i1 ` q12 ` i2 ` q13.

Rule 2: If i1 is A2 and i2 is B2, then f2 “ q21i1 ` q22i2 ` q23.

Here, the parameters tq11, q12, q13, q21, q22, q23u are ‘consequent parameters’
of ANFIS [33].

1) Layer 1: This layer consists of four square nodes; this means that each
dimension of input is associated with two linguistic labels (e.g. small, large).
The membership function of the first square node can be specified by µ11.
It can be defined as a Gaussian or a bell-shaped function, which determines
the degree to which i1 satisfies the quantifier A1 [33]. Equations (2.11) and
(2.12) calculate the Gaussian function and the bell-shaped function for µ11.
The parameters c11,σ11 are the centre and the Gaussian RMS (root mean
square) width of the Gaussian function, and a11,b11,c11 are the parameters of
the bell-shaped function. The parameters of the membership function are con-
sidered to be ‘premise parameters’; these parameters are defined as nonlinear
parameters [33]. In general, the lth square node of the kth dimension of the
input vector is assigned a membership function as µkl with the parameters ckl
and σkl. Equations 2.13 and 2.14 calculate the general Gaussian function and
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the bell-shaped function.
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Figure 2.5: A simple ANFIS with two rules; an input, i “ ti1, i2u, enters the first layer.

µ11pi1q “ expp
´1pi1 ´ c1q

2

2σ2
11

q (2.11)

µ11pi1q “
1

1` | i1 ´
c11
a11

|2b11
(2.12)

µklpikq “ expp
´1pik ´ cklq

2

2pσklq2
q (2.13)

µklpikq “
1

1` | ik ´
ckl

akl
|2bkl

(2.14)

2) Layer 2: This layer has two circular nodes that are labelled with
ś

, which
are simply multiplying functions of its input. The output of the first node and
second node are calculated according to Equations 2.15 and 2.16.

W1 “

2
ź

l“1

µ1lil (2.15)

W2 “

2
ź

l“1

µ2lil (2.16)
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3) Layer 3: This layer has two circle nodes with normalisation functions; each
node is labelled N . The output of the first node (that receives W1and W2

from the previous layer) is calculated as Equation 2.17, while the output of
the second node is given as Equation 2.18.

W1 “
W1
ś2
l“1

Wl (2.17)

W2 “
W2
ś2
l“1

Wl (2.18)

4) Layer 4: This layer has two square nodes. The function of the first node
and second node are denoted as f1 and f2 using Equations 2.19 and 2.20, re-
spectively. The parameters pqijq of this layer have been defined as ‘consequent
parameters’ [33].

f1piq “
2
ÿ

l“1

ilq1l ` q13 (2.19)

f2piq “
2
ÿ

l“1

ilq2l ` q23 (2.20)

5) Layer 5: The fifth layer has a single node (circle) that calculates the sum of
its input vector values, tf1, f2u, as Equation 2.21.

FANFIS “
2
ÿ

l“1

Wlflpiq (2.21)

The above explanations describe the input and output of each layer for a sim-
ple ANFIS with a two-dimensional input vector and two membership functions
for each dimension. In the general case, an ANFIS can receive an input vector,
i, with n dimensions, if its first layer has m membership functions for each
dimension of the input vector; the second layer can have K2 “ mn circular
nodes that are labelled with

ś

; the third layer can have K3 “ mn nodes la-
belled with N; the fourth layer can have K4 “ mn square nodes; and the fifth
layer has one circle node that is labelled with

ř

to calculate the output of the
ANFIS, which can be referred to as FANFIS (see Equation 2.22 ).

FANFISpiq “
mn
ÿ

l“1

Wlflpiq (2.22)

A learning algorithm should be used to adjust the learning parameters of
an ANFIS. In [33], a hybrid learning algorithm, which is a combination of
steepest descent (SD) and least square estimator (LSE), is used to adjust the
parameters.
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Least Squares Estimator

Assuming a linear model receives an input vector, i “ ri1, i2, ..., ins , the output
of the linear model can be represented as Equation 2.23.

y “ θ1f1piq ` θ2f2piq ` ....` θnflpiq (2.23)

Here, inputs and outputs of the model are known, thus, if i=tri1, i2, ..., insu is
the input of the model, the output vector of the models is f=trf1, f2, ..., flsu
that is a vector of the known functions of i and θ “ rθ1, θ2, . . . , θls are unknown
parameters. One approach to estimate values of θj , is to utilise the LSE. To
do so, each input-output pair from the set tij ; yjuNu

j“1 is used to construct the
target model by substituting each tij ; yju in Equation 2.23 and provide a set
of l linear equations as Equation 2.24.

$

’

’

’

’

&

’

’

’

’

%

y1 “ θ1f1pi1q ` θ2f2pi1q ` ....` θnflpi1q
...
...
...
yl “ θ1f1pilq ` θ2f2pilq ` ....` θnflpilq

(2.24)

Matrix notation can be utilised to provide a concise form as Equation 2.25.

Aθ “ y (2.25)

Here, A is an Nuˆ l matrix and is referred to as the design matrix and θ is an
lˆ 1 matrix and y is an Nuˆ l matrix, which can be formulated as Equations
2.26, 2.27 and 2.28.

A “

»

–

f1pi1q, ..., flpi1q
...

f1piNu
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q

fi

fl (2.26)
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If A is square Nu “ l and nonsingular (meaning it has a matrix inverse)3, the
unknown parameter θ can simply be obtained using Equation 2.29.

θ “ A´1y (2.29)

However, usually Nu “ l (the number of training samples) is greater than
the number of unknown parameters (e.g., fitting parameters). Furthermore,
the training samples might be contaminated by noise [33], hence, it might be
impossible to find a unique equation that can satisfy all l equations. Hence,
Equation 2.25 can be modified by adding an error vector e as in Equation 2.30.

Aθ ` e “ y (2.30)

Instead of solving Equation 2.25, it is possible to find the values of θ that
minimise the error, the function of e as Equation 2.31.

SSEpθq “
l
ÿ

j“1

pyi ´ a
T
j θjq “ eeT “ py ´Aθq

T
py ´Aθq (2.31)

Here, e “ y ´Aθ is the error vector that is obtained by choosing values forθ.
As can be noticed from Equation 2.31, e has a quadratic form and a unique
minimum at θ “ θ̂, θ̂ is referred to as LSE. One easy method to find θ̂ is
to set the derivative of SSEpθq with respect to θ equal to zero. Equation
2.31 can be written as Equation 2.32. Equation 2.33 calculates the derivative
ofSSEpθq with respect to θ. Assuming that Equation 2.34 will be equal to zero
at θ “ θ̂, the normal Equation 2.35 can be defined. By assuming that ATA is
nonsingular, θ̂ can be obtained from Equation 2.36.

SSEpθq “ py ´Aθq
T
py ´Aθq “ yT´θTAT qpy ´Aθq “ θTATAθ´2yTAθ ` yTy

(2.32)
BSSEpθq

Bpθq
“ 2ATAθ ´ 2ATy (2.33)

SSEpθq “ θTATAθ ´ 2yTAθ ` yTy (2.34)

ATAθ “ ATy (2.35)

θ̂ “ ATA´1A
T
y (2.36)

It has been proposed that SD is useful for adjusting the learning parameters
of membership functions, and LSE can be utilised to update the consequent
parameters.

3A square matrix is nonsingular if its determinant is non-zero
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As discussed previously, SD is a gradient method that is used for minimis-
ing a function that has been defined in a multidimensional space. The method
converges very slowly and might be trapped in a local minimum; however, it
uses a first order derivative and is a simple method.

In summary, an NF is a hybrid system that combines a connectionist
structure of neural networks to a rule-based system of fuzzy systems. It takes
advantage of the learning capability and universal approximator capability of
ANNs and the ability to represent qualitative knowledge of fuzzy logic. Similar
to ANNs, NF has also been known as an accurate, low-sensitive data-driven
model that, unfortunately, suffers from high computational time and model
complexity.

2.2 Emotion and Computational Model of Emo-
tion

Emotion has been an active research subject since the American philosopher
William James published an article in 1844 entitled "What is an Emotion?"
[42] and [9]. In his paper, he proposed an essential question: "do we run from
the bear because we are afraid or are we afraid because we run?" [42] and [9]
[86]. This question has been the basis of different types of research on emo-
tion. Hence, philosophers, psychologists and neuroscientists have made many
efforts to answer this question by understanding the emotional experience and
emotional expression. However, there is no unique definition of emotion [42]
and [9], [32], emotional experience and emotional expression. The definition
of emotion as our feelings about changes in our bodily states is one earlier
definition of emotion, which was stated by William James [32].

Robert Solomon [93] suggests that emotion is a type of judgment based
on our set of beliefs, goals, lifestyles and experiences. Emotion can also be
defined as a process that is started by receiving emotional stimuli (internal or
external), continues by evaluating the emotional stimuli and is expressed by
triggering appropriate bodily responses [32] and [93]. In psychology, emotional
expression encompasses visible verbal and non-verbal behaviours such as facial
expressions, for example, smiling, laughing, crying or scowling; these are ex-
amples of emotional expression [43] that have been shown because of changes
in an affective state or as results of conceptual processing and [43].

Different definitions of emotion show the attempts of scientists to analyse
and understand emotions. Their attempts to understand and explain emo-
tional experience and expression have led them to propose various theories of
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emotion, e.g. anatomical, cognitive and non-cognitive theories [46], [16], [80],
[22] and [84]. For example, a psychological theory of emotion explains the be-
havioural aspect of emotional expression; in contrast, an anatomical theory of
emotion describes the neural structure underlying emotional expression. Most
anatomical theories of emotion have been stated by neuroscientists and are the
results of their research to find out which regions of a mammalian brain are
responsible for the provision of emotional expression. In other words, neurosci-
entists have tried integrative strategies to analyse and understand the neural
structure underlying emotional processing in humans and animals. One of the
main components of the integrative strategy is computational models of emo-
tion that provide useful tool-based methods to test and verify the hypotheses
behind the anatomical structures of emotion. In other words, the computa-
tional models of emotion are the computer-based tools that simulate one or
some aspects of emotions and can be utilised to test the hypotheses of emotion
[43], [42] and [80]. In the case that an emotional theory has been established
on the basis of experimental results, a computational model of emotion can be
utilised to support the theory. This chapter reviews some important theories
of emotion and several computational models of emotion.

2.2.1 Theories of Emotion

More than 150 theories of emotion have been proposed to analyse emotion from
different perspectives [42] and [80] and [27]. However, this chapter is focused
on describing three categories of theories. The first category is psychological
theories of emotion, which explain psychological aspects of emotion processes
that lead to bodily responses. The second group is anatomical theories of
emotion, which describe the brain’s neural structure, underlying the emotional
processes. The third aspect on theories of emotion explains how the above
theories can be classified as cognitive or non-cognitive theories.

Psychological Theories of Emotion

Psychological theories of emotion are one important group of theories of emo-
tion that aim to define the meaning of emotional experience and emotional
expression. They encompass some important theories of emotion such as the
James-Lange theory [32] and [84], the Cannon-Bard theory [9] and [84], the
Schachter-Singer theory [86],[84] the Opponent-Process theory [84] and classi-
cal conditioning [74], [27] and [84].

One of the old emotional theories is the James-Lange theory, which was
suggested by two philosophers and psychologists, William James and Carl
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Lange. This theory states that a human’s emotional experience depends on
that human’s bodily reaction. If an event changes the bodily state, this event
causes a person to experience an emotional feeling. According to the James-
Lange theory, emotional expression happens before an emotional experience
and, hence, the answer to the question ‘do we run from the bear because we
are afraid or are we afraid because we run?’ is that we are afraid of the bear
because we run [9] [84] and [22].

The Cannon-Bard theory was proposed by Walter Bradford Cannon and
Philip Bard to argue against the James-Lange theory. This theory was stated
on the basis of experiments on cats, which showed that, without connections
between cats’ brains and their bodily responses, they can still experience emo-
tional feelings. The Cannon-Bard theory emphasises that emotional experi-
ences and emotional expressions are two separate and independent aspects of
emotional stimuli. According to the Cannon-Bard theory, human bodily re-
sponses cannot guide the brain to categorise emotions. Moreover, one specific
emotional expression can provide different emotional experiences [9] and [84].

Another psychological theory of emotion is named the Schachter-Singer
theory [86] and [84] which was presented by Stanley Schachter and Jerome
Singer, two American psychologists. This theory argues that the emotional ex-
perience of one event depends on both individual emotional expressions (e.g.
bodily response) and the individual situation at that event. Moreover, humans
have different emotional experiences when they are in different situations; even
though they might have similar emotional expressions. If one sees a bear, one
runs and the heart is racing; hence, one might have an experience of fear;
in contrast, if one meets a person and the heart is racing, one might have
an experience of love. The Schachter-Singer theory emphasises that the indi-
vidual experience of emotion depends on both bodily responses and cognitive
interpretation of the event [86] and [84].

Another psychological theory of emotion is known as the Opponent-Process
theory [86] and [84] which was developed by two other American psychologists,
Richard Solomon and John Corbit. This theory states that the emotional ex-
perience of one event might be associated with the opposite emotional feeling
of another event. In the bear example, when an individual sees a bear, he
might feel fear and begin running to a secure place. However, after being in
the secure place, he feels relief, which is an emotional experience that can be
considered the opposite of fear.

Another important psychological theory is the classical conditioning the-
ory [74]. It is a type of associative learning. Classical conditioning consists of
three steps: "before conditioning, during conditioning and after conditioning"
[74]. "Before conditioning" [74] is the step in which the biological organism
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produces a response to a received stimulus without using any learning proce-
dure. During the second step, which is referred to as "during conditioning"
[74], a natural stimulus is joined by an unconditioned stimulus and the biolog-
ical organism produces a response to the received unconditioned stimulus. The
neutral stimulus and the response are known as a conditioned stimulus and
unconditioned response, respectively. The third step is called "after condition-
ing" [74] , and during this step, if the biological system receives the conditioned
stimuli, it can produce the unconditioned response. As mentioned earlier, this
sub-section has briefly explained some of the psychological theories of emo-
tion. The next sub-section reviews several important anatomical theories of
emotion.

Anatomical Theories of Emotion

Anatomical theories of emotion have been stated to define the underlying neu-
ral structure of the emotional process. They have focused on explaining how
different regions of the brain are involved in receiving an emotional stimulus
and providing a bodily response. According to [28], studies aimed at generat-
ing an understanding of the neural circuits of emotion began in 1840, when
Phineas P. Gage was injured during his work and a large part of his brain,
in particular, the left part of his prefrontal lobe, was damaged [28] and [16].
Dr. John Martyn Harlow was the first physician who attempted to do surgery
on Gage’s brain; he published a report about Gage’s case in Boston Medical
and Surgical Journal [28]. In this report he described how the damage to the
prefrontal lobe of Gage’s brain affected his character [18]. Another attempt
to describe the anatomical aspect of emotion goes back to 1920, when Can-
non and Bard suggested a neural structure to argue against the James-Lange
theory. Later, in 1937, Papez proposed a circuit to modify the Cannon-Bard
structure and, in 1949, Maclean presented the limbic system theory to modify
the Papez circuit [16] and [63].

The anatomical theories of emotion can be divided into two categories:
the theories that explain ‘one single structure’ of emotion and the theories
that describe ‘multiple neural structures’ of emotion [16]. The former makes
an assumption that one unique neural structure is responsible for all emo-
tional expressions. Good examples of single structure theories are the Papez
circuit, the Canon-Bard circuit and the limbic system. The latter is based
on the assumption that different regions of the brain are responsible for dif-
ferent emotional feelings. A good example is the neural structure of the fear
conditioning theory.
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Single Neural Structure of Emotion

One of the early anatomical structures of emotion was described as a part of
the Cannon-Bard theory, which was based on experimental studies of cats [80]
and [16]. The Cannon-Bard theory focused on finding a structure of the brain
by emphasising the role of the thalamus, the hypothalamus and the dorsal tha-
lamus. Figure 2.6 describes the Cannon-Bard neural structure and the regions
of the mammalian brain that are involved in processing an emotional stimulus
and providing emotional experience and expression [80], [16] and [9]. As can
be observed, the hypothalamus has a central role in the Canon-Bard theory,
so this theory sometimes is referred to as the "Hypothalamic theory" [80], [16]
and [9]. The Cannon-Bard anatomical theory describes the emotional process
using three steps. Firstly, the thalamus receives the emotional stimulus, eval-
uates it and sends the relevant information to both the sensory cortex and
the hypothalamus. Secondly, the sensory cortex provides some information re-
garding emotional experience. Thirdly, the hypothalamus provides emotional
expression [87].

Thalamus Thalamus 

HypothalamusHypothalamus

Emotional 
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emotion  
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emotion  

Figure 2.6: The diagram of Cannon-Bard anatomical structure

The ‘Papez circuit’ was proposed by James Papez to modify the Cannon-
Bard theory [16], [80] and [87]. The circuit (see Figure 2.7) consists of the
hypothalamus, the anterior thalamus, the cingulate gyrus and the hippocam-
pus. It presents two paths to process the emotional stimulus. The first path is
from the thalamus to the hypothalamus and generates the emotional response
(emotional expression). The second path is from the thalamus to the sensory
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cortex, hippocampus, hypothalamus, anterior thalamus and ends in the cin-
gulate cortex; this path is responsible for providing emotional experience [16],
[80] and [87]. Papez modified the Cannon-Bard neural structure by adding
other regions of the brain to it. More recently, it has been stated that the
components of the Papez circuit "have little involvement in emotion" [12].
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Figure 2.7: The diagram of the Papez circuit

In 1952, Paul D. MacLean, an American physician and neuroscientist,
presented the limbic system theory (see Figure 2.8, this figure is copied from
[80] with permission), which is based on the neural structure of the Cannon-
Bard theory and the Papez circuit. The limbic system theory states that the
areas of brain such as the thalamus, sensory cortex, cingulate cortex, anterior
thalamus, hippocampus, hypothalamus and amygdala are involved in providing
emotional expression and emotional experience.

The limbic system theory is a well-known theory and has been referred
to by many studies in neuroscience and psychology [80]. However, many neu-
roscientists, such as LeDoux, emphasised that the limbic system theory is
insufficient to explain "the emotional brain" [42]. Nevertheless, because of the
central role of the amygdala in emotional processing, the limbic system theory
has survived.
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Figure 2.8: The regions of the brain mentioned in the limbic system theory. According to
this theory, the hypothalamus, amygdala, hippocampus and thalamus are the main regions of
the brain. They have roles in processing emotional stimuli and providing emotional reactions.

Multiple Neural Structures of Emotion

Earlier theories on defining the neural structure of emotion concentrated on
the localisation of the emotional system in the brain; however, laboratory ex-
periments on mice and humans have verified that it is impossible to specify
some regions of the brain as part of the emotional system [80]. Thus, neuro-
scientists have focused on finding the neural circuits responsible for different
emotional behaviours. LeDoux introduced a neural structure of fear condi-
tioning, which is a common behaviour among humans and animals. It is a
behavioural paradigm that is used by mammalians not only to predict the
occurrence of fearful stimuli but also to learn to avoid the origins of fearful
stimuli.

In experimental studies on mice, LeDoux introduced the neural structure
of fear conditioning [42] and [43], which is based on the classical conditioning
theory. Figure 2.9 displays the main components of the neural structure and
presents how the amygdala and its internal nuclei, such as the lateral (LA)
nucleus, basal (B) nucleus and central (CE) nucleus, interact with each other.
These parts are responsible for making the associations between a conditioned
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stimulus (e.g. an auditory stimulus) and an unconditioned stimulus (e.g. a
foot shock) and providing a conditioned response when the animal receives a
conditioned stimulus [42], [43] and [44].
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Figure 2.9: The neural structure of fear conditioning.

As Figure 2.9 shows, the central part of the amygdala connects with the
hypothalamus, autonomic nervous system (ANS) and hormones to express
emotional reactions such as freezing and hormonal responses. Figure 2.10 de-
scribes that the amygdala is receiving emotional stimuli from two paths. The
first path is the connection between the amygdala and thalamus and is called
the thalamic pathway. From this path, the amygdala receives "quick and dirty
representation" [22] of emotionally charged stimuli that help it to provide
quick responses. The second path is a connection between the thalamus, sen-
sory cortex and amygdala and provides more sophisticated information about
the stimulus. Using the second path, the amygdala can evaluate its primary
response.
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Figure 2.10: A circuitry for processing emotional stimulus, in particular, a fear-driven
stimulus. First, the received stimulus is sent to the thalamus and the amygdala, which
provides a primary response. This path is so-called the low road path. The stimulus can
also be processed via sending to the cortical cortex and the amygdala, which provides highly
accurate data.

Cognitive Theories of Emotion

Cognitive theories of emotion are another important category of theories of
emotion. They have focused on the way that emotionally charged stimuli are
processed to provide a mental response or emotional experience; they have
ignored how bodily responses or emotional expressions are formed. From the
perspective of cognitive theories of emotion, emotional processes are complex
and high-level processes. Cognitive theories of emotion state that an emotional
process consists of a cognitive process that uses belief, knowledge and a goal to
trigger a mental emotional response [32], and [42] and [16]. The cognitive the-
ories of emotion can be supported by the fact that different people might have
shown different emotional behaviours despite receiving similar emotional stim-
uli. Moreover, an individual can show different emotions for one similar stim-
ulus at various times. Among the above-explained theories, three emotional
theories, Cannon-Bard, Schachter-Singer and Opponent-Process can be cate-
gorised as cognitive theories of emotion. The following discussion provides the
reason why these theories can be considered as cognitive theories of emotion.
The Cannon-Bard theory argues that different emotional stimuli can be ex-
pressed by similar bodily response; hence, this theory explicitly proposed that
there is a cognitive procedure between emotional experience and emotional
expression. The Schachter-Singer theory can also be considered a cognitive
theory because it argues that an emotional experience of an event depends on
both the individual’s emotional expression (e.g. bodily response) and the indi-
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vidual’s situation at that event. Therefore, this theory also states that there is
a cognitive procedure to produce emotional expression. The Opponent-Process
theory can also be categorised a cognitive theory of emotion; it is based on
a cognitive procedure to provide emotional expression. In fact, the cognitive
method of this theory considers knowledge of experience and emotional feeling
to trigger bodily response.

Non-Cognitive Theory of Emotion

The non-cognitive theories have been proposed based on the idea that an emo-
tional response differs from a rational response and follows a different proce-
dure than the rational procedure when reacting to an emotionally charged
stimulus. These theories also assert that a cognitive process has a role in
generating rational responses, while emotional responses are direct and au-
tomatic responses; furthermore, that basic emotional responses are provided
based on a hard-wired emotional system common to animals and humans. It
should be noted that there are two perspectives regarding non-cognitive the-
ories. The first perspective states that some emotions are generated based on
non-cognitive processes. The second view claims that all emotions are made
based on non-cognitive processes.

2.2.2 Computational Models of Emotion

Computational models of emotion are computer-based tools. They can be
utilised to verify the theories of emotion by simulating one or some aspects of
emotions [87]. Furthermore, they can be employed as the basis for developing
intelligent controllers as well as prediction and classification models that have
a wide range of applications in the field of artificial intelligence and machine
learning.

This part briefly reviews two categories of computational models of emo-
tion. The first category is related to computational models of emotion that
are proposed to imitate emotional decision making in humans; these types
of computational model can be extended to develop decision-making proce-
dures for artificial intelligence agents. A good example of the first category is
"Cathexis"4 [99]. The second group is the computational models of emotion
that are developed to verify classical conditioning and emotional learning; they
can be used to develop intelligent controllers, prediction models and classifi-
cation models. The second category includes models such as the amygdala-

4Cathexis is described as the process of investment of rational or emotional power in a
person, object or idea
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orbitofrontal cortex system, the amygdala-hippocampus model and a model of
the limbic system.

Cathexis

One of the computational models of the first category is a model called ‘Cathexis’
[99]. The architecture of Cathexis is inspired by emotional decision-making pro-
cedures to develop autonomous agents. Figure 2.11 describes the architecture,
which consists of four main modules: Behaviour System, Emotion Generation
System, Motor System and Drive System.

The Emotion Generation System copies the function of the amygdala,
the hippocampus and the prefrontal cortices to mediate emotional learning
and expression. The Behaviour System is responsible for choosing appropri-
ate actions by imitating rational decision-making procedures in humans. The
Drive System is responsible for selecting some components of stimuli. It also
determines the desired action based on the selected elements.
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Figure 2.11: A block diagram of Cathexis

Emotion-based Controller

In [17], an emotion-based model was proposed to be utilised for re-tuning
the parameters of controllers. The model is based on an architecture that
was called ‘double-representation architecture’ [17]. The design imitates the
‘Damasio’ hypothesis (Damasio states that there are two types of emotion, pri-
mary and secondary emotions; primary emotions originated from a hard-wired
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procedure, and secondary emotions have arisen by making the association be-
tween primary emotions and previous perceptions) by defining two subsystems:
the cognitive subsystem and the perceptual subsystem. Figure 2.12 describes
the schematic of the architecture and shows how these two subsystems use a
bidirectional connection to exchange some information regarding the received
stimuli and how the final response is generated.
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Cognitive 
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Figure 2.12: A block diagram of Emotion-based Controller

The cognitive subsystem is responsible for processing stimuli to extract
the cognitive information, while the perceptual subsystem provides simple in-
formation about stimuli.

As discussed earlier, the model was suggested to modify the re-tuning pro-
cedure of a controller, which is necessary for a dynamic control system. In this
case, the environmental changes can be considered as emotional stimuli and
the setting of controller parameters can be considered as emotional expression.

Amygdala-orbitofrontal System

One of the computational models of the second category is the amygdala-
orbitofrontal system [60] and [59], which has been developed to model the
internal structure of the limbic system, specifically the amygdala and its con-
nections. The main aim of developing the amygdala-orbitofrontal system was
to simulate emotional learning in the amygdala. The model has been proposed
to simulate "acquisition", "blocking" and "conditioned inhibition" [60] and
[59] in the amygdala. The model (see Figure 2.13) consists of four parts: sen-
sory cortex, thalamus, amygdala and orbitofrontal cortex. These parts imitate
the connection between those parts of the limbic system that have roles in the
emotional acquisition, blocking and conditioned inhibitation. In other words,
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the amygdala-orbitofrontal system has been developed to examine the function
of the amygdala and is not meant to be a complete computational model of
the mammalian emotional system.
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Figure 2.13: A block diagram of Amygdala-orbitofrontal model

Figure 2.13 shows how the parts of the amygdala-orbitofrontal model in-
teract with each other to form the association between the conditioned and
the unconditioned stimuli [60].

Amygdala-hippocampus Model

Another computational model of emotion is the amygdala-hippocampus model
[39], which has been aimed to provide a dynamic associative memory system
by taking inspiration from associative memory (‘Associative memory is de-
fined as the ability to learn and remember the relationship between unrelated
items’ [39]) and emotional learning. The model consists of four parts and im-
itates the functionality of three regions, the amygdala, orbitofrontal cortex
and hippocampus. More specifically, the amygdala-hippocampus model con-
sists of a chaotic neural network (CNN), a multi-layered chaotic neural network
(MCNN), an amygdala-orbitofrontal cortex and a hippocampus-neocortex model
that imitates the neurons of the neocortex and hippocampus. The model has
been developed to increase the performance of learning models in the pro-
cessing of time-series. It has been tested for mutual association and long-term
memory of time series and shows better performance to process the time-series
than the hippocampus-neocortex model.
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Figure 2.14: A block diagram of Hippocampus-Neocortex model

Figure 2.14 depicts the hippocampus-neocortex part, which imitates the
interconnection between the cortex and the hippocampus. The layered struc-
ture consists of an input layer and five additional layers: CX1, CX2, DG, CA1
and CA3; these are referred to as the first layer of the cortex, the second layer
of the cortex, "dentate gyrus" [38], the third layer of the hippocampus and
the first layer of the hippocampus, respectively. The functions of each part can
be explained as follows: CX1 acts as sensory memory and CX2 as short-term
memory, DG is an intermediate memory, the function of CA1 is the long-term
memory, and the function of CA3 is storage and recollection.

As mentioned earlier, the amygdala-hippocampus model is a hybrid com-
putational model, which is intended as a complete model of emotions with
the capability of "mutual association and long-term memory of multiple time
series pattern" [38] and [39]. The computational model was designed to be the
initial steps of developing an artificial model of the whole emotional system in
the brain.
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Figure 2.15: A block diagram of Amygdala-Hippocampus model

Figure 2.15 presents how the hippocampus-neocortex part and the amygdala-
orbitofrontal cortex are connected. The left part in the figure represents the
neocortex, the middle section represents the hippocampus, and the right part
represents the amygdala-orbitofrontal cortex.

2.3 Emotions in AI Domain

As discussed earlier, emotion has been an active research subject for 150 years
approximately, and philosophers, psychologists and neuroscientists have made
many efforts to understand the emotional experience and emotional expression.
Nevertheless, emotions and emotional behaviour have not been considered as
intelligent aspects of human behaviour and, because of that, emotions have
not received enough attention to be integrated into the artificial intelligence
domain. The artificial intelligence community has not made considerable efforts
to integrate emotion when developing AI tools or applications. Recently, a
new field of research in AI known as affective computing has been identified;
affective computing aims to integrate emotions in developing computer-based
tools. This subchapter provides a brief background of the research that has
been undertaken to integrate emotions into the different applications in the
AI domain. The goal of this subchapter is to verify that conducting research
on emotions could be an interesting research task from the perspective of AI.
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One of the first attempts to integrate emotion in the AI domain was devel-
oping an intelligent robot, which was done in 1998, when a research group from
MIT developed an emotional pet robot with the capability to show emotional
behaviours [99]. In 2014, the world’s first humanoid robot with emotional ca-
pability was developed. It was called ‘Pepper’, a humanoid robot [41] that can
learn quickly to emotionally interact with humans. Pepper was developed to
understand human emotions and also express them. It uses an emotional en-
gine to learn and recognise emotional behaviour, such as emotional gestures,
expressions and recognition. Another interesting aspect of Pepper is that its
emotional behaviours evolve through sharing its emotional experiences with
other Peppers. A Pepper starts with simple emotional interactions and grad-
ually improves its emotional behaviours. In addition to those attempts, com-
putational models of emotions have been used for robotic purposes. An earlier
example is an agent-based architecture, called Emotion-based Robotic Agent
Development (in reverse order, DARE) [51], which was developed on the basis
of the computational model of emotional theories; it was tested in a multi-
agent system and showed ability in modelling social and emotional behaviour.
Another example of using a computational model of emotional theories is a
research work that utilised the computational model of fear conditioning to
develop versatile robots [61].

Recently, attempts to detect emotion from the face, voice, skin and by the
use of brainwaves have received some attention [23], [90], [54] and [77]. This re-
search has been proposed to consider different objectives such as improving the
interaction between humans and computers, developing welfare applications,
e.g. safety applications for intelligent transport systems, healthcare and user
quality of life. An example of detecting emotion for a safety application for an
intelligent transport system is an application that detects facial expression in
driving situations in order to prevent accidents. The application measures the
emotional mood of the driver using facial recognition and, in the case that the
driver is angry, the application sends information to other components of the
car, e.g. the steering wheel [23], or to stop the car or decrease the speed.

In another interesting study, facial recognition has been used to develop
an application for e-commerce; the idea in this work is to detect the facial
expression to predict whether the person will be a real shopper or is just a
browser. To speed up the facial expression procedure, three facial components,
the eye, eyebrow and lip, have been used to detect the facial expressions and
to develop an application that is called "INTELLIGENT IN-STORE SALES
ASSISTANT" [90]. Real-time facial recognition is the basis of an application
that aims to detect cognitive-affective mental states. The aim of this applica-
tion is to develop a training tool for "people with autism spectrum disorders
and people who are nonverbal learning disabled" [54]. Emotional speech recog-
nition has also been proposed to develop an interesting application in AI. For
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example, an application aimed to be a feedback system in telephone call cen-
tre conversation has been developed recently [77]. The application provides
feedback and a way to monitor and store voice emails based on their emo-
tional content. The basic component of this application is detecting emotion
in voices. A healthcare application with the aim to help autistic children has
been proposed. This application detects emotion from the skin with the use of
wearable sensors that measure levels of stress. One of the problems in autistic
children is that they do not have the ability to show stress directly, and when
they are under stress they show aggressive behaviour toward other people. The
developed application aims to detect their stress levels in real time and inform
their teachers or their parents, to understand them and help them [54].

In other research, an emotion-detecting wearable sensor has been used to
develop a fitness tracker. Detecting human emotion using physiological signals,
such as skin temperature (ST), and, especially, electroencephalogram (EEG),
have been proposed as a part of developing emotion-aware Ambient Intelli-
gence (AmI). The main aim of AmI is to integrate computer systems in living
environments to provide an intelligent and friendly user environment. Recently,
human emotion has also been considered an important element in improving
the functionality of AmI and to "enhance the quality of life of users" [101]. For
example, a framework for emotion-aware ambient intelligence is proposed that
combines the fundamental framework of AmI with a neuro-fuzzy framework
that is utilised to train intelligent agents in order to deliver emotional services
[23], [90], [77] and [101].

2.4 Conclusion

This chapter reviewed computational models that include computational in-
telligence paradigms such as neural networks (NNs) and neuro-fuzzy methods
(NFs), computational models of emotion such as Cathexis (which has been
designed based on decision-making procedures in humans) and the amygdala-
orbitofrontal system. Moreover, it described different theories of emotion and
classified them as cognitive or non-cognitive theories. It should be emphasised
that computational models of emotion can be utilised to develop CI models
for different applications. For example, Cathexis, which has been developed to
copy decision making in humans, has great capability to be utilised for devel-
oping CI models with applications in intelligent controllers, while the compu-
tational models that aim to simulate emotional learning in the brain can be
utilised to develop CI models with applications in both intelligent controllers,
time-series predictors and classifiers. A good example of such a computational
model is the amygdala-orbitofrontal cortex, which has been the basis for devel-
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oping prediction models as well as intelligent controllers that have been known
as brain emotional learning intelligent controllers.

Time and model complexity are two essential issues that should be ad-
dressed when developing new CI models; hence, computational models of emo-
tion with complex structure should not be the primary source of inspiration
when developing CI models. An example of such a computational model is
the amygdala-hippocampus model, which thus might not be useful for devel-
oping a new CI model for addressing the above issues. It should be noted
that integrating emotions can be done not only for traditional applications of
AI domain such as robotics, healthcare systems and ambient intelligence but
also new applications of AI such as intelligent transport systems, cognitive
radio networks, network management, intelligent signal processing and smart
homes. In other words, they can take advantages from integrating emotion or
computational models of emotion.



Chapter 3

Brain Emotional
Learning-inspired Models
(BELiMs)

As a preliminary step to design EiCIs, I have developed Brain Emotional
Learning Inspired Models (BELiMs) as data-driven CI paradigms for machine
learning applications, such as chaotic time series prediction, multi-modal clas-
sifications and nonlinear system identification. Addressing model complexity
issues associated with neural networks and neuro-fuzzy methods has been the
main motivation for developing BELiMs. Hence, the first, and main, goal be-
hind developing BELiMs is to develop bio-inspired data-driven models with
high accuracy and low model and time complexity. The development of BE-
LiMs is also motivated by the excellent results of the Brain Emotional Learning
Based Intelligent Controller (BELBIC) [49]. This chapter and the next explain
BELiMs from different perspectives, such as their theoretical, historical, struc-
tural, functional, learning, diversity and application aspects.

3.1 Theoretical Aspect of BELiMs

Different theories of emotion that have attempted to explain emotional expres-
sion (e.g. facial expression) and emotional experience (e.g. feeling) have been
reviewed to answer the following two questions: (1) Which emotional theory
is appropriate for use as an inspiration to solve prediction problems? (2) To
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what extent can the details of the selected emotional theory be used as in-
spiration? Considering the fact that a main aim of developing BELiMs is to
address the time complexity issues of former CI models, the basic theory of
BELiMs must be based on a non-cognitive theory of emotion (i.e. it defines
emotional reactions that are produced by a direct and quick procedure). The
fear conditioning hypothesis that was proposed by LeDoux [43] and [42] is a
type of non-cognitive theory.

Fear conditioning is an interesting emotional aspect that different hy-
potheses and theories have tried to explain. Fear conditioning not only gives a
quick procedure between reception of fearful stimuli and provision of emotional
reactions, it also describes a learning procedure that is followed by organisms
to predict dangerous situations. Fear conditioning explains how animals, in
particular mammals, learn from their previous experiences to predict the oc-
currence of a fearful situation and how they also learn to avoid the horrible
experiences [43], [42] and [45].

The fear conditioning hypothesis that was proposed by LeDoux [43], [42]
and [45] can be considered an appropriate theory to use as the foundation for
developing new CI models for prediction applications. It gives a neural struc-
ture that indicates which regions in a mammal’s brain that have roles in fear
conditioning behaviour. The neural structure, which was proposed after ex-
perimental studies on laboratory rats, shows what the function of each region
is and how these parts interact with each other. Some essential characteristics
of the neural structure are the following:

1) The amygdala plays the central role for processing fear-induced stimuli
and providing a fear reaction by interaction with other regions of the brain,
such as the sensory cortex, the thalamus and the hippocampus.

2) The procedure of processing fearful stimuli and providing emotional re-
actions is simple and quick.

3) The amygdala not only provides fear responses, but it also learns to predict
aversive events through interacting with other regions.

The neural circuitry of fear that was proposed by LeDoux is emphasising
the key role of the amygdala not only for "the acquisition of conditioned fear"
but also for "the expression of innate and learned fear responses" [43]. In
his book, entitled "The Emotional Brain: The Mysterious Underpinnings of
Emotional Life" [43], he presented how different regions (such as the sensory
areas, the thalamus, amygdala, hippocampus and hypothalamus) of the brain
are involved in processing conditioned fear and providing a fear response.
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LeDoux also explained the internal parts of the amygdala and how it can
be divided into two regions: the "evolutionary primitive division" [43] and
[42] and [45] and the "cortico-medial region" [42]. The former is sometimes
referred to as the "basolateral region" [42] and encompasses the lateral, basal
and accessory basal regions. The latter, cortico-medial region, consists of two
parts, the medial and central nuclei [42]. Figure 3.1 shows the internal regions
and the nuclei of each part and describes how these two regions are connected
to each other [42]. The following briefly explains the role of each of the parts
shown in Figure 3.1 in receiving emotional stimuli and providing emotional
responses.

Emotional 

Stimulus 

 

Lateral Lateral 

Basal Basal 

Emotional 

Response 

 

AMYGDALAAMYGDALA Basolateral 

region 

Basolateral 

region 

Accessory Basal Accessory Basal 

Cortico-medial 

region

Cortico-medial 

region

Figure 3.1: Schematic of internal parts within the amygdala and their interconnections in
receiving an emotional (fearful) stimulus and providing an emotional response; it is notable
how different parts of the amygdala are connected to each other. The lateral part spreads
this information to other parts, such as the basal and accessory basal parts as well as the
cortico-medial regions. The central nuclei part of the cortico-medial regions is an exit point
from the amygdala and provides the emotional response.

The lateral part of the basolateral region is the part through which the
amygdala receives stimuli from the sensory/thalamic structure (low-level in-
formation). This part plays a role in distributing the received emotional infor-
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mation to other parts of the amygdala and in forming the association between
the conditioned and unconditioned stimuli [43], [42] and [45]. The lateral part
not only passes the stimuli to other parts but also memorises them to form
the stimuli-response association [43], [42] and [45]. Two other parts of the ba-
solateral region, the basal and accessory basal parts, participate in processing
emotional information, but their roles are as mediators. The basal part receives
high-level information from the hippocampus as well as from the lateral part.
The accessory basal part, which has a bi-directional connection with the basal
part, also receives information from the lateral part. The central part of the
cortico-medial region provides the final emotional responses such as low-level
motor, autonomic and endocrine responses [43], [42] and [45].

The amygdala is not the only part of the brain that handles the processing
of fear-induced stimuli to provide emotional responses [43], [42], [45] and [19].
There is a distributed network of different regions of the brain that interact
with the amygdala, which is the gateway to that network. In addition to the
amygdala, other regions of the brain such as the thalamus, sensory cortex,
prefrontal cortex and orbitofrontal cortex, the hypothalamus and hippocampus
have roles in processing emotional stimuli and sending useful information to
the amygdala, which is responsible for generating emotional responses.

Figure 3.2 describes how different regions of the brain are connected to
each other and the amygdala; it also indicates which part is responsible for re-
ceiving emotional stimuli and which part has the role of providing an emotional
response.
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Figure 3.2: Schematic of the brain’s regions and their connections that have a role in
emotional processing.

As Figure 3.2 shows, the thalamus is the first part that receives the emo-
tional stimulus, and the amygdala is the part that provides the emotional
response. The thalamus acts as an entry point of sensory information, i.e. the
received information from the sensory systems (visual system, auditory system
and so forth). The thalamus processes the received sensory information quickly
and sends primary information (raw sensory features) to the sensory cortex
and the amygdala. The sensory cortex analyses the input received from the
thalamus and sends the whole perceived objects to the amygdala and the tran-
sitional cortex, which are responsible for transferring the received information
to the hippocampus, which in turn is responsible for storing and retrieving
explicit memories. On receiving some input from the transitional cortex, the
sensory cortex tries to make an association with the stored information and
then send more detailed and precise information (the context of a situation)
to the amygdala. Another important region to process emotional stimuli is
the medial prefrontal cortex, which is responsible for regulating moods by
controlling three neurotransmitters (dopamine, norepinephrine and serotonin)
[43], [42], [45] and [19]. The prefrontal cortex receives and processes informa-
tion from the sensorimotor cortex and has connections with the orbitofrontal
cortex and amygdala. The prefrontal cortex also receives feedback from brain-
stem arousal systems to develop the experiences of emotional stimuli. The
orbitofrontal cortex, which is located close to the amygdala, has a bidirec-
tional connection to the amygdala. This part also plays roles in processing
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the emotional stimuli. The prefrontal cortex, decoding the primary reinforce-
ment and learning the stimulus-reinforcement association. It also evaluates
and prevents inappropriate responses by the amygdala. The orbitofrontal cor-
tex encompasses two parts, the medial and lateral parts (see Figure 3.3). The
medial part forms and memorises the reinforcement-stimulus association, and
it also has a role in providing responses and monitoring responses, whereas the
lateral part evaluates the response and provides punishment [43], [42], [45] and
[19]. The amygdala also has connection with the hypothalamus, which has a
role in regulating emotional responses such as freezing, fleeing, fighting, facial
expression, blood pressure and so forth. The neural structure focuses on the
role of the amygdala in processing emotional stimuli, emotional learning. It
has had significant effect on designing the general structure of the amygdala.

To design the general structure of BELiMs, a summarised structure of
Figure 3.2 has been considered. Figure 3.3 shows four regions of the brain: the
amygdala, the thalamus, the sensory cortex and the orbitofrontal cortex, as
well as the connections between them.

Figure 3.3: A summarised schematic of the brain regions that have a role in emotional
processing.
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3.2 Historical Aspect of BELiMs

BELiMs can also be categorised as emotion-based data-driven approaches that
have been utilised as prediction models and intelligent controllers. They have
mostly been developed on the basis of a computational model of emotion called
the "computational model of emotional learning" [60]. The following explains
this computational model, which has also been referred to as the "Amygdala-
orbitofrontal cortex System" [60].

3.2.1 Amygdala-orbitofrontal Cortex System

The model was proposed to simulate the associative aspects of emotions. Using
associative learning, mammals can make an association between conditioned
and unconditioned stimuli [60]. The amygdala-orbitofrontal cortex system con-
sists of two main parts, the amygdala and the orbitofrontal cortex (OFC), and
two entrance parts, the thalamus and the sensory cortex. The connections
between these parts have been imitated by the connections between the re-
gions of the brain that have roles in processing emotional stimuli. Figure 3.4
(This figure, copied with permission from [60]) depicts the internal structure of
the amygdala-orbitofrontal cortex system. The building unit of the amygdala-
orbitofrontal cortex system is the node, displayed as a circle in Figure 3.4
[60].
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Figure 3.4: The amygdala-orbitofrontal cortex system.

The input, output and function of each part are according to the following.

1) Thalamus: This is the first part of the model; it receives the sensory in-
put, s, selects the maximum element of the sensory input and sends it to the
amygdala. It also passes the entire information about the sensory input to the
sensory cortex. The role of the thalamus "is to provide a non-optimal but fast
response to stimuli" [60]. It should be noted that the thalamus calculates "the
maximum over all stimuli" [60] and sends it to the amygdala.

2) Sensory Cortex: This part receives information from the thalamus and sends
it to the amygdala and orbitofrontal cortex (OFC).

3) Amygdala: This part receives input from the thalamus, the sensory cortex
and the orbitofrontal cortex. It consists of nodes; in Figure 3.6 the amygdala
consists of four nodes (because the sensory input is assumed to have three
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dimensions), which are labelled A. The output of each A node is sent to an O
node and the E node, another circle node that is located at the bottom part
of the amygdala. It receives two inputs, one from thalamus, maxpsq , and the
other from the sensory cortex, s.

4) Orbitofrontal Cortex: This part receives inputs from the sensory cortex
and the amygdala. It consists of three nodes, labelled O. The orbitofrontal
cortex receives an input vector from the sensory cortex and provides an out-
put vector, O. The final output of the model is calculated as in Equation 3.1
[60].

E “
ÿ

Aj ´
ÿ

Oj (3.1)

As mentioned, two important parts of the model are the amygdala and the
orbitofrontal cortex. The latter receives information from two other parts, the
thalamus and the sensory cortex; the former simply receives information from
the sensory cortex. The computational model also receives a reinforcing signal,
REW .

A brief description of the functionality of the model is that it receives an
input vector, s, and provides the output, which is simply a subtraction between
the output of the amygdala and the output of the orbitofrontal cortex. Here,
E is the output of the model, and it should equal the reinforcing signal that
is received in response to an emotionally charged stimulus. The amygdala is
responsible for learning the reinforcing signal, while the orbitofrontal cortex
plays a role in inhibiting inappropriate responses by the model.

The amygdala and orbitofrontal cortex of the model are intended to learn,
so plastic connections, V and W , have been assigned to the nodes of these two
parts. Hence, the output of each node in the amygdala and the orbitofrontal
cortex can be calculated as a multiplication of its input with its weight. Equa-
tions 3.2 and 3.3 explain how the outputs of the nodes of the amygdala and
orbitofrontal cortex are calculated. As shown, the nodes of the amygdala and
the orbitofrontal cortex can be considered as artificial neurons with linear
functions.

Aj “ Vjsj (3.2)

Oj “Wjsj (3.3)

The amygdala aims to predict the reinforcement signal. Hence, the weights for
this part are adjusted "proportionally to the difference between the reinforce-
ment and the activation of the A nodes" [60]. The updating rule is formalised
as Equation 3.4. As can be seen, the updating rule of the model is based on A



56CHAPTER 3. BRAIN EMOTIONAL LEARNING-INSPIRED MODELS (BELIMS)

and the reinforcement signal, REW . These weights, Vj , are associated with the
nodes of the amygdala. Here, sj is the input of the jth node of the amygdala.
It should be noted that the adjusting rule for the amygdala is a type of "as-
sociative learning rule" and "this weight-adjusting rule is monotonic, i.e. the
weights Vj cannot decrease" [60]. Therefore, if the amygdala learns to provide
an output that is similar to the reinforcement signal, the learning procedure
of the amygdala can be stopped. However, if the output of the amygdala part
is higher than the reinforcement signal, REW , or equal to the reinforcement
signal, REW , the weights of the amygdala part are not adjusted to the new
values. The amygdala learns to predict the reinforcement signal and the learn-
ing will be permanent.

The adjusting rule for the orbitofrontal cortex has been considered to
inhibit the computational model for providing an output larger than the re-
inforcement signal. Hence, the adjusting rule for the orbitofrontal cortex is
calculated as in Equation 3.5 and the aim is to adjust the weights of the
orbitofrontal cortex to the differences between the "expected and received re-
inforcer" [60].

4Vj “ α
`

sjmax
`

0, REW ´
ÿ

Aj
˘˘

(3.4)

4Wj “ β
`

sj
`

ÿ

Oj ´REW
˘˘

(3.5)

These weights, Vj and Wj , are associated with the nodes of the amygdala
and the orbitofrontal cortex parts, respectively [60]. Here, sj is the input of
the jth node of the amygdala and orbitofrontal cortex parts.

Figure 3.5 (This figure, copied with permission from [60]) describes the
changes in the values of the weights of the amygdala and the orbitofrontal
cortex parts and their effects on the output of the model. It simply shows the
acquisition, extinction and reacquisition in the model, which means the model
tries to associate a stimulus with a reward/reinforcement. The model should
also learn to disassociate the stimulus once the reinforcer is absent and to
associate it again when it is ready. Thus, the amygdala part provides outputs in
order to predict the reward, REW , while the orbitofrontal cortex part prevents
the model from providing an output that is not close to the reward signal.
The amygdala-orbitofrontal cortex model was proposed to simulate the role of
the amygdala in emotional learning or in evaluating the emotionally charged
stimulus [60]. The model has some advantages, such as simple structure and
easy implementation. It can also represent the associative learning, but it is not
a complete learning system [60] and needs modification to be used as a learning
tool in the context of machine learning. Actually, it has been explicitly stated
that the two aims of the amygdala-orbitofrontal cortex system are as follows:
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firstly, to understand the function of the amygdala in the mammalian brain;
secondly, to understand the limitations of the model for simulating the function
of the amygdala [60]. The simple structure of the amygdala-orbitofrontal cortex
has been the great motivation for utilising it to develop emotion-based data-
driven models such as BELiMs.

Figure 3.5: Changes in the values of the weights of the amygdala and the orbitofrontal
cortex.

BELiMs [68], [67] and [73] have been developed by combining the neural
structure of fear conditioning, the computational model of emotional learn-
ing and adaptive networks. BELiMs have been formed by modifying both the
internal and the external structure of the computational model of emotional
learning. To develop the internal structure of a BELiM, each part of the com-
putational model of emotional learning has been modified by considering an
adaptive network. Thus, in a BELiM, the external structure of the compu-
tational model of emotional learning has been changed by considering the
internal nuclei of the amygdala and orbitofrontal cortex. Even though AMYG
and ORBI correspond to the amygdala and the orbitofrontal cortex of the
computational model of emotional learning, each of these two parts is divided
into two subparts. BELiMs have been proposed as a type of machine learning
model and have mostly been used to predict solar activity and geomagnetic
storms. The results have shown that this type of modification can provide
an improvement in prediction accuracy for chaotic systems. Moreover, by us-
ing simple adaptive networks, it is possible to address the computational and
model complexity issues.
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3.2.2 Emotion-based Data-Driven Models

This sub-chapter reviews the emotion-based data-driven models that have been
developed based on computational models of emotional learning. Here they are
classified as intelligent controllers and prediction models. The first example of
an emotion-based intelligent controller is the Brain Emotional Learning Based
Intelligent Controller (BELBIC). Explaining the details of BELBIC [49] and its
applications is beyond the scope of this thesis; although, it has shown excellent
performance in controlling nonlinear systems and has been a motivation in the
development of data-driven models for prediction applications, which I refer
to as emotion-based prediction models. I classify these into three different
categories: BELs (Brain Emotional Learning Models), EIMs (Emotion Inspired
Models) and BELiMs.

The first category, BELs, includes those models that have been developed
by making minor changes in the computational model of emotional learning,
i.e. the amygdala-orbitofrontal cortex. Most BELs have been applied as predic-
tion models and a popular application of BELs is chaotic time series prediction.
However, BELs have been designed based on two incorrect assumptions, as is
described below.

First, with regard to the fact that the computational model of emotional
learning is a model for simulating emotional learning in the amygdala, rather
than with the purpose of being developed as a data-driven prediction model,
in order to utilise it as a data-driven model, major modification is needed.
Therefore, assuming the computational model of emotional learning to be a
modular neural network, feeding it with input vectors from time series pre-
diction and expecting it to be able to provide an output close to the target
would be wrong. Moreover, the weights of the amygdala and the orbitofrontal
cortex are adjusted by rules, but these rules are aimed at adjusting the weights
in order that the model learns to predict the reward signal that differs from
the target signal. However, in most prediction tasks, one needs a data-driven
model into which to feed the input, and to predict an output; hence, a learning
algorithm to adjust learning parameters by considering the difference between
output and target is used.

Because BELs were developed on the above wrong assumption, they could
not show excellent results in predicting chaotic time series or classification.
The performance obtained are not comparable with advanced ANNs and NFs
[6]. BEL was tested to predict geomagnetic sub-storms using the AE index,
solar activity using sunspot number and the Lorenz time series [6]; the results
obtained showed that BEL has the capability to predict peak points of chaotic
systems better than neuro-fuzzy and neural networks.
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The second group of emotion-based prediction models has been developed
by borrowing the metaphor of the emotional signal to define the loss function
of traditional neural networks or neuro-fuzzy methods.

The suggested loss function has been used to adjust the learning param-
eters of NNs and NFs. The second group is referred to as EIMs (Emotion
Inspired Models), which includes ELFIS (Emotional Learning Fuzzy Inference
System), which has been proposed to predict solar activity and the stock mar-
ket [48]. This model is a modification of ANFIS, which tries to find the optimal
structure of the ANFIS by minimising the loss function. The main motivation
for developing BELFIS is to address the complexity issues of adaptive neuro-
fuzzy inference systems. BELiMs [65], [69], [68], [67] and [73], which is the
third group, comprises models that cannot be considered to belong to any
of the above groups. BELiMs have been developed by combining the neural
structure of fear conditioning, the computational model of emotional learn-
ing and adaptive networks. In other words, BELiMs have been developed by
modifying both the internal and the external structure of the computational
model of emotional learning. To develop the internal structure of a BELiM,
each part of the computational model of emotional learning has been modified
by considering an adaptive network. In a BELiM, the external structure of the
computational model of emotional learning has been changed by considering
the internal nuclei of the amygdala and the orbitofrontal cortex. Hence, even
though AMYG and ORBI correspond to the amygdala and orbitofrontal cor-
tex of the computational model of emotional learning, each of these two parts
is divided into two subparts. BELiMs have been proposed as a type of machine
learning model and have mostly been used to predict solar activity and geo-
magnetic storms, and the results have shown that this type of modification can
provide an improvement in the accuracy of the prediction of chaotic systems.

3.2.3 The Structural Aspect of BELiMs

The general structure of BELiMs consists of four main parts, referred to as
the THalamus (TH), sensory CorteX (CX), AMYGdala (AMYG), and OR-
BItofrontal cortex (ORBI). These parts imitate the connections between the
four brain regions, the thalamus, sensory cortex, amygdala and orbitofrontal
cortex, which have roles in fear conditioning. Figure 3.6 describes the general
structure of BELiMs and depicts how the input and output of each part have
been defined and how these parts are connected to each other.
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Figure 3.6: The outline structure of a BELiM

A BELiM provides an output by receiving an input vector, i . TH is the
first part of the BELiM that receives i . It provides thMAX_MIN and thAGG

and sends these to AMYG and CX, respectively. CX receives thAGG and pro-
vides s, sending it to AMYG and ORBI. AMYG receives thMAX_MIN and
s, and provides the expected punishment, pea, and the final output, rf . ORBI
has a bidirectional connection to AMYG and provides ro, which it sends to
AMYG.

As discussed earlier, to imitate the roles of and the connections between
the thalamus, amygdala and orbitofrontal cortex in more detail in BELiM, the
TH, AMYG and ORBI parts have been further divided into two internal parts.
Figure 3.7 depicts the internal parts of the TH, the AMYG and the ORBI and
describes the inputs and outputs of these subparts. The TH is divided into two
subparts: the MAX_MIN and the AGG. As mentioned earlier, the AMYG im-
itates the amygdala regions (lateral, basal, accessory basal and cortico-medial
regions of the amygdala and their connections), so it is divided into two parts.
The first part is BL (corresponding to the combination of the basal and lateral
parts of the amygdala) and the second part is CM (corresponding to the com-
bination of the accessory basal and cortico-medial regions of the amygdala).
The ORBI also mimics the role of the orbitofrontal cortex and consists of two
sub-parts: MO (corresponding to the medial region of the orbitofrontal cortex)
and LO (corresponding to the lateral region of the orbitofrontal cortex). The
input and output of MO are the expected punishment and the secondary out-
put, while the input and the output of LO are the secondary output and the
punishment, respectively. There is a bidirectional connection between AMYG
and ORBI to exchange the expected punishment of AMYG and the response
of ORBI.
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Figure 3.7: The details of the architecture of BELiM showing the structure of each part
and its connection to other parts.

In detail, a BELiM receives an input, i , and sends it to TH, which con-
sists of two subparts, MAX_MIN (MAXimum_MINimum) and AGG (AG-
Gregation). The output of MAX_MIN can be denoted as thMAX_MIN , while
AGG receives thMAX_MIN from MAX_MIN, aggregates i and thMAX_MIN

provides thAGG. TH sends thMAX_MIN and thAGG to AMYG and AGG,
respectively. CX receives thAGG and provides s, sending it to the BL part of
AMYG and to the MO part of ORBI. BL in AMYG corresponds to the basal
and lateral parts of the amygdala; it receives thMAX_MIN and s, provides
the primary output, ra, and sends the primary response, ra, to CM in AMYG,
which corresponds to the accessory basal and cortico-medial regions of the
amygdala. ORBI consists of MO (medial part of the orbitofrontal cortex) and
LO (lateral part of the orbitofrontal cortex). MO receives s and pa and pro-
vides the secondary output, ro. LO receives ro and provides po. CM in AMYG
is responsible for providing the final output, rf .

3.2.4 The Functional Aspect of BELiMs

To implement the functionality of BELiMs, adaptive networks have been as-
signed to the different parts of the structure introduced in Figure 3.7. Hence,
the function of a BELiM can be defined as the composition of functions of
its connected adaptive networks. Before explaining the functional aspect of a
BELiM, an adaptive network and its building blocks are illustrated.

An adaptive network can be developed as a feedforward or a recurrent
network. The function of an adaptive network depends on the function of the
adaptive nodes and the weights of the feedforward or recurrent connections. In
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general, the function of an adaptive network, without considering the function
of the nodes and its structure, can be denoted as FADpl, Nnq. Here l is the
number of layers and Nn is the total number of nodes. The following subsection
explains adaptive nodes and adaptive networks.

3.2.5 Adaptive Nodes and Adaptive Networks

The terminology of adaptive networks was defined by Jang [33] and encom-
passes all types of neural networks that use learning algorithms to adjust
learning parameters. He defined the terminology of an adaptive network and
emphasised that an adaptive network could be represented as a feedforward
or a recurrent connected network of adaptive nodes. Thus, the building block
of an adaptive network is an adaptive node, which means that the output of
the node depends on modifiable parameters pertaining to this node.

An adaptive network simply consists of several parameters that can be
updated, based on a supervised learning algorithm, and aims to be adjusted
to minimise the error obtained from the adaptive network. Jang defined two
types of adaptive network and two types of node. The first type of node is the
circle node, which indicates the type of node that has a fixed function with
no parameters to be adjusted. Another type of node is the square node, which
has adjustable parameters. One type of adaptive network is the feedforward
adaptive network and another is the recurrent adaptive network. The definition
of an adaptive network to a network is extended here with three types of nodes.
A node in an adaptive network can be represented either as a circle node, a
square node or an ellipse node. A circle node has a function without adjustable
parameters. In contrast, a square node is defined by a function with adjustable
parameters; note that a square node can receive a vector as an input. Another
type of adaptive node is an ellipse node, which has multiple functions and
multiple input-output. The functions of an ellipse node could have adjustable
parameters or could be defined as not without having adjustable parameters.

Figure 3.8 depicts a simple example of the defined feedforward adaptive
network that consists of a number of nodes connected by directional links.
Note that the learning parameters of an adaptive network are a combination of
linear and nonlinear parameters and can be adjusted using learning algorithms
[33]. As mentioned earlier, the functional aspect of a BELiM can be explained
by the overall functions of several adaptive networks (note that the function
of each adaptive network is calculated on the basis of the functions of the
adaptive nodes).
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Figure 3.8: A simple feedforward adaptive network; this network consists of four layers
with circle, square and ellipse nodes.

3.2.6 Simple Adaptive Network

A simple adaptive network (SAN) (see Figure 3.9), is a type of adaptive net-
work that only consists of circle nodes. The training algorithm of a SAN is
limited only to adjusting the corresponding weights of the directional links. A
SAN is similar to the early versions of ANNs with a training algorithm that is
limited to the weights of connections.

2i

AD
F

1i

Figure 3.9: A simple adaptive network with a two-dimensional input vector and an output.

3.2.7 Adaptive Neuro-Fuzzy Inference System (ANFIS)

The adaptive neuro-fuzzy inference system, or ANFIS, was introduced in [33].
An ANFIS can be adapted to the Sugeno fuzzy inference system or the Mam-
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dani fuzzy inference system [33]. Using a simple example of an ANFIS with
two Sugeno fuzzy rules is considered, with the function and structure of this
model being explained in what follows. Figure 3.10 depicts a simple ANFIS
that receives a two-dimensional input vector, i “ ti1, i2u, and generates an
output that is referred to as FANFIS . Two linguistic labels for each dimension
of input are considered and the following rules are used to provide f1 and f2.
The linguistic labels for the first dimension of input, i1, are A1 and A2, while
the linguistic labels for the second dimension of input, i2, are B1 and B2. The
rules of the ANFIS which can be explained as follows:

Rule 1: If i1 is A1 and i2 is B1, then f1 “ q11i1 ` q12 ` i2 ` q13.

Rule 2: If i1 is A2 and i2 is B2 , then f2 “ q21i1 ` q22i2 ` q23.

The parameters q11, q12, q13, q21, q22, q23 are "consequent parameters" [33].
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Figure 3.10: A simple ANFIS with two rules; an input, i “ ti1, i2u, enters the first layer.

1) Layer 1: This layer consists of four square nodes; this means that each
dimension of input is associated with two linguistic labels (e.g. small, large).
The membership function of the first square node can be specified by µ11. It
can be defined as a Gaussian (see Equation 3.6) or a bell-shaped (see Equation
3.7) function, which determines the degree to which i1 satisfies the quantifier
A1. Equations 3.6 and 3.7 calculate the Gaussian function and the bell-shaped
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function for µ11. The parameters c11,σ11 are the centre and the Gaussian RMS
(root mean square) width of the Gaussian function, and a11,b11,c11 are the pa-
rameters of the bell-shaped function. These parameters are considered to be
"premise parameters" [33]. In general, the lth square node of the kth dimension
of the input vector is assigned a membership function, µkl, with the parame-
ters, ckl and σkl. Equations 3.8 and 3.9 calculate the general Gaussian function
and the bell-shaped function.

µ11pi1q “ expp
´1pi1 ´ c1q

2

2σ2
11

q (3.6)

µ11pi1q “
1

1` | i1 ´
c11
a11

|2b11
(3.7)

µklpikq “ expp
´1pik ´ cklq

2

2pσklq2
q (3.8)

µklpikq “
1

1` | ik ´
ckl

akl
|2bkl

(3.9)

2) Layer 2: This layer has two circular nodes that are labelled
ś

. It simply
provides the product of its input. The output of the first node and second node
are calculated in Equations 3.10 and 3.11.

W1 “

2
ź

l“1

µ1lil (3.10)

W2 “

2
ź

l“1

µ2lil (3.11)

3) Layer 3: This layer has two circle nodes with normalisation functions; each
node is labelled N . Assuming this, the output of the first node (which receives
W1 and W2 from the previous layer) is calculated as Equation 3.12, while the
output of the second node is given as Equation 3.13.

W1 “
W1
ś2
l“1

Wl (3.12)

W2 “
W2
ś2
l“1

Wl (3.13)

4) Layer 4: This layer has two square nodes. The functions of the first node
and second node are denoted as f1 and f2 using Equations 3.14 and 3.15, re-
spectively. The parameters pqijq of this layer have been defined as "consequent
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parameters" [33].

f1piq “ p
2
ÿ

l“1

ilq1l ` q13q (3.14)

f2piq “ p
2
ÿ

l“1

ilq2l ` q23q (3.15)

5) Layer 5: The fifth layer has a single node (circle) that calculates the sum of
its input vector values, tf1, f2u, as in Equation 3.16.

FANFIS “ p
2
ÿ

l“1

Wlflpiqq (3.16)

The above explanations describe the input and output of each layer for a simple
ANFIS with a two-dimensional input vector and two membership functions for
each dimension. In the general case, an ANFIS can receive an input vector,
i , with n dimensions. If its first layer has m membership functions for each
dimension of the input vector, the second layer has K2 “ mn circular nodes
that are labelled with

ś

, the third layer has K3 “ mn nodes labelled with N ,
the fourth layer has K4 “ mn square nodes and the fifth layer has one circle
node that is labelled

ř

to calculate the output of the ANFIS, which can be
referred to as FANFIS (see Equation 3.17).

FANFISpiq “
mn
ÿ

l“1

flpiq (3.17)

3.2.8 Brain Emotional Learning Fuzzy Inference System
(BELFIS)

As mentioned earlier, the functionality of a BELiM can be implemented by
assigning adaptive networks to different parts. Since it is possible to use dif-
ferent adaptive networks for different parts, different instances of BELiMs can
therefore be developed. The BELFIS is a type of BELiM that has been de-
veloped by assigning SANs and ANFISs to different parts of the structure of
Figure 3.6. Figure 3.11 describes how a variation of BELiM called BELFIS
can be formed by assigning ANFISs and SANs to different internal parts of
the general structure of Figure 3.6. In the following, I explain how BELFIS
provides an output by receiving an input,i .

1) TH is the first part of the BELFIS that receives i and consists of two sub-
parts, MAX_MIN(maximum_minimum) and AGG(aggregation). The output
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Figure 3.11: The internal part of BELFIS, the input and output of each part and the
adaptive networks of each part when the BELFIS is fed with a pair of training data samples
such as pi, rq.

of MAX_MIN can be denoted by thMAX_MIN . AGG receives thMAX_MIN

from MAX_MIN; it aggregates i and thMAX_MIN and provides thAGG. TH
consists of MAX_MIN and AGG. The function of MAX_MIN is implemented
by assigning two SANs (simple adaptive networks) that select the absolute
maximum and minimum values of i . Figure 3.12 describes the input and out-
put of SANs and explains their functionality in receiving an input vector. Let
us assume an input vector, i=ti1, i2u, with two dimensions; the upper SAN
selects the absolute minimum values of i (see Equation 3.18) while the lower
SAN calculates the maximum values of i . AGG consists of a SAN that has a
role in transforming the input vector, i , to CX. Equation 3.19 calculates the
output of AGG.

thMAX_MIN
“ rthMIN , thMAX

s “ rFSAN piq, FSAN piqs “ rmaxpiq,minpiqs
(3.18)

thAGG “ FSAN pth pMAX_MINq, iq (3.19)

The step function and linear function of Figure 3.12 can be defined as f_LinearNodepbq “
b and Equation 3.20.

f_StepNodepbq “
"

1 ifb ą“ 0
´1 ifb ă 0

(3.20)

2) CX receives thAGG and provides s, sending it to BL in AMYG and to
MO in ORBI. Note that, in BELFIS, CX does not extensively process what it
receives but just passes its received input to other parts. The function of CX
is represented by assigning a SAN, as depicted in Figure 3.12. The output of
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Figure 3.12: The adaptive networks of MAX_MIN, AGG.

CX is s, as calculated in Equation (3.21).

s “ FSAN pthAGGq “ i (3.21)

3) AMYG is divided into two parts: BL (corresponding to the basal and lat-
eral parts of the amygdala) and CM (corresponding to the accessory basal and
cortico-medial region of the amygdala). The function of BL is implemented
by assigning an ANFIS. BL receives thMAX_MIN and s, and provides the
primary output, ra, as in Equation 3.22. BL sends the primary response, ra,
to CM in AMYG. This part provides the expected punishment, pae, the pun-
ishment, pa, and the final output, rf , as in Equation 3.23. The function of CM
is implemented by assigning an ANFIS and a SAN.

ra “ FBLANFISpth
MAX_MIN , sq (3.22)

rf “ FCMANFISpra, roq (3.23)

4) ORBI has a bidirectional connection to AMYG and consists of MO (me-
dial part of the orbitofrontal cortex) and LO (lateral part of the orbitofrontal
cortex). MO receives s and pa and provides the secondary output, ro. The
function of MO is implemented by assigning an ANFIS, so ro can be calcu-
lated as in Equation 3.24. The function of LO that provides po is implemented
by a SAN as described in Figure 3.13.

ro “ FCMANFISpsq (3.24)
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Figure 3.13: A schematic of the connection between different adaptive networks of BL,
CM and MO. Here, three adaptive networks of AMYG and ORBI have been connected to
each other.

3.2.9 Recurrent Adaptive Neuro-Fuzzy Inference System
(RANFIS)

A recurrent adaptive neuro-fuzzy inference system has been developed with the
aim of adding to the adaptive network the ability to learn from its responses.
The adaptive network consists of an adaptive neuro-fuzzy inference system
and a recurrent network, as described in Figure 3.14. The adaptive network
takes advantage of the recurrent signal to learn the temporal outputs of the
network and uses this type of information to adjust the learning parameters.
The recurrent adaptive network consists of an ANFIS and a SAN that pro-
vides a recurrent signal. The motivation behind defining this type of network
is to modify the performance of BELFIS. Figure 3.14 describes an example of
a RANFIS and, as can be seen, a SAN with five layers generates the recurrent
signal. In the following, each layer receiving a pair trf , ru is explained.
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Figure 3.14: A recurrent adaptive network.

1) Layer 1: This layer consists of a single circle node that has been labelled
ř

. The input of this layer is rf (the output of RANFIS) and r (which is the
target output).

2) Layer 2: This layer consists of four circle nodes that are labelled as Z´1

(delay node). Two upper delay nodes provide a delay in r, while two lower
nodes provide a delay in rf .

3) Layer 3: This layer consists of two circle nodes that are labelled as S.
The function of an S node that receives an input, x, can be defined as x2. The
upper S node receives rf pt ´ 2q and rpt ´ 2q, and the output of this node is
prpt´ 2q ´ rf pt´ 2qq

2. The lower S node receives rpt ´ 1q and rf pt ´ 1q, and
the output of this node is prpt´ 1q ´ rf pt´ 1qq

2.

4) Layer 4: This layer consists of two circle nodes that are labelled as
ş

.
Receiving an input, x, at time, t, provides an output,

řt
j“1 xj . The upper

ş

node receives prpt´ 2q ´ rf pt´ 2qq
2 and provides the output, calculated as

ř

prpt´ 2q ´ rf pt´ 2qq
2. The lower

ş

node receives prpt´ 1q ´ rf pt´ 1qq
2 and

the output of this node is
ř

prpt´ 1q ´ rf pt´ 1qq
2.

5) Layer 5: This layer has a circle node labelled
ř

and provides the over-
all output of the recurrent network is defined as in Equation (3.25).
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REW “ 1´prpt´1q´rf pt´1qq`
ÿ

prpt´ 1q ´ rf pt´ 1qq
2
`
ÿ

prpt´ 2q ´ rf pt´ 2qq
2

(3.25)

3.2.10 Brain Emotional Learning-based Recurrent Fuzzy
System (BELRFS)

The Brain Emotional Learning Recurrent Fuzzy System, BELRFS, was devel-
oped using RANFIS as an adaptive network. Figure 3.15 depicts the structure
of BELRFS and shows that it receives a recurrent signal in its CM part to cal-
culate a reward signal, so the structure of BELRFS is slightly different from
the structure of BELFIS. It should be noted that, in the case that the input
vector is a new and unseen vector, e.g. it is from the test data set, a weighted
k-nearest neighbour (Wk-NN) algorithm can be used to calculate the reward
signal.
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Figure 3.15: The internal components of BELRFS when an input vector is chosen from
the training data set.

Figure 3.16 shows the internal components of each part, their input-output
and their connections. It can be explained by assuming that the BELRFS re-
ceives an input-output pair, ti , ru, from the training data set with Nu samples.
As can be observed, BELRFS has components similar to those of BELFIS, but
it also receives a recurrent signal. Thus, one main characteristic of BELRFS
is that the adaptive network of its CM receives a recurrent signal as one of its
inputs.
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Figure 3.17 describes how different components of BELRFS can be as-
signed different adaptive networks. The internal structure and functionality of
TH, CX and ORBI are similar to those of BELFIS. In the following, the func-
tionality of AMYG in BELRFS receiving an input vector, i , is explained. In
BELRFS (see Figure 3.17), BL in AMYG has similar structures and functions
to the corresponding parts in BELFIS, but the function of CM is implemented
by assigning a RANFIS and a SAN. The SAN provides the expected punish-
ment, pea, and the punishment, pa, while the RANFIS provides rf , as given
by Equation 3.26. The expected punishment, pea, is sent to ORBI, while the
punishment, pa, is sent back to BL.

rf “ FCMRANFISpra, ro, REW q (3.26)

When BELRFS receives an unseen input, the reward signal is calculated us-
ing the weighted k-nearest neighbour (Wk-NN) method. The following steps
explain how the Wk-NN provides the reward signal, REW :
1) For each i , the Euclidean distance, dj “|| i test ´ i ||, is calculated, where i
is a member of the training data set with Nu.

2) For each i , a subset of k minimum values of d “ rd1, d2, . . . , dNu
s is se-

lected as dmin. This is the set that corresponds to the k-nearest neighbours of
the test sample i test.

3) For these neighbours, a subset of REW “ rREW1, REW2, ..., REWNu
s

is selected, and this subset is referred to as REWmin. For the test sample,
i test, the value of REW is calculated according to Equation (3.27). Where,
vj is calculated as the kernel, Equation 3.28. The kernel function, K, converts
Euclidian distances to the weights as in Equation 3.29.
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REW “

k
ÿ

j“1

pvj ˆREWminj q{

k
ÿ

j“1

vj (3.27)

vj “ Kpdminj
q (3.28)

Kpdminj
q “ pmaxpdq ´ pdj ´minpdqq{maxpdq (3.29)
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Figure 3.17: The connection between the adaptive networks of BL, CM and MO (It should
be noted that the connection structure is related to the first learning phase).The SANs of CM
and LO are not shown here. It can be seen that three adaptive networks of AMYG and ORBI
have been connected to each other to provide an output, rf . The first adaptive network of
AMYG is a type of ANFIS; it receives ps,thMAX_MIN q and provides the primary response,
ra. An ANFIS is also assigned to MO in ORBI. The functionality of the ANFIS of MO is
similar to the functionality of MO in BELFIS. A type of ANFIS, called RANFIS, is assigned
to CM in AMYG.
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3.3 The Learning Aspect of BELiMs

A BELiM follows a two-phase learning algorithm to adjust the model param-
eters. The first learning phase follows a supervised learning algorithm and is
used to find the optimal parameters of the BELiM using training data samples,
while the second learning phase follows an online learning algorithm that is
used to adjust the parameters by using an unsupervised method. Note that
the second learning phase is based on an unsupervised learning algorithm; this
has been introduced in order to increase the accuracy of BELiM.

3.3.1 First Learning Phase

The first learning phase follows a supervised learning algorithm and is used
to find the optimal parameters for BELiMs using training data samples. The
learning parameters for BELiMs combine linear parameters (the parameters
of the feedforward connections) and nonlinear parameters (the parameters of
the square adaptive nodes), which must be adjusted by learning algorithms.
In the following, the part of a BELiM that consists of learning parameters is
highlight and how the learning parameters of each part of the BELiM can be
adjusted independently is explained. For most variations of BELiMs, TH and
CX consist of pre-trained simple adaptive networks. Hence, there is no need
to adjust the parameters of these parts. In contrast, AMYG and ORBI consist
of adaptive networks with learning parameters that must be adjusted to the
optimal values.

To adjust the nonlinear parameters of BL in AMYG and MO in ORBI
(these are determined using two vectors, ba and bo; note that the two subscripts,a
and o, are used to distinguish the parameters of AMYG and ORBI, respec-
tively), learning algorithms based on steepest descent (SD) are utilized. Equa-
tion 3.30 and Equation 3.31 are the adjusting rules for the nonlinear parameters
ba and bo, which can be calculated by using the partial derivatives of ba and
bo. The parameter,t, denotes the current time, while bta and bto denote the cur-
rent values of the learning parameters. The parameters ∇bta and ∇bto, denote
the gradients of the loss functions, flossppaq and flossppoq , with respect to bta
and bto are calculated using Equations 3.32 and 3.33. Parameters γta and γto
are learning rates and can be defined as functions of flossppaq and flossppoq.

bt`1
a “ bta ´ γ

t
a ˆ Obta (3.30)

bt`1
o “ bto ´ γ

t
o ˆ Obto (3.31)
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Obta “
Bflossppaq
Bbta

(3.32)

Obto “
Bflossppoq
Bbto

(3.33)

Equation 3.34 and Equation 3.35 define the loss functions, which are functions
of pa and po, and are calculated using Equation 3.36 and Equation 3.37. Here,
w1a, w2a, w3a and w1o, w2o, w3o are weights that correspond to SANs of AMYG
and ORBI, respectively.

flossppaq “
‖ pa ‖2

Nu
(3.34)

flossppoq “
‖ po ‖2

Nu
(3.35)

pa “ w1ara ` w2aru ` w3a (3.36)

po “ w1oro ` w2oru ` w3o (3.37)

As discussed, LSE is also used to update the learning parameters for BE-
LiMs, in particular the linear parameters of adaptive networks, e.g. the conse-
quent parameters of an ANFIS or the weights of the feedforward connections
of SANs. Here, I explain how LSE is used to update the weights of an ANFIS.

LSE to update the consequent parameters of an ANFIS

It is assumed that the functionalities of BL in AMYG, CM in AMYG and MO
in ORBI have been implemented by ANFISes (see Figure 3.11). The linear
learning parameters (these parameters correspond to the nodes of the fourth
layer of the ANFISes) for the ANFIS in BL, the ANFIS in CM and the ANFIS
in MO can be referred to as qBLa , qCMa and qMO

o , respectively. The elements of
these three vectors can be represented by Equations 3.38, 3.39 and 3.40. Here,
KBL equals mnBL

BL and denotes the number of square nodes in the ANFIS in
BL. Note that KCM and KMO equal mnCM

CM and mnMO

MO , respectively. They
denote the number of square nodes in the ANFISes in CM and MO. Here,
subscripts nMO, mMO denote the dimension of the input vectors and the
number of membership function for each dimension in MO, respectively.

qBLa “ Y
KBL
j“1 tq

BL
jl u

nBL`1
l“1 (3.38)

qCMa “ Y
KCM
j“1 tq

CM
jl u

nCM`1
l“1 (3.39)

qMO
o “ Y

KMO
j“1 tq

MO
jl u

nMO`1
l“1 (3.40)
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The above equations are utilised for one input vector from the training data
samples. However, for all inputs from the training data set, with Nu samples,
inputs and outputs of an ANFIS BELiM can be defined as a matrix. For the
above example, ABL

a , ACM
a and AMO

o are related to the inputs of BL, CM
and MO, respectively. They are formulated as in Equations 3.41, 3.42 and 3.43,
respectively.

ABL
a “

»

—

—

—

—

–

thMAXMIN
1 S1 1
. . .
. . .
. . .

thMAXMIN

Nu
SNu

1

fi

ffi

ffi

ffi

ffi

fl

(3.41)

ACM
a “

»

—

—

—

—

–

ra1 ro1 1
. . .
. . .
. . .

raNu
roNu

1

fi

ffi

ffi

ffi

ffi

fl

(3.42)

AMO
o “

»

—

—

—

—

–

s1 1
. .
. .
. .

sNu
1

fi

ffi

ffi

ffi

ffi

fl

(3.43)

Using the above matrices, the LSE updates the linear parameters, qBLa , qCMa
and qMO

o , using Equations 3.44, 3.45 and 3.46. Here, ra, ro and rf are vectors.

qBLa “ pABLT

a ABL
a q

´1
ABL
a ra (3.44)

qCMa “ pACMT

a ACM
a q

´1
ACM
a rf (3.45)

qMO
o “ pAMOT

o AMO
o q

´1
AMO
o ro (3.46)

It should be noted that the learning parameters for BELiMs, linear as well as
nonlinear, can be updated using one of the following options:

1) All parameters can be adjusted using SD.

2) The nonlinear parameters can be adjusted using SD and the linear pa-
rameters can be adjusted using LSE. Indeed, these two options differ in terms
of time complexity and prediction accuracy. Using SD to adjust all learning
parameters causes an increase in training time for BELiMs, but it can increase
the accuracy of the predicted results. Hence, a ‘trade-off’ between high accu-
racy and low computational time must be considered in choosing a feasible
method.
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3.3.2 Second Learning Phase

The second learning phase begins when an input vector from the unseen data
sets, iεI c, is sent to a BELiM. During the second learning phase, the nonlinear
parameters of AMYG and ORBI are updated by using SD algorithms that
minimise the loss functions, which are defined on the basis of the punishment
functions pa and po. Note that in this phase, pa is equal to Equation 3.47.
Other steps are similar to the steps that have been used for the first learning
phase.

pa “ w1ara ` w2aru ` w3ara (3.47)

As mentioned, the nonlinear learning parameters of BL in AMYG and MO
in ORBI are determined using two vectors, ba and ba.As discussed earlier,
gradient descent-based learning algorithms have been used to find the optimal
values of the nonlinear learning parameters, i.e. to minimise the loss functions
that have been defined on the basis of the punishment functions. Note that the
learning algorithms of BELiM are mainly based on the SD, which is a simple
method for finding a minimum value. In addition, SD has a linear memory
complexity and a linear computational time complexity(i.e, linear in terms of
grorwing linearly with the number of variables). Nevertheless, this method has
some disadvantages: it converges slowly and it is possible for it to get stuck in
a local minimum.

A BELiM can be considered to be a network of adaptive networks. The
Universal Approximation Theorem states that a feedforward network that has
a single hidden layer with a finite number of hidden neurons and with arbitrary
activation functions is a universal approximate in CpRmq. Each feedforward
adaptive network of a BELiM is a universal approximator in CpRmq. In other
words, considering an adaptive network with one hidden layer and n nodes with
arbitrary functions as ϕp.q, the output function for receiving an input vector
such as X can be defined as AnfpXq, which can be defined as AnfpXq “
řn
i“1 wiϕp

řm
j“1paijxj ` bjqq. Thus, it is possible to find a matrix of weights

that provides an output that is close to target. As mentioned in Equation (3.6),
the function of BELiMs is a composite function of the functions of adaptive
networks. So the function of BELiMs can be written in this form: AnfpY q “
řn
i“1 wiϕp

řm
j“1paijyj` bjqq, in which Y “

řn
i“1 wiϕp

řm
j“1paijxj` bjqq. It can

thus be concluded that BELiMs are also universal approximations when their
adaptive networks are feedforward adaptive networks.
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3.4 Conclusion

This chapter described one significant group of Emotion-inspired Computa-
tional Intelligence (EiCI) models, which have been developed to be used as
prediction models for time series, classification models and identification sys-
tems. The EiCIs of this chapter described the theoretical aspect of developing
BELiMs and how the emotional system in the mammalian brain that is re-
sponsible for processing fear-induced stimuli inspired the general structure of
BELiMs.

As discussed, the general structure of BELiMs consists of several parts,
with each part corresponding to one region of the neural structure of fear con-
ditioning. It should be noted that the general structure of BELiMs is based on
the neural structure of emotion and has been inspired by the way the brain
detects and evaluates emotional stimuli and eventually produces emotional re-
sponses. I also illustrated how the function of a BELiM can be implemented
based on adaptive networks. It discussed how different variations of BELiMs
can be developed by assigning different adaptive networks to different parts, as
in Figure 3.7. Hence, depending on the type of adaptive network used, it is pos-
sible to develop diverse classes of BELiMs. For example, the Brain Emotional
Learning Fuzzy Inference System (BELFIS) is developed based on feedforward
adaptive networks. Another variation of BELiMs, Brain Emotional Learning
Recurrent Fuzzy Inference System (BELRFS) merges feedforward and recur-
rent adaptive networks. Table 3.1 surveys how each variation of BELiM is
formed by assigning different adaptive networks to the different parts of the
BELiM. In addition to the above architectural variations, this chapter defined
how the learning parameters of a BELiM can be adjusted using a hybrid learn-
ing algorithm.

It should be mentioned that BELiMs differ from neural networks and
neuro-fuzzy models regarding their general structure, function and learning
algorithms. Moreover, the interconnections between different parts of a BE-
LiM have been copied from, and are based on, adjacencies of corresponding
regions of the brain that have a role in providing responses to fear-induced
stimuli. Each part can be implemented by assigning an adaptive network, so
the functionality of each part depends on the function of its adaptive network.
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Table 3.1: The specification of different BELiMs
Learning
Algorithm

Specification
TH

(MAXMIN, AGG) CX AMYG
(BL, CM)

ORBI
(MO, LO)

BELFIS SAN,SAN SAN ANFIS,
ANFIS,SAN

ANFIS
SAN

BELRFS SAN,SAN SAN RANFIS,
ANFIS,SAN

ANFIS
SAN

It should be noted that the structure of BELiMs can be modified by
considering more details of the neural structure of fear conditioning. The func-
tion of BELiMs can also be improved by considering other types of adaptive
network and other learning algorithms. Even though the number of learning
parameters of a BELiM is greater than that of each of its underlying adaptive
networks, this does not have a significant effect on the model complexity of
BELiMs. This is because a BELiM takes advantage of using a modular struc-
ture and each module has its own input vector and its own output vector, as
well as its own learning parameters and learning algorithm. Thus, the learning
parameters are divided into several sets, and each set is adjusted separately.





Chapter 4

Application Aspects of
BELiMs

Computational intelligence models have applications in predictions of time
series, classification, system identification and optimization etc. BELiMs as a
new class of computational intelligence paradigms can be utilized for the above
applications. The basic procedure of most machine learning applications can be
defined based on prediction tasks, e.g. real time-series prediction and classifi-
cation. Thus, in this chapter, I have focused on presenting experimental results
of BELiMs (EiCI models that have been developed for time series prediction
and classification) for time series prediction, nonlinear system identification
and classification. As reported in my publications [65], [69], [68], [67] and [73],
BELiMs have been extensively examined on prediction benchmark time series
such as Lorenz time series [65] and [69], Henon map [68], Ikeda time series
[67], sunspot number [65], [69] and [73], AE index [66], and Dst index [72].
Different classification benchmark data sets have been used to test a variation
of BELiMs as a classification model [65] and [70]. The objective of this chapter
is not to present all the results of the above studies. In contrast, it only focuses
on showing the capability of BELiMs in solving different types of problems,
such as short-term prediction, long-term prediction, peaks prediction, recursive
prediction and prediction of data samples that contain noise. The objective of
presenting such experiments is to show the performance of BELiMs regarding
accuracy, robustness, and model and computational complexity. It should be
noted that in some examples I have focused on only one variation of BELiMs
(e.g. BELFIS or BELRFS) and compared that BELiM’s results with the re-
sults of its underlying adaptive network (e.g. ANFIS). In other examples, I

81
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have tested different variations of BELiMs and compared results to see which
is most suitable for the specific problems.

4.1 Time Series Prediction

A time series can be represented by a set of samples as Equation 4.1, where
each sample has been recorded at a time tj .

xj “ rxptj ´ pD ´ 1q4q..., xptj ´4q, xptjq;xptj `4qs (4.1)

The time series is considered as a discrete time series if it is sampled over
a discrete set of time instances, or it can be a continuous time series if it
is recorded continuously over some time interval. The main hypothesis for
predicting time series is that the current value is dependent on previous values.
One main step in predicting real time series is providing a state vector, xj , or
reconstructing a time series using data samples as in Equation 4.1.

Here, xptjq, tj , 4 and D denote a sample of the data set, a point in
time, the prediction horizon, and the embedding dimension (that determines
the number of samples of data sets that can be mapped to reconstruct one
state vector of the time series), respectively. One well-known technique to
determine the embedding dimension is Takens theorems [85], which simply
states that the embedding dimension can be estimated on the basis of the
fractal dimension of a time series. The fractal dimension determines the degree
of chaos [95]. Explaining about Taken’s theorems and the fractal dimension is
behind the scope of the thesis. Here, I just explain that to define the predictable
horizon step of a chaotic system, the chaos degree of the reconstructed time
series should be calculated. One method to do this is determining the fractal
dimension [95], it is based on the correlation dimension of the constructed state
vectors of time series.

Time series prediction has applications in a variety of areas of science and
technology, e.g. economics, astrophysics, healthcare and welfare services [37].
One main class of time series prediction problems is real time series prediction
such as the prediction of sunspot numbers. In this chapter, I focus on two types
of time series, artificial time series, e.g. Lorenz time series, and real time series,
e.g. sunspot number. The aims of several of the experiments in this chapter are
to evaluate the performance of BELiMs in terms of accuracy, robustness, model
complexity and online adaptation. To do so, I have considered the following
performance measurements: normalized mean square error pNMSEq Equation
4.2, normalized root mean square error pNRMSEq Equation 4.3, root mean
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square error pRMSEq Equation 4.4, correlation coefficient Equation 4.5 and
average percentage error Equation 4.6.

NMSE “

řNu

j prfj ´ rjq
2

řNu

j prj ´ rjq2
(4.2)

NRMSE “

g

f

f

e

řNu

j prfj ´ rjq
2

řNu

j prj ´ rjq2
(4.3)

RMSE “

g

f

f

e

Nu
ÿ

j

prfj ´ rjq
2 (4.4)

prfj ,rj “
covprfj , rjq

σrfj σrj
(4.5)

APE “
1

Nu

Nu
ÿ

j

| rfj ´ rj |

rj
ˆ 100 (4.6)

Here,rfj , rj and Nu are referred to as the predicted values, desired values and
the number of samples in the test data set, respectively. Parameter rj is the
average of the desired values.

4.1.1 Real Time Series

A good example of real time series is the sunspot time series which is based
on the number of sunspots, i.e. one index of solar activity. Solar activity is an
important space weather phenomenon which has been defined as the changes
in the space environment between the Earth and Suner. Solar activity that
includes active transient and long-lived phenomena on the solar surface, such
as sunspots [31], [96] and [96], affects Earth’s atmosphere which in turn causes
harmful effects on satellites in low Earth orbit, high-frequency communica-
tions and global positioning systems (GPS) [96]. The activity of sun is also
one reason for geomagnetic storms which disturb the Earth’s magnetosphere
and also cause harm to ground-based communication, the electricity power
network etc. Therefore, developing warning and alert systems for solar activi-
ties is essential in order to prevent these harmful effects [31], [96] and [96]. The
National Oceanic and Atmospheric Administration’s (NOAA) Space Weather
Prediction Center has stated that “monitoring and forecasting solar outbursts
in time to reduce their effect on space-based technologies have become new
national priorities” [31], [96] and [96].
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The Sun’s activity and geomagnetic storms can be measured by different
indices such as sunspot numbers, the Auroral Electrojet index (the AE index),
the Disturbance storm time index (theDst index) and so forth. In the following
I briefly explain each index and the designed experiments for predicting each
index.

4.1.2 Sunspot Numbers

One method to forecast solar activity is to predict the number of sunspots,
which are "cool planet-sized areas on the Sun where intense magnetic loops
poke through the star’s visible surface" [2]. Sunspot numbers (SSN) are well-
known indicators of solar activity; the number is quasi-periodic and the period
is referred to as a solar cycle. Figure 4.1 shows eleven solar cycles, viz., solar
cycle 14 to part of solar cycle 24.
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Figure 4.1: Sunspot numbers of solar cycles 14 to 24.

Yearly sunspot numbers has been recorded since 1700. Yearly sunspot
number has been calculated based on the daily sunspot number which is cal-
culated using R “ 10Ng ` Ns, here Ng is the number of spots and Ns is the
number of groups counted over the entire solar disk. Since 1981, the Royal
Observatory of Belgium is the Sunspot Index Data Center and is responsible
to record the daily, monthly and yearly Sunspot numbers. SunSpot Number
(SSN) time series is constrcuted using sunspot numbers as it has been indicated
in Equation 4.7. Here, t denotes a point in time, 4 denotes the step ahead (in
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the yearly sunspot numbers, 4 indicates year ahead), and D determines the
embedding dimension that shows how D samples of sunspot numbers can be
mapped to provide one state vector. The elements of a state vector up to t is
used to predict the sunspot values at t`4.

rSSNpt´ pD ´ 1q4q..., SSNpt´4q, SSNptq;SSNpt`4qs (4.7)

Various Computational Intelligence (CI) models such as neural networks, neuro-
fuzzy methods and evolutionary-based methods [57], [26], [75], [3] and [53] have
been applied to predict SSN time series and to forecast cycle peaks. They have
shown reasonable abilities to predict SSN time series. However, their predic-
tion accuracies can be affected by their characteristics, e.g. computational and
model complexity. Most CI models suffer from high time complexity (this can
be measured based on the number of iterations that are needed, the con-
vergence time of the optimization method of the learning model, the time
required to adjust the learning parameters) and high model complexity (this
can be measured based on the number of learning parameters; if the number of
learning parameters has an exponential relation with the dimension of train-
ing samples, the model suffers from the curse of dimensionality). Note that
time and model complexity are worsened by employing them to predict future
values of a time series of a vast number of data samples and high dimensions.
In the case of a small number of data samples, most CI models, such as NFs
and NNs, suffer from under-fitting issues and fail to predict the time series.

By considering the above discussion, the motivations behind testing BE-
LiMs for predicting the number of sunspots can be expressed as four points.
The first motivation is to utilize BELiMs to develop alert systems to predict
solar maximum, which is a challenging forecasting problem. The second mo-
tivation is to measure the performance of BELiMs to predict the behavior of
the Sun’s activity, which can be considered as a chaotic natural system. The
third motivation is to provide comparable results for predicting sunspot num-
ber time series, which has been commonly used as a benchmark time series.
The fourth reason is to determine to what extent BELiMs can successfully
address the model and computational complexity of former CI models.

4.1.3 Auroral Electrojet Index

The Auroral Electrojet index (the AE index), which measures magnetic ac-
tivity within the auroral zone [50], has been proposed for use as a global
quantitative index to characterize the magnetosphere’s geomagnetic activities
and geomagnetic sub-storms. It has been stated that geomagnetic storms can
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occur at the peak points of the AE index. The AE index is one important
index to predict geomagnetic storms and sub storms [50]. In this chapter, dif-
ferent variations of BELiMs are examined for predicting the AE index in order
to verify the capability of BELiMs to predict peak points.

4.1.4 Disturbance Storm Time Index

The disturbance storm time index, the Dst index, defined by Bruce Tsuru-
tani, is another important index of geomagnetic storms [36] and [97]. A geo-
magnetic storm that disturbs magnetosphere of Earth occurs when the solar
wind changes the currents in Earth’s magnetosphere. For example, a ring of
westward current around Earth causes magnetic disturbances on the ground.
The disturbance storm time index can be utilized to measure the size of geo-
magnetic storms by counting "the number of solar charged particles that enter
the Earth’s magnetic field" [36]. It has been stated that geomagnetic storms
can occur when the Dst index reaches a minimum point. For example, for
the super storm that occurred in March 1989 (it occurred during solar cycle
22), the value of the Dst index on the 13th of March 1989 reached ‘-589 nan-
otesla pnT q’. It was an harmful geomagnetic storm and caused severe damage
to Quebec’s electricity power system [1]. Geomagnetic storms damage both
ground-based and space-based equipment, e.g. power grid and ground-based
telecommunication lines or spacecraft [88]. Thus, it is important to accurately
predict the intensity of geomagnetic storms some hours in advance in order to
be able to reduce the extent of damage to technical systems. Therefore, I have
applied different variations of BELiMs to predict a data set of the Dst index
in order to verify the capability of BELiMs to predict geomagnetic storms by
predicting peak points and detecting their minimum values.

4.1.5 Artificial Time Series

The value of x variable of the Lorenz equation has been considered as artificial
data samples of this section. The values have been extracted from the Lorenz
equation that has been mentioned in [25]. Figure 4.2 shows the values of x
variables of the Lorenz equation. It has been used for benchmarking both long-
term and short-term prediction by different methods, e.g. neural network and
neuro-fuzzy methods [83], [11], [78], [56], [30] and [5]. Due to the popularity of
time series based on x values of the Lorenz equation, in this chapter I present
the results of BELiMs for both long-term and short-term predictions of Lorenz
time series. In [69], I provided a comparison between the results of a variation
of BELiMs and other well-known methods.



4.1. TIME SERIES PREDICTION 87

Figure 4.2: The values of variable x with the initial values as x “ ´15 over 60 seconds.

4.1.6 Short-Term Prediction

As was mentioned, the time series prediction problem deals with forecasting
future values of the time series by utilizing the previous and the current values
of the time series. If a black box data-driven model is used as the prediction
model, the input vector is a combination of the previous and current values of
the time series, and the output vector is the future values of the time series.
One common way to evaluate a learning model is to examine it for predicting a
short-term horizon of time series (one-step ahead prediction). Most CI models,
NNs and NFs, provide acceptable results in predicting short horizon of time
series. It is therefore interesting to examine BELiMs for short-term prediction
of time series and to verify that BELiMs can be considered to be short-term
prediction models. In this section, I show the results of different variations of
BELiMs (e.g., BELFIS or BELRFS) for the short-term prediction of two time
series, first monthly sunspot numbers and second a time series of values of
the Lorenz equation. I compare the performance of BELiMs with ANFIS as a
powerful model of NFs.
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The first example is related to the use of BELFIS, BELRFS and ANFIS
to predict the short-term of smoothed sunspot number. For this purpose, these
methods are trained by sunspot numbers from 1834 to 1918 and then tested for
one month ahead in time to predict monthly sunspot numbers between 1918
and 2000. The NMSE results obtained from BELFIS, BELRFS and ANFIS are
4.6e-4, 6.6e-4 and 7.7e-4, respectively. Thus BELRFS and BELFIS are more
accurate than ANFIS in this prediction task. The graphs in Figure 4.3 and
Figure 4.4 present the predicted values of BELFIS and BELRFS and verify
that these two methods are able to predict the short-term horizon of sunspot
numbers when there is a large number of training samples and the horizon of
prediction is short.

Figure 4.3: Predicted values for the monthly sunspot number from 1918 to 2000 using
BELFIS (the red curve).
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Figure 4.4: Predicted values for the monthly sunspot number from 1918 to 2000 using
BELRFS (the blue curve).

The second example of this part is the time series that has been con-
structed on x values of the Lorenz equation. This part describes the results
of applying two variations of BELiMs, BELRFS and BELFIS, to predict data
samples from the 30th second to the 55th second. The first 1500 samples are
considered as the training data samples (see Figure 4.5) and the remaining
samples are chosen as the test samples. Figure 4.6 describes the values pre-
dicted by BELFIS and verifies that these methods are suitable for predicting
the short term of an artificial time series. The NMSE errors obtained with
BELFIS and BELRFS are 4.4e-10 and 5.11e-10, respectively.

4.1.7 Long-Term Prediction

Long-term prediction (multi-step ahead prediction) [94] of real time series
is often an interesting and challenging task. It is an interesting prediction
problem, because, predicting the behavior real systems (solar activity) in long
term future would be useful (e.g., to mitigate solar activity’s damages). In
contrast, it is a challenging task, because, there is a limitation in the number
of real data samples that causes the lack of information, moreover, the real data
samples are contaminated by the noise that raises uncertainty. A good example
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Figure 4.5: Training data samples of X values of Lorenz.

of long-term prediction is multi-year ahead prediction of yearly sunspot time
series that have less than 400 samples. Most CI models suffer from high model
complexity; that is why there are not successful models to predict a long step
ahead of real time series with a small number of data samples. In the case that
the horizon of prediction is long, a CI model with a high model complexity
needs a large number of training samples to reach to its optimal structure.

In the case that the number of training samples is small (e.g. yearly
sunspot numbers), the CI model fails to accurately predict long-term ahead of
a time series. The examples in this section aim to evaluate the performance of
BELiMs in long-term prediction.

The first case is related to examining BELFIS and BELRFS on different
data sets of monthly sunspot numbers, and the results are compared with the
results of ANFIS. The second example is related to the use of two variations
of BELiMs (BELRFS and BELFIS) to predict a long step ahead (ten steps
ahead) of the time series that has been reconstructed based on x values of
Lorenz equations.
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Figure 4.6: Predicted values by BELFIS(red dashed lines) versus the observed values.

The first example examines BELFIS and BELRFS to predict a long-term
step ahead of smoothed monthly sunspot number (The smoothed monthly
number can be obtained "from an averaging of monthly mean values over the
13 months, from 6 months before to 6 months after a base month" [13]). I have
selected monthly sunspot numbers from 1700 until May 2007 and used them
to train BELRFS and BELFIS. The models are then tested to predict five
and ten months in advance of sunspot numbers from May 2007 to September
2014. The errors obtained and the correlation coefficients of BELFIS, BELRFS
and ANFIS are listed in Table 4.1. I have also shown the results of BELFIS
and BELRFs for a one month ahead prediction and compared these with the
results of ANFIS. As can be observed, BELFIS is more accurate than the
two other methods. The graphs in Figure 4.7 describe the values predicted
by BELFIS for five months ahead prediction of Lorenz time series. As can be
observed, BELFIS can predict all of the points very well. Figure 4.8 shows
how the values of NMSE obtained using BELFIS and ANFIS change when the
horizon of prediction is increased. As expected, an increase in the horizon of
prediction causes a rise in values of the NMSE error of BELFIS and ANFIS,
but it is important to note that the NMSE indices of BELFIS are lower than
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of ANFIS. Figure 4.8 verifies that BELFIS performs better than ANFIS in
long-term prediction.

Table 4.1: Examining different methods on monthly sunspot numbers.

Learning Model Specification
Prediction horizon Correlation NMSE

BELFIS One month 99.7 4.7e-3
BELFIS five months 97.0 5.2e-3
BELFIS Ten months 87.0 2.8e-1
BELRFS One month 99.0 4.8e-3
BELRFS Five months 97 5.5e-2
BELRFS Ten months 73 4.9e-1
ANFIS One month 99.0 4.9e-3
ANFIS Five months 96 6.7e-2
ANFIS Ten months 74 4.6e-1

Figure 4.7: Predicted values for the monthly sunspot number from 1918 to 2000 using
BELFIS (the red curve).
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Figure 4.8: The NMSE indices of BELFIS and ANFIS for different prediction horizons of
monthly sunspot numbers for multi-step ahead prediction.

As the second example, BELRFS are tested for multi-step predicting of
Lorenz time series. The data sample is chosen from the 30thsecond to 55th
second. The first 1500 samples are considered as the training data samples
and the remaining 1000 samples are selected as the test samples. The aim
of this example is to show that the BELRFS has the capability to achieve
highly accurate results for both short and long term prediction of Lorenz time
series. Figure 4.9 shows the NRMSEs that are obtained from using BELRFS
and ANFIS for multi-step-ahead prediction of Lorenz time series. For short
term prediction the NRMSE of BELRFS and the neuro-fuzzy method are
approximately equal. While for long-term prediction, the NRMSE of BELRFS
is much lower than for the neuro-fuzzy method.
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Figure 4.9: Predicted values for the monthly sunspot number from 1918 to 2000 using
BELFIS (the red curve).

4.1.8 Predicting Peaks

Forecasting peak points is one important aspect of prediction of time series.
The peak points in a time series have valuable information. For example, the
peaks of sunspot numbers show that there is an increase in solar activity and
geomagnetic storms. The peaks in the AE index and Dst index are associated
with occurring sub-geomagnetic storms and storms, respectively. The examples
in this part aim to evaluate the performance of BELiMs in predicting peaks
and determine whether BELiMs are suitable for developing alert systems for
space weather phenomena. The examples include: predicting solar maximum,
maximum values of the AE index and minimum values of the Dst index.

The first example examines the capability of BELFIS to predict solar
maxima of solar cycles 16 to 24 by using a small number of training samples.
The results have shown that BELFIS successfully predicts solar maxima of all
solar activity, and its NMSE equals 0.1348. Table 4.2 compares the NMSEs
of BELFIS and ANFIS, and the number of rules and iterations in both mod-
els. As Table 4.2 indicates, the number of rules in BELFIS is four times the
number of rules in ANFIS, but the number of iterations in BELFIS is smaller
than in ANFIS. It shows the interesting characteristics of BELFIS, which is a
combination of three ANFISs with low model complexity. Figure 4.10 depicts
the predicted values from solar cycles 16 to 24 using BELFIS. It is interesting
to note that BELFIS can predict the solar maximum of solar cycles 16, 23 and
24 in advance and that of other solar cycles on time. For solar cycle 19, the
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predicted peak has a delay. Figure 4.11 describes how well the values predicted
by BELFIS coincide with the observed values of sunspot numbers.

As was mentioned in Chapter 2, the computational complexity of a learn-
ing model is an important performance measure that can be counted based
on the number of iterations necessary to reach a specific generalization error.
As can be observed in Table 4.2, for BELFIS, the number of iterations that is
needed to achieve a specific error is 85 iterations. This is less than the num-
ber of iterations that are required for ANFIS. Thus, this example verifies that
BELFIS can be considered a model with low computational complexity.

Table 4.2: Comparison between BELFIS and ANFIS on predicting yearly sunspot numbers
from solar cycle 16 to 24.

Learning Model Specification
Number rules(Number of iterations) Time(Sec) NMSE

BELFIS 16rules(85) 0.37s 0.1348
ANFIS 4rules(300) 0.41s 0.1518
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Figure 4.10: Predicted values of the yearly sunspot number for solar cycle 16 to 24 using
BELFIS (red dashed lines). The maximum error obtained is equal to 17.37 and it is related
to solar cycle 18. The minimum absolute error is equal to 0.135 and it is related to solar
cycle 19.
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Figure 4.11: The correlation between predicted values and the observed values. The blue
line assumes that the correlation between the observed values and predicted values is one.
The dashed black line shows the real correlation between the observed values and the pre-
dicted values. The correlation coefficient is 0.9357.

Table 4.3 lists the predicted values of the solar maxima and the absolute
errors. As can be observed, the minimum error equals 0.1363, which is related
to solar cycle 19, and the maximum error equals 17.37 and is related to solar
cycle 18.

As another example, BELFIS and BELRFS are examined in predicting
maximum points of the AE index, which is mostly recorded by minutes. The
AE index of the 9th of March 1992 has been tested by BELFIS and BELRFS
for multi-minutes ahead. Two training data sets were chosen to train these
models. The first is the AE index of the first seven days of March 1992, which
is depicted in Figure 4.12. The second is the AE index of the 7th of March
1992 (see Figure 4.13). The objective of choosing two training data sets is to
investigate whether BELFIS and BELRFS can make accurate predictions with
a small number of training samples. In the case that the number of training
samples is small, most learning models suffer from the under-fitting issue.
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Table 4.3: The absolute error of predicting solar maxima.

Solar cycle Specification
Solar maximum Predicted Value Absolut error

16 77.8 80.1 2.3
17 114.4 115.9 1.5
18 151.6000 134.2211 17.3789
19 190.2 190.33 0.1363
20 105.9 113.35 7.4539
21 155.4 142,70 12.6919
22 157.6 143.28 14.3179
23 119.6 103.10 16.4940
24 78.9 90.6 11.7

Figure 4.12: The AE index of seven days of March 1992.
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Figure 4.13: The AE index of 7th day of March 1992.

As the first example, the training data set of the AE index of seven days
of March 1992 is selected to train both BELFIS and BELRFS. The predicted
values of the 9th March 1992 and the observed values are depicted in Figure
4.14 and Figure 4.15. As can be observed from those figures, both BELRFS
and BELFIS can accurately predict the peak points of the AE index. Figure
4.16 compares the performance of BELFIS and BELRFS in predicting peaks.
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Figure 4.14: The predicted values of the AE index of the 9th March 1992 using BELFIS.
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Figure 4.15: The predicted values of the AE index of the 9th March 1992 using the
BELRFS.
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Figure 4.16: The predicted values of the peak points using BELFIS and BELRFS.

As the second example, the training data samples are chosen from the AE
index of the seventh day of March 1992. The values predicted by BELFIS and
BELRFS are depicted in Figure 4.17 and Figure 4.18. As can be observed in
the graphs, these two models are successful in predicting the peak points of
the AE index. By comparing Figures 4.17 and 4.18, it can be observed that,
when a small number of training samples is used, the performance of BELFIS
and BELRFS decreases, although they can still predict the peaks with an
acceptable NMSE.
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Figure 4.17: The predicted values of the AE index, by using BELFIS
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Figure 4.18: The predicted values of the AE index, by using BELRFS

Table 4.4 lists the results of ANFIS and BELFIS for predicting AE values
one minute ahead, with a small number of training samples. It is reasonable
that by decreasing the number of training parameters, the obtained NMSE of
BELFIS increases, but it is still acceptable and is less that the obtained NMSE
of ANFIS.

Table 4.4: Comparison between three methods for predicting the AE index on 9th of March
1992.

Method Different Methods
NMSE Correlation Average of error

BELRFS 0.1169 0.9931 21.6
BELFIS 0.1161 0.9934 21.5
ANFIS 0.1188 0.9934 22.3

As another test, using the first training data set, BELFIS is tested to pre-
dict one, five and ten minutes ahead of the AE index of the ninth of March 1992.
Table 4.5 compare the NMSE indices, correlation coefficients and the average
percentages of error for multi-minutes predictions of the AE index. As can be
seen in the table, by increasing the horizon of prediction, the NMSE increases;
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Table 4.5: The NMSE of BELFIS for multi-minutes ahead prediction.

Prediction horizon Different Methods
NMSE Correlation Average of error

One 0.0125 0.9922 10.2
Five 0.0409 0.9807 15.48
Ten 0.3659 0.8009 31.79

however, BELFIS could provide acceptable results when it was tested for pre-
dicting the AE index ten minutes ahead. Figure 4.19 and Figure 4.20 show
the predicted values versus the observed values and the correlation between
the observed values and predicted values for the one minute ahead prediction.

Figure 4.19: The predicted values of the one minute ahead prediction of the AE index,
using the BELFIS.
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Figure 4.20: The correlation between one minute ahead predicted values by BELFIS and
observed AE values. As it can be seen the correlation is 0.99, so it can be expected that the
differences between the black dashed line and the solid blue line would be small.

The graph in Figure 4.21 depicts the values predicted by BELFIS for five
minutes ahead prediction, while Figure 4.22 shows the correlation between the
values predicted by BELFIS and the observed values. It can be observed that,
by increasing the prediction horizon, the correlation between the predicted
values and observed values decreases.
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Figure 4.21: The predicted values versus the observed values.
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Figure 4.22: The correlation between the five minutes ahead predicted AE values, using
BELFIS, and the observed values. As it can be seen the correlation is 0.98, so it can be
expected that the differences between the black dashed line and the solid blue line would
not be too small. Looking at the red graphs in Figure 4.21, it can be seen that, for minutes
under 800, the predicted values are similar to the observed values, so in the regression plot,
for these minutes, the black dots are close to the black dashed line.

The graph in Figure 4.23 depicts the values predicted by BELFIS for ten
minutes ahead prediction, while Figure 4.24 shows the correlation between the
values predicted by BELFIS and the observed values. As can be seen in Figure
4.23 the correlation is 0.80, so it can be expected that the differences between
the dashed black line and solid blue line would be larger. Looking at the red
graph, it can be seen that for one of the peaks, the predicted value is close
to -600, so in the regression plot, the minus values can be mentioned in both
axes. For positive values and when the minutes are under 800, the predicted
values are similar to the observed values, so in the regression plot, for these
minutes, the black dots are close to the dashed black line. It can be seen that,
by increasing the prediction horizon, BELFIS cannot accurately predict all AE
values, but the results for peaks are still acceptable.
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Figure 4.23: The predicted values versus the observed values.
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Figure 4.24: The correlation between the values predicted by BELFIS and the observed
values.

The graphs in Figure 4.25 show when the horizon of prediction increases
the prediction error (NMSE) increases. When the number of prediction steps is
smaller than five, the results of ANFIS and BELFIS are similar, but BELFIS
has the capability to provide more accurate results than ANFIS when the
number of prediction steps are larger than five.
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Figure 4.25: The obtained NMSE indices for BELFIS and ANFIS.

The third example of evaluation of the performance of BELiMs on peaks
is related to data samples of the Dst index. Here, I evaluate BELiM’s perfor-
mance in terms of accuracy by examining them on the Dst index that can be
downloaded from the World Data Center for Geomagnetism, Kyoto, Japan.
The data set is related to the Dst index of the super storm that occurred in
March 1989. The value of the Dst index on the 13th of March 1989 reached
"-589 nanotesla (nT)". Figure 4.26 depicts the hourly Dst index during 333
days from January 1988 to the end of 1988. Figure 4.27 describes the hourly
Dst index from March 1989.
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Figure 4.26: The Dst values of 333 days, starting January1988.
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Figure 4.27: The Dst values of March and April 1989.

As was mentioned earlier, BELFIS is tested to predict the Dst index
of 30 days of March 1989, which is related to one of the harmful geomagnetic
storms. It occurred during solar cycle 22 and caused severe damage to Quebec’s
electricity system. Figure 4.28 describes the values of the Dst index predicted
by BELFIS. Figure 4.29 shows the correlation between the predicted values and
the observed values, while Figure 4.30 depicts the values predicted by ANFIS.
It can be observed that BELFIS is more accurate than ANFIS in predicting
the minimum value of the Dst index. The NMSE obtained by BELFIS equals
0.22 and the predicted value of the minimum DST index is -575.7405. This
means that BELFIS could predict that a geomagnetic storm would occur one
hour before it actually happened.
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Figure 4.28: Predicting the Dst index by BELFIS.
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Figure 4.29: The correlation between the observed values and the predicted values. As it
can be observed from the red graph, the predicted values are close to the observed values if
the values of Dst index are between -50 and -100. So in the regression plot, these values are
close to the dashed line.
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Figure 4.30: Predicting Dst Index by ANFIS.

4.1.9 Noisy Prediction

Time series that are extracted from real systems always include noise. Non-
smoothed sunspot number data is a good example of a real data set that
contains noise. The aim of this experiment is to verify that BELiMs can be
classified as a robust and have low sensitive against noise. Table 4.6 lists the
results obtained with different methods to predict both short-term (one month)
and long-term (three months) using noisy sunspot numbers, which means it
has not been smoothed by noise reduction methods. It verifies that BELFIS
and BELRFS are better than ANFIS in predicting data samples that contain
noise.

For the case related to testing non-smoothed monthly sunspot numbers
from May 1996 to September 2014, for predicting three months ahead, the
NMSE obtained by BELFIS is lower than the one of ANFIS, while, for short-
term prediction, the NMSE of ANFIS is slightly better than that of ANFIS.
Moreover, BELFIS predicts the values of two peaks of solar cycle 24 as 91.51
and 92.96, while ANFIS predicts those peaks as 93.32 and 95.68, which are
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Table 4.6: Comparison between BELFIS and ANFIS to predict nonsmoothed monthly
sunspot numbers

Learning Model Specification
Prediction horizon NMSE

BELFIS One month 0.168
BELFIS Three months 0.249
BELRFS One month 0.1330
BELRFS Three months 0.2694
ANFIS One month 0.164
ANFIS Three months 0.251

closer to the real peaks (96.7 and 102.3). For long-term prediction, the three
months ahead prediction, BELFIS is slightly better than ANFIS. Figure 4.31
describes the values predicted by BELFIS versus the real values of monthly
sunspot numbers. Figure 4.31) describes the values predicted by BELFIS ver-
sus the real values of monthly sunspot numbers. Both BELFIS and BELRFS
have the capability to predict non-smoothed sunspot numbers.

Figure 4.31: The predicted non-smoothed monthly SSN time series of solar cycle 24 using
BELFIS.
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Figure 4.32: The predicted non-smoothed monthly SSN time series of solar cycle 24 using
BELRFS.

4.1.10 Recursive Prediction

A powerful CI model should be able to provide acceptable results for use as on-
line learning method. The example in this part is used to verify that BELiMs
can perform acceptably as an on-line learning method. In this example, I have
applied BELFIS and BELRFS for recursive prediction of monthly sunspot
numbers. Recursive prediction means that the predicted value in each step
is fed to reconstruct the future values of a time series sample. To do so, the
sunspots from January 1999 to January 2001 are tested for recursive prediction.
First, the monthly sunspots time series from January 1986 to December 1998
is predicted by BELRFS and BELFIS. Then the results without any correction
are used to predict the sunspots of January 1999 to January 2011. The test
data include the peak of solar cycle 23; it has 120.8 sunspots and it occurred in
April 2001. The values predicted by the BELRFS are depicted in Figure 4.33.
The values predicted by the BELFIS are depicted in Figure 4.34. It can be
seen that BELRFS has the capability to accurately predict when the number
of sunspots of solar cycle 23 reaches to the maximum values.
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Figure 4.33: The recursive prediction of solar cycle 23 by BELFIS.
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Figure 4.34: The recursive prediction of solar cycle 23 by BELRFS.

Table 4.7 compares the NMSE of BELRFS and BELFIS when applied
for recursive prediction with the results of the studies in [25]. It shows that
BELRFS can be used as a reliable prediction model. Table 4.7 also states
that the results of BELFIS and ANFIS are very close to each other. Table 4.7
verifies that, for short-term prediction, one month ahead, the results of ANFIS
are better than those of BELRFS. However, BELRFS is better than the other
models listed, such as RBF (radial basis function).

Table 4.7: Comparison between BELFIS and BELRFS for recursive prediction.

Learning Model Specification
Predicted Peak Value NMSE

BELRFS 122.8 0.0313
BELRFS 122.0 0.032
ANFIS 122.2 0.030
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4.1.11 Examining Model Complexity of BELiMs

This experiment compares the model complexity of BELFIS and ANFIS. I have
chosen monthly sunspot numbers to complete this experiment. The bar charts
of Figure 4.35 shows how NMSE indices of BELFIS and ANFIS change when
the number of membership functions increases. By increasing the number of
membership functions, the NMSE indices of both BELFIS and ANFIS increase,
but the NMSE error of BELFIS is smaller than the NMSE error of BELFIS.
This figure shows that the number of membership functions and the number
of learning parameters of BELiMs is also larger than in ANFIS, but BELFIS
can reach a lower NMSE index by using a similar number of training samples
and similar iteration numbers. It indicates that BELFIS can address model
complexity issues by combining adaptive networks with low model complexities
that have its own learning algorithm and learning parameters.

Figure 4.35: The NMSE indices of BELFIS and ANFIS for different numbers of member-
ship functions. As mentioned, BELFIS consists of three ANFISs, here I have started with a
model that each ANFIS has two membership functions and gradually increased the number
of membership functions of each ANFIS.
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Important to notice is that, for ANFIS, I have increased the number of
membership functions from two to five, which causes, for an ANFIS with an
input vector with two dimensions, the number of rules to be 5, 8, 16 and 32.
But for BELFIS, which contains three ANFISs (see Figure 3.6) for BL and
CM of AMYG and MO of ORBI, I have increased the number of membership
functions of ANFIS of BL. In this case the total number of rules in BELFIS
and ANFIS can be changed according to Table 4.8.

Table 4.8: Comparison between BELFIS and ANFIS for model complexity.

Membership function Number of rules
BELFIS ANFIS

2 16 4
3 35 8
4 89 16
5 133 32

The number of rules for BELFIS is calculated according to Equation 4.8.
Here, m denotes the number of membership functions and n represents the
dimension of the input vector.

numberofrulesinBELFIS “ mn`1
BL `mn

MO `m
2
CM (4.8)

4.2 Classification

I have tested a model of BELiMs that is referred to as ELiEC (Emotional
Learning-inspired Ensemble Classifier) [70] to classify both multiclass and bi-
nary class benchmark data sets, which I have obtained from the University of
California, Irvine (UCI) machine learning repository. It should be noted that
each data instance has been normalized so that the values of the attributes
are scaled to the range [0,1] and, for each benchmark, the cross validation set
has the same size as the training data set. It should be mentioned that the
classification models have been tested several times and the results that have
been given here are the most accurate results. The performance of the classifi-
cation models is calculated using the average per class classification accuracy,
ηa, determined as Equation 4.9.

The parameter, n determines the number of classes and ηj indicates the
classification accuracy of class j. The test error determines the number of mis-
classified samples of the test set; the samples of the test data set are determined
by Ntest.
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ηa “
1

Ntest

n
ÿ

j“1

ηj (4.9)

“Iris data set” and “wine determination” are two well-known classification
benchmarks that have been categorized under the well balanced and multiclass
data sets. The iris data set, which has been examined by many classification
methods, consists of 150 samples, each with four features. It is a multiclass data
set and consists of three classes: iris Setosa, iris Versicolor and iris Virginica
[79] and [15].

As the first case study, 50 percent of the iris data set is randomly chosen as
the training data set, while the rest of the samples are considered as the test
data set. Table 4.9 compares the number of misclassifications using ELiEC,
a neuro-fuzzy based classification, and an MLP (multilayer perceptron). The
results indicate that, using ELiEC, the average number of test errors is equal
to 2.2, which is less than for the other two methods. As the second case, the
ELiEC classifies the iris set using 45 samples as the training data set.

Table 4.9: Comparison of the classificaion performance of ELiEC and other methods for
IRIS data set.

Method Specification
Structure Test error The number of training data

EliEC 15 neighbors 2.2 75
MLP [79] 12 4.6 75
NF [79] 6.3(average) 3.3 75

The wine data set is the second data set that is used to evaluate ELiEC.
This data set, which is also a multiclass and a well-balanced data set, is ob-
tained from the chemical analysis of some wines that are produced from various
cultivars in the same region of Italy. The sample of the data set consists of
13 features and can be categorized into three classes. Table 4.10 compares
the results of ELiEC and a method based on support vector machine (SVM)
[15]. In this experiment, we use 60 samples as the training data samples and
118 samples as the test data. It is observable that ELiEC has good results in
classifying this well-balanced data set.

As described in [70], the ELiEC is based on Wk-NN; thus, we compare
the results of ELiEC and pure Wk-NN for classifying the wine data set (see
Table 4.11). I also compare the ELiEC and Wk-NN to classify wine data with
two different structures. Table 4.11 shows, the classification accuracy of ELiEC
has no noticeable difference when the total number of neighbors of ELiEC’s
classifiers is only eight. However, when I define a lower number of neighbors
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Table 4.10: Comparison of the classificaion performance of ELiEC and other methods for
IRIS data set with 45 samples as training data and 105 samples as test data.

Method Specification
Structure accuracy training data

EliEC 16 neighbors % 99.02 45
ELiEC(normalized data set) 18 neighbors %96.24 60
SVM [15] —— %92.00 —-

for Wk-NN, its accuracy shows a significant decrease. The number of training
data is 60 samples.

Table 4.11: Comparison of the classificaion performance of ELiEC and other methods for
the WINE data set.

Method Specification
Structure accuracy training data

EliEC 18 neighbors % 96.24 60
ELiEC 8 neighbors %95.27 60
WK-NN 3 neighbors %95.40 60
WK-NN 18 neighbors %91.60 60

4.3 Identification

Nonlinear black-box modeling is one well-known problem in the machine learn-
ing community. Different models such as neuro-fuzzy-based, neural networks
and statistical-based methods have been applied to modeling nonlinear sys-
tems. According to [35], a solution for the nonlinear system identification prob-
lem tries to find a relationship between "past observations and future output"
[35]. Thus, if a system has input X “ txju

N
j“1 and output Y “ tyju

N
j“1a

solution can be defined as g can explain the function of the system using
ypt`1q “ gpxpt´1q, ypt´1qq`vptq. Here, vptq is the noise. Different methods
such as neuro-fuzzy models and neural networks have been tested to iden-
tify nonlinear systems [33]. This section presents the use of BELFIS to iden-
tify a benchmark nonlinear system with three inputs. The benchmark non-
linear system with three inputs, x, y, z was calculated according to Equation
4.10. The BELFIS was trained with the 216 samples selected from the range
r1, 6s ˆ r1, 6s ˆ r1, 6s and 125 samples selected as the test samples from the
range r1.5, 5.5s ˆ r1.5, 5.5s ˆ r1.5, 5.5s.

Output “ 1` px0.5 ` y´1 ` z´1.5q2 (4.10)
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BELFIS is tested to identify the benchmark nonlinear system, described
by Equation 4.10 and he results with BELFIS were comparable to those with
ANFIS. Table 4.12 shows the results, which indicate that BELFIS is slightly
accurate than ANFIS in modeling the nonlinear system of Equation 4.10.

Table 4.12: Comparison of two identification system.

Method Specification
Number of Learning Parameters Test error

ANFIS 35 4.6e-3
BELFIS 44 4.2e-3

Figure 4.36 depicts the 125 outputs of the nonlinear system when the
values x, y, z are chosen from the range r1.5, 5.5s ˆ r1.5, 5.5s ˆ r1.5, 5.5s of
values obtained for the system when the input vector is chosen from the test
samples and the values are obtained using BELFIS for system identification.

Figure 4.36: The black curve describes the observed output of the nonlinear system when
the input vector is chosen from the test data set. The dashed red curve in this figure displays
the values obtained using BELFIS.
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4.4 Conclusion

This chapter presented the results of BELiMs for prediction of real as well
as artificial time series, classification and identification. I have tested BELiMs
for different prediction problems, short-term, long-term, peaks prediction and
noisy prediction. The results obtained have shown that BELiMs can be con-
sidered useful as prediction models. The main properties of BELiM can be
highlighted as follows:

1) Accuracy: In this chapter, BELiMs were tested using different bench-
mark data sets. In comparison with NNs and NFs, the results of BELiMs
indicated that this model is capable of accurate prediction of time series. In
particular, for most cases, BELiMs provides better prediction results than AN-
FIS and MLP.

2) Robustness: This characteristic depends on the underlying adaptive net-
works, for example, BELFIS, which is based on ANFIS, is sensitive to noise.

3) Training time: BELiMs consist of different adaptive networks. The training
time of BELiMs depends on the training time of these networks. Thus, it is
possible to combine simple adaptive networks with a small number of training
iterations and provide an accurate model.

4) Curse of dimensionality: this feature reflects the dependence that exists
between complexity and the dimension of the input space. Some data-driven
models, such as NFs, suffer from increasing the model complexity when there
is high-dimensional data. The suggested structure for BELiM could be consid-
ered as a strategy to reduce the curse of dimensionality by considering different
paths and different sizes of the input dimension. However, this problem is still
not resolved in BELiM. Dependence on the underlying adaptive network can
be a severe problem in BELiM. The structure of BELiMs is a way to combine
a low model complexity adaptive network with a high model complexity to
reduce the curse of dimensionality while increasing the accuracy of the model.
A complex adaptive network could be assigned to CM of AMYG, while simple
adaptive networks could be assigned to BL of AMYG and MO of ORBI.



Chapter 5

Emotion-inspired Engine

The previous chapters introduced a category of EiCIs that can be utilized
to solve time series prediction, system identification and classification prob-
lems. This chapter provides the preliminary steps to implement an intelligent
decision-making module which in the context of cognitive radio is referred to
as a cognitive engine. The steps consist of designing a new framework and
explaining how the architecture can be developed. The framework has been
established based on the first hypothesis of the thesis and the idea that was
proposed by LeDoux. As was discussed earlier, LeDoux proposed a fear cir-
cuitry for processing a fear-driven stimulus. The fear circuitry uses two paths
to process emotional stimuli; the first path is the low road path and the second
path is the high road path. The so-called low road path is the path between
the thalamus and the amygdala. In the low road path, the received stimulus
is directly sent to the amygdala from the thalamus; the amygdala provides
a primary response. The so-called high road path consists of the thalamus,
the sensory cortex and the amygdala. By using this path, the thalamus also
sends the stimulus to the cortical cortex, which sends some information to the
amygdala to provide an extremely accurate response.

I have suggested a framework by copying the paths in the fear circuitry.
The framework has been developed to design and implement an emotion-
inspired engine that can be used as the core of an intelligent radio node in
cognitive radio networks. This chapter describes the framework by defining an
emotional cycle. It also describes the underlying architecture of the emotion-
inspired engine. The implementation and evaluation of the emotion-inspired
engine are considered as future work.
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5.1 Cognitive Radio

Cognitive radio is a useful approach for improving the utilization of the elec-
tromagnetic radio spectrum [29] and encompasses cognitive engines, cognitive
radio nodes and cognitive radio networks. A cognitive radio network is a wire-
less intelligent network that includes radio nodes with learning capability. In
such an intelligent network, a radio node can understand changes in its sur-
rounding environment and react to them and adaptively learn from the changes
and its reaction. The main advantage of using such a radio node is to increase
the utilization of the radio spectrum and reliability in radio communication
[29].

A radio node that has the capability to learn is referred to as a cognitive
radio node or an intelligent radio node. Cognitive radio nodes are the building
components of cognitive radio networks that have been proposed to maxi-
mize spectrum utilization. Cognitive radio nodes (i.e., intelligent radio nodes)
are set to be responsible for providing adaptive responses to environmental
changes. They have the capabilities of making a smart decision andmodify
their transmission parameters, i.e., the parameters of Physical Layer (PHY)
and Medium Access Layer (MAC) concerning the changes in the environment
[58], [81] and [40]. The functionality of a cognitive radio (CR) node is to con-
figure/control a waveform (which is characterized by transmitter parameters
such as transmitter power, operating frequency, modulation, pulse shape, sym-
bol rate, coding and so forth [81]). Cognitive radio nodes aim at maximizing
the efficiency of communication and minimizing the resource consumption on
the basis of environmental information [81]. The cognitive engine is the essen-
tial component of a cognitive radio node [58] and [81]. It integrates different
interfaces and modules to fulfill three main tasks: optimization, learning (i.e. it
needs some machine learning methods) and reasoning [58]. To complete these
tasks, a cognitive engine requires proper implementation of the functionality
of each module and its connections to other modules of the radio node [58] and
[81]. The primary step in implementing a CR node is to design its cognitive
engine. Two well-known examples of cognitive engines are Mitola’s cognitive
engine [58] and (Center for Wireless Telecommunication) CWT’s cognitive en-
gine [81]. They are designed based on the Unified Theory of Cognition (UTC),
which explains how a biological system follows a rational, goal-oriented pro-
cedure to adaptively response to environmental changes [40] and [4]. In the
following, I describe Mitola’s and CWT’s cognitive engines and explain how
emotion-inspired engine can be developed.
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5.1.1 Mitola’s Cognitive Engine

Joseph Mitola proposed two terminologies, cognitive radio node and cognitive
engine, to refer to an intelligent radio node and its embedded engine, respec-
tively. The cognitive radio node is simply a smart radio node with the capa-
bility of showing intelligent behavior and an adaptive reaction to the changes
in the environment. The central part of an intelligent radio node is a cognitive
engine that is responsible for learning, reasoning and decision-making and pro-
viding adaptive reactions to the changes in the environment. Mitola designed
and implemented the cognitive engine by proposing a cognitive cycle, which de-
scribes a top-level control loop for the radio node. The cognitive cycle has been
developed on the basis of an John Boyd’s OODA (Observe-Orient-Decide-Act)
loop [4].

5.1.2 Observe-Orient-Decide-Act(OODA) Loop

John Boyd designed the OODA principle to describe the human decision-
making procedure using a rational recursive cycle. Figure 5.1 describes the
OODA cycle, which consists of four main phases: Observe, Orient, Decide and
Act. The OODA loop was originally stated for military purposes, but was later
utilized as a basis for developing a framework for learning procedures [4].

5.1.3 Mitola’s Cognitive Cycle

Mitola proposed the concept of cognitive cycle to explain the process that a
cognitive radio node follows to make a response to the changes in the environ-
ment. Figure 5.2 represents the cognitive cycle, which is a modified sequence
of OODA and consists of several phases (i.e., observe, orient, plan, decide and
act), three paths (e.g., immediate, urgent and normal), two epochs (e.g., sleep,
wake and prayer) and two states (e.g., new and prior states) [58].

Mitola’s cognitive cycle consists of five phases: observe, orient, plan, decide
and act. The functionality of the radio node at each phase can be explained
as follows [58]:

1) Observe: at this phase, the cognitive radio node receives environmental
information such as data collected by sensors, the orders and requests of users,
and the status of radio channels.

2) Orient: at this phase, the radio node looks at the information received
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Figure 5.1: The OODA loop

and selects appropriate paths to provide relevant responses. Depending upon
the information received, a radio node might choose one of three paths: "im-
mediate, urgent or normal" [58]. For example, the urgent path can be used
when a radio node recognizes that there is a loss of signal and it thus needs
to reallocate channels so that it will use another RF channel. In contrast, if a
message from the network management is sent to the radio node, it decides to
take the normal path.

3) Plan: at this phase, the radio node utilizes a reasoning procedure to gener-
ate plans.

4) Decide: at this phase, the radio node selects an appropriate plan from the
set of plans that have been generated. It can also decide to go to its previous
state and just get more information about the environment.
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Figure 5.2: Mitola’s cognitive cycle

5) Act: at this phase, the radio node provides an appropriate response ac-
cording to the selected plan.

As Figure 5.2 shows, there is an intermediate phase that can be referred
to as the learning phase. It is essential to integrate machine learning methods
and provide the suitable functionality of other phases. At the learn phase, the
radio node uses some machine learning methods to learn about the changes in
environment. Four sources of learning are the environmental information, the
output of the plan phase and the decide phase, and its new state. The radio
node can use three types of learning, incremental learning (during the waking
epoch), batch learning (during the sleeping epoch) and supervised learning
(during the prayer epoch) [58].

The radio node also uses three epochs (i.e., wake, sleep and prayer) to com-
plete the learning procedure. In the wake epoch, the radio node works actively
and provides a quick response based on an incremental learning procedure.
The sleep epoch is defined as the period when the radio node is not in active
work, and it can use its electrical power for running a learning procedure. An
unfinished learning process can be continued in a prayer epoch [58]. During the
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prayer epoch, the cognitive radio interacts autonomously with other authori-
ties such as regulatory authorities to receive useful advice and constraints.

5.1.4 CWT’s Cognitive Engine

The Center for Wireless Telecommunication (CWT) department of Virginia
Tech presented another cognitive engine for intelligent radio nodes. They pro-
posed that a cognitive engine should be able to perform three cognitive tasks:
sensing the environment, doing supervised and unsupervised learning, and
showing fully adaptive behavior. The cognitive engine is referred to as CWT’s
cognitive engine and has been designed based on a cognitive cycle that is a
modified version of Mitola’s cognitive cycle [81].

5.1.5 CWT’s Cognitive Cycle

Figure 5.3 describes CWT’s cognitive cycle and shows that it has several
phases: "Environment observation, Scenario synthesizing, Reasoning, Case-
based decision making, Link configure optimization, and Performance estima-
tion" [81].

The functionality of the radio node at different phases can be described
as follows [81]:

1) Environment observation: at this phase, the radio node starts to get
environmental information, which could be some information related to the
radio hardware, radio resources and user requests.

2) Scenario synthesizing: at this phase, the radio node analyzes the infor-
mation received and categorizes it for making a decision as to how to provide
optimal responses.

3) Case-based decision making and Reasoning: at these phases, the radio node
makes a decision and does some reasoning tasks about the decision taken. The
radio node compares the currently received information with the previously
recorded information and tries to find similarity between them to make a de-
cision.

4) Link configure optimization: at this phase, the radio node changes the
transmission parameters of the radio wave to provide suitable responses to
the environmental changes. As was mentioned, the primary objective of an
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Figure 5.3: CWT’s cognitive cycle

intelligent radio node is to maximize its performance regarding minimizing its
interference and maximizing spectrum utilization. Here, using environmental
or user-oriented information that can be gathered from the sensors or user
interface, a waveform can be designed with the aim to maximize the perfor-
mance. In other words, the radio node utilizes some information regarding the
user/application, needs, the physical (propagation) environment, available re-
sources (e.g., spectrum), the regulatory environment, the required quality of
service (QoS) and designs an optimal waveform with respect to the eviron-
mental changes. The optimal waveform can have some information such as
transmit power, data rate, coding schemes.

5) Performance estimation: at this phase, the radio node configures the wave-
form and evaluates its performance. Moreover, it updates the knowledge base
by going to the reasoning phase.
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5.2 Emotion-Inspired Engine

The above described engines use cognitive cycles that have been designed based
on UTC. I instead suggest emotional cycle to design an emotion-inspired engine
for developing a cognitive radio node. The steps for developing such an engine
are: defining a cycle, designing an architecture, implementing the designed
architecture, evaluating the implemented engine, and, finally, utilizing it as an
engine in the radio node. In this chapter, I have focused on the two first steps,
i.e., designing the cycle and the architecture of an emotion-inspired engine. In
future work, I will implement, evaluate, utilize the emotion-inspired engine.

5.2.1 Emotional Cycle

The emotional cycle is inspired by a cycle (see Figure 5.4) which is used by a
biological system to make an emotional response to the emotionally charged
stimulus that has been received.

Emotional 
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AmygdalaAmygdala

Sensory CortexSensory Cortex

Emotional 

Response

Emotional 

Response

High Road

(slow but accurate)

Thalamus Thalamus 

Low Road

 (Quick and 

Dirty)

Figure 5.4: A circuitry for processing emotional stimulus, in particular, a fear-driven stim-
ulus. First, the stimulus received is sent to the thalamus and the amygdale, which provides
a primary response. This path is so-called the low road path. The stimulus can also be
processed via sending to the cortical cortex and amygdale, which provides high accurate
data.

The emotional cycle (see Figure 5.5) consists of four main phases: sensa-
tion, perception, decision and reaction, and two paths: urgent and normal. By
using the cycle, the intelligent radio node considers the environmental changes
as emotional stimuli and provides waveforms as emotional responses. In the
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Figure 5.5: Emotional Cycle

1) Sensation: at this phase, the radio node receives environmental informa-
tion as a stimulus. The radio node considers a partial part of the information
received to determine which paths (among urgent and normal paths that have
been copied from the low road and high road in Figure 5.4) should be selected.
If the radio node chooses the urgent path, it directly goes to the reaction
phase. The urgent path means that the radio node needs a quick and primary
response to the changes in the environment. As was mentioned, the urgent
path has been copied from the low road in Figure 5.4. In contrast to the ur-
gent path, there is the normal path, which has been copied from the slow and
accurate path in Figure 5.4. If the radio node selects the normal path, it goes
to the perception phase, decision phase and reaction phase (see Figure 5.5).

2) Perception: at this phase, the radio node considers the full information
received, processes them to create extra information about the environment,
and then goes to the decision phase.

3) Decision: this is a complex phase, consisting of internal phases: recogni-
tion, prediction, optimization, evaluation and memorization phases. At this
phase, the radio node is responsible for creating a quick and optimal wave-
form by learning from its past experiences and the information received from
the perception phase. It also updates its knowledge about the environment by
memorizing the received information and the responses from different phases.
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Recognition: the radio node tries to recognize that the information received
is new, or that it has been received previously. If the information is new, the
radio node goes to prediction phases to predict future changes in the envi-
ronment and the optimization phase to design an optimal waveform. If the
information received is old, a waveform can be associated with the old infor-
mation. Then, the radio node goes to the evaluation phase and memorization
phase. Evaluation phase: at this phase the radio node receives inputs from the
prediction phase and recognition phase and is responsible for evaluating the
designed waveform to provide an optimal waveform. Memorization phase: at
this phase the radio node stores some information and develops a knowledge
base to associate environmental changes and the designed waveform.

4) Reaction: at this phase, the radio node reacts to the information received
and goes to the learning phase to evaluate its response. There are two sub-
sequent actions at this phase. First, the radio node provides an appropriate
answer to the changes in the environment. Then it goes back to the decision
state to update its knowledge from its reaction.

As was discussed, the suggested emotional cycle is inspired by the circuitry
for processing emotional stimulus in mammals’ emotional system. Each phase
represents the functionalities of some regions of the mammal’s brain to process
emotional (e.g., fearful) stimuli. Furthermore, the connections between these
phases have been extracted from the functional connection between those areas
of the mammal’s brain that have roles in processing emotional stimuli (see
Figure 5.6). As can be observed from Figure 5.6, in the mammal’s brain,
the amygdala is the central part and receives information from other regions
such as the thalamus, sensory cortex and orbitofrontal cortex and so forth.
The thalamus is responsible for receiving the stimulus, and the hypothalamus
plays a role in providing reaction (in the second chapter, I explained about the
functionality of each region).

Figure 5.7 describes how regions of the mammal’s brain can be associ-
ated with the different phases of the emotional cycle of Figure 5.5. As can be
observed, the sensation phase imitates some functionalities of the thalamus,
while the perception phase copies the functionality of the sensory cortex and
the lateral part of the amygdala. The functionality of the decision phase is
similar to the overall functionality of the amygdala, the orbitofrontal cortex,
hippocampus. The reaction phase acts as the central part of the amygdala.
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Figure 5.6: A model of how different regions of brain interact with each other to provide
an emotional response.
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Emotional Cycle and Mitola’ s Cognitive Cycle

Figure 5.8 shows how the phases of the emotional cycle can be mapped to the
phases of Mitola’s cognitive cycle. The mapping has been constructed based
on the functionality of a radio node that has been developed based on Mitola’s
cognitive cycle in different phases. If the functionality of a node in one phase of
Mitola’s cognitive cycle is similar to the functionality of a radio node in a phase
of the emotional cycle, these two phases can be associated with each other.
For example, the sensation phase may be equivalent to the observe phase,
while the perception phase may be similar to the orient phase. The decision
phase corresponds to the plan, decide phases. Finally, the reaction phase can
be mapped to the act phase. It should be noted that there are five internal
phases (evaluation, memorization prediction, recognition and optimization) in
the emotional cycle that are not considered in Mitola’s cognitive cycle. These
internal phases of the emotional cycle seem to be necessary to provide proactive
and associative reactions to environmental changes.
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Figure 5.8: The map between the emotional cycle and Mitola’s cognitive cycle.
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Emotional Cycle and CWT’s Cognitive Cycle

This sub-section compares the phases of the emotional cycle and the phases of
CWT’s cognitive cycle (see Figure 5.9). The sensation phase has a similar func-
tion as the environment observation phase, while perception can correspond
to the scenario synthesizing. The decision phase is equivalent to case-based
decision-making, reasoning, performance estimation and link configure opti-
mization. The reaction phase can be matched to the actuator phase
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Figure 5.9: The map between the emotional cycle and CWT’s cognitive cycle.

5.2.2 Architecture of Emotion-Inspired Engine

Figure 5.10 depicts the basic architecture of an intelligent radio node contain-
ing an emotion-inspired engine as its core part. As can be observed, it has
three separate units, emotion-inspired engine, policy engine and radio com-
munication system, and receives inputs from three domains: user, policy and
environmental domains.
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Figure 5.10: The generic architecture of an intelligent radio node.

The emotion-inspired engine is a separate unit that has a bidirectional
connection to the policy engine and a one-way directional connection with
radio communication systems. It receives information from the policy engine,
radio communication system and user domain. The policy engine sends infor-
mation that is related to boundaries and limitations of radio nodes to regulate
the operation of the emotion-inspired engine. For example, the policy engine
sends information about the maximum power that the radio node can use. The
radio communication system sends information that is related to the environ-
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ment and Radio Frequency channel; the information helps the emotion-inspired
engine to design an optimal waveform.

As mentioned, each unit of the architecture of Figure 5.10 can be designed
separately, and the design of the communication unit is not dependent upon
designing the emotion-inspired engine. Thus, each component can be easily
developed, tested and launched. Describing the architecture of other parts of
Figure 5.10 is beyond the scope of this thesis. I simply mention that they can
be designed based on other well-known architectures (e.g., [2]), for example,
the communication can be represented as a protocol stack. Another input to
the emotion-inspired engine is provided by users and contains information from
users, for example, what performance is required for services and applications.
An example of user information is the quality of service that is required by a
specific service.

The architecture described in Figure 5.11 it shows how the emotional en-
gine can be developed. It includes a controller that is responsible for handling
the input and output and timing of the other components, sensors, radio frame-
work, learning module, policy engine and user interface. The main function of
the emotion-inspired engine in this architecture is to control the behavior of
the radio node by receiving information from three domains, referred to as the
user, radio and policy domains. The architecture emphasizes how the controller
and the decision maker can connect to other parts of an intelligent radio node
and control its behavior. As can be seen, to provide an optimal waveform,
information from three different domains, user, radio and policy, is required.
The user domain gives information regarding the performance requirements
and applications, while the external environment and radio frequency (RF)
channel give information about radio transmission and conception. The pol-
icy domain gives information to the system regarding working boundaries, for
example the maximum power of the radio. The user interface provides control
and monitors the behavior of the controller. Overall, the architecture shown
in Figure 5.11 is responsible for providing a waveform to maximize the per-
formance of the radio node by responding to user needs, conditions in the
physical environment, and available resources. In the following, I explain each
component and how it operates. Each component should be defined around a
basic state machine that interfaces between the controller and the component.
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Figure 5.11: An example of the emotional engine’s architecture.

1) Controller: This is the central part of the emotion-inspired engine,
and it is responsible for prioritizing and scheduling the functionality of other
devices. The controller should have the capability to connect with different
components such as user interface, radio framework etc. The controller is re-
sponsible for sending inputs to other components and receives outputs from
other parts. It also handles an order (e.g., a timing order) between different
parts.

2) Radio Framework: This is the intermediate device between the controller
and the radio platform. The role of the radio framework is to translate the
command of the controller to the specific commands that are understandable
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to the radio framework.

3) Sensors: This component is responsible for collecting and gathering data
that describe the environment. The information collected from sensors is nec-
essary for the controller so that it can adjust the behavior of the radio node.
The information collected includes radio propagation, interference model, po-
sition and location, time and noise power, bit error and so forth. The sensor
should follow the standard method for transfering data to the controller.

4) User Interface: This is responsible for providing information about the user’s
requirements. It provides an opportunity for users to control all of the param-
eters of the controller.

5) Policy Engine: This is responsible for regulating the waveform generated
and comparing it with the local regulatory restrictions.

6) Decision Maker: An important part of the architecture is the decision maker,
which is responsible for receiving information from the controller and provid-
ing some information to design an optimal waveform. It aims at integrating
different machine learning and optimization algorithms to create a waveform
that maximizes the performance of the radio node. In the emotion-inspired
engine, it is developed on the basis of the defined emotional cycle and has
several components such as recognition, evaluation, memorization, prediction
and optimization. It receives information from the controller and makes deci-
sions to provide an optimal waveform by following a procedure that imitates
the emotional cycle. It should be noted that, in this chapter, the details of
designing the internal parts of each component, machine learning algorithms,
interfaces have not been mentioned.

6.1) Recognition: This part is the first part of the decision maker that receives
information from the controller. Depending on the information received, it
might provide an output to be sent to the evaluation and memorization com-
ponents or the prediction and optimization components. It looks at a part of
the information and uses a procedure to find similarities between that part and
the previous information; if it can find a similarity with the previous informa-
tion, it chooses an output based on that. It sends the output to the evaluation
and memorization components. Otherwise, it sends all of the information to
the prediction and optimization components.

6.2) Evaluation: This part receives an output from the recognition component
or the optimization component. It is responsible for evaluating the output
based on some criteria and sending its outputs to the memorization or opti-
mization parts.
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6.3) Memorization: This part is responsible for memorizing the information
received and the output of the evaluation. Prediction: This part is responsible
for predicting some environmental parameters and sending information to the
optimization part.

6.4) Optimization: This part is responsible for providing an optimal waveform
and sending it to the evaluation component.

Figure 5.12 shows the architecture of decision maker that illustrates how
its components are connected to each other.
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Figure 5.12: An example of the decision maker’s architecture and the connection between
its different components.

5.3 Conclusion

This chapter briefly described the preliminary steps toward designing an emotion-
inspired engine, which can be considered a new framework that can be used to
develop not only an intelligent radio node but also to design intelligent decision-
making systems for different applications in network management systems, in-
formation security management systems, supply chain management systems,
space weather management systems, safety environment system applications,
energy management systems , risk management systems. The emotion-inspired
engine is founded on an emotional cycle. I explained the phases of the emo-
tional cycle regarding its potential application in wireless communication. I
also compared the emotional cycle with two well-known cognitive cycles that
have been proposed for developing cognitive radio nodes. Implementing and
evaluating the emotional engine will be future work based on the thesis.



Chapter 6

Emotion-inspired
Optimization Methods

Chapter 3 explained a category of EiCIs that are utilised to solve time se-
ries prediction, system identification and classification problems. This chapter
introduces another approach to forming an EiCI model to be used for solv-
ing optimisation problems, in particular, NP-hard combinatorial optimisation
problems (whose solutions must be represented as integer values). Combina-
torial optimisation problems1 that need discrete solutions have primarily orig-
inated from complex issues with complex constraints. These problems cannot
be solved with conventional continuous optimisation methods such as gradient-
based optimisation methods. Computational intelligence (CI) paradigms may
be suitable methods for finding solutions to such problems. This chapter intro-
duces a new CI model that is referred to as an Emotion-inspired optimisation
Method.

The emotion-inspired optimisation method (EiOM) is motivated by the
affect theory, which was formulated by Silvan Tomkins [98]. Affect theory states
that there are eight basic emotional feelings, surprise, interest, joy, rage, fear,
disgust, shame and anguish and that they are common to people of different
culture and race. Later, Hugo Lövheim described a way to associate the eight
emotional feelings of the affect theory with the monoamine neurotransmit-
ters [47]. Thus, the EiOM has been motivated by the functionality by which

1A combinatorial optimisation problem aims to find an integer assignment to some vari-
ables such that certain constraints are satisfied and the value of a certain function is mini-
mized (or maximized).
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three monoamine neurotransmitters are able to generate eight basic emotional
feelings of the affect theory.

The emotion-inspired optimisation is simply designed by modifying the
ant colony optimisation (ACO) method [20] and [10], which is a well-known
optimisation method. The primary motivation for adjusting ACO is to improve
the convergence behavior of ACO method and increase its performance in
solving NP-hard problems. The optimisation process that is designed is referred
to as an Emotion-inspired Ant Colony Optimisation (EiACO).

In more detail, this chapter demonstrates EiACO and also evaluates it
to solve an optimisation problem in data communication. Furthermore, this
chapter presents the differences between the solution obtained when using
the conventional ACO method and when using the emotion-inspired method
(EiACO).

6.1 Theoretical Aspect of EiOM

One well-known theory of emotion is the affect theory, which was introduced
by Silvan Tomkins [98] in his book entitled "Affect Imagery Consciousness".
In this book, Tomkins used the word affect to refer to biological aspects of
emotion that are a general, innate mechanism in the human brain. Tomkins
used word affect to refer to the experience of feeling or emotion. Affect triggers
biological events that are known as as emotional feelings of surprise, interest,
joy, rage, fear and so forth. The affect theory also describes how each basic
emotional feeling is associated with a unique facial expression. For example,
according to his theory, joy is associated with a smiling reaction. Hugo Lövheim
[47] presented a cube, known as the Lövheim Cube of Emotion to represent
the eight basic emotions of affect theory by the values released from three
monoamine neurotransmitters: serotonin, dopamine and noradrenaline. Figure
6.1 (this figure, copied with permission from [47]) shows the Lövheim Cube
of Emotion and describes how three axes have been constructed on the three
neurotransmitters and how the eight basic emotions of the affect theory can be
positioned along the axes. Table 6.1 lists the values of these neurotransmitters
and presents how the combination of those neurotransmitters can produce the
eight basic emotional feelings.
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Figure 6.1: The Cube of Emotion to model 8 basic emotions with three dimensions that
represent serotonin, dopamine (DA) and noradrenaline (NE).

Table 6.1: The eight basic emotions and the values of three neurotransmitters.
Basic emotion Serotonin Dopamine Noradrenaline
hame/humiliation Low Low Low
Distress/anguish Low Low High
Fear/terror Low High Low
Anger/rage Low High High
Contempt/disgust High Low Low
Surprise High Low High
Enjoyment/Joy High High Low
Interest/excitement High High Low

The most important aspect of the Lövheim cube is that it presents a way
to differentiate between the primary emotions by representing them to the re-
leasing level of three monoamine neurotransmitters, serotonin, noradrenaline
and dopamine. Figure 6.1 shows how each axis represents one monoamine neu-
rotransmitter, e.g., the releasing level of serotonin is represented on the x-axis.
Table 6.1 explains how the releasing level of a neurotransmitter can be asso-
ciated with a human’s emotional feelings, such as excitement. For example,
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Table 6.2: The binary representation of emotional feelings.
Basic emotion Serotonin Dopamine Noradrenaline
hame/humiliation 0 0 0
Distress/anguish 0 0 1
Fear/terror 0 1 0
Anger/rage 0 1 1
Contempt/disgust 1 0 0
Surprise 1 0 1
Enjoyment/Joy 1 1 0
Interest/excitement 1 1 1

if three neurotransmitters release at their high levels, an individual has an
emotional feeling known as excitement. In contrast, if three neurotransmitters
release at their low levels, an individual has an emotional feeling that is called
shame or humiliation. The Lövheim cube (Figure 6.1), and its corresponding
Table 6.1, inspired me to assign ‘1’ to high and ‘0’ to low and represent the
eight basic emotional feelings of Table 6.1 with binary values as described in
Table 6.2. In Table 6.2 the emotional state of shame is represented by ‘000’
while the binary representation of the emotional state of interest (excitement)
is ‘111’. By converting the binary representation to decimal values, shame can
be represented as ‘0’ (decimal value) and excitement as ‘7’. I have used the
terminology of emotional state for the numerical (binary or decimal) repre-
sentation of an emotional feeling. By looking at Table 6.1, it can be seen that
Serotonin is most significant neurotransmitter to change the emotional feeling.
If the releasing level of Serotonin is low, there are negative emotional feelings
such as shame/humiliation, however, if the releasing level of Serotonin is high,
there are positive emotional feelings such as interest/excitement. In represent-
ing emotional feelings with binary values, I have represented Serotonin by the
most significant bit, thus, an emotional state with a large number can be inter-
preted as an emotional feeling that is closer to the excitement. In contrast, an
emotional state with a small number can be translated as an emotional feeling
that is closer to shame. In other words, this introduces a linear ordering of the
emotional feelings, represented by their emotional states in the form of num-
bers. The lower and upper bounds of emotional states depend on the number
of emotional feelings that can be considered between shame and excitement.

In this case, the six emotional feelings described as distress, fear, anger,
contempt, surprise, and enjoyment, can be considered to be intermediate emo-
tional feelings. There are in total eight emotional feelings, and the lower and
upper bounds of emotional states can be defined as ‘0’ and ‘7’, respectively. The
choice of Serotonin as ’most significant bit’ also implies , e.g., that contempt
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(=4) is closer to excitement than distress (=1), even though their respective
distances to excitement in the emotional cube are equal.

The above discussion explicitly indicates that the emotional states cannot
be limited to only eight numerical values to represent eight basic emotional
feelings, and it is possible to consider more binary digits than three to represent
emotional feelings. Four binary digits can represent emotional states, and then
an emotional state of excitement can be represented by ‘1111’ (=15), and
the emotional state of shame can be described as ‘0000’(=0). I have used
the terminology of emotional state( the binary and decimal representation of
emotional feelings) to develop the EiOM. A simple method to do so is to modify
ACO by considering emotional states (decimal values) for ants. The highest
emotional state (this is close to interest/excitement) is given to the ant with
the best functionality. The modified version of ACO method is referred to as
emotion-inspired ant colony optimisation (EiACO), which is described in the
next section.

6.2 Algorithmic Aspect of EiOM

One straightforward approach to developing emotion-based optimisation meth-
ods is to modify the current CI models. In the next section, I describe how
an emotion-inspired method can be developed by modifying some steps of ant
colony optimisation. Befor explaining about EiACO, first I describe ACO.

6.2.1 Ant Colony optimisation

Ant colony optimisation (ACO) [20] and [10] is a CI algorithm that is inspired
by the "foraging behavior of real ants" [20]. The steps of an ACO-based algo-
rithm can be summarized as follows:

1) Construction graph: This is a graph that represents the optimisation prob-
lem. The graph is a set of vertices and a set of edges. A feasible solution is a
complete path that can be represented by the vertices or edges.

2) Initialization of population: This is a population of ants, they memorize
the traversed paths. Each ant is considered to be an intelligent agent that tra-
verses the graph and learns the sequence of the traversed vertices or edges.
3) An initial state: An initial state is assigned to each ant and determines its
place on the construction graph.
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4) Probabilistic transition rule: This is used by each ant to make a decision to
move to the next vertex or to select the next edge. It is defined on the basis of
the following three parameters: a heuristic function, pheromone intensity, and
a set of feasible vertices. Note that these are problem-dependent parameters.

5) A heuristic function: This is a function that indicates the desirability of
selecting vertex or edge from the perspective of the deciding ant that is placed
at the vertex.

6) Pheromone intensity: Pheromone intensity represents the value of select-
ing vertex or edge from the perspective of other ants, especially the ‘best ant’
(i.e., the ant that finds a complete path with the optimum cost). In each itera-
tion, pheromone intensity is updated to determine the effect of the previously
deposited pheromones by the ants. There are different updating rules, one of
them is defined to refresh the pheromone intensity according to an ‘ant colony
system’2. Hence, the pheromone is updated based on the traversed path of the
best global ant.

7) Set of feasible vertices: This is a set that depends on the problem and
determines the set of the vertices of the graph that can be selected by the de-
ciding ant when it is placed on the vertex. A set of feasible vertices is necessary
to avoid forming a loop during the path construction.

8) Cost function: This is a function that depends on the problem and is as-
signed to each complete path representing how profitable the complete path
is.

6.2.2 Emotion-inspired ACO

The idea of emotion-inspired ant colony optimisation (EiACO), which has
been inspired from the constructing on Table 6.2, is to modify ACO by adding
emotional states to each ant. Thus, EiACO can be formed by assigning an
emotional state to each ant. Each ant not only attempts to find a path with
an optimum minimum cost but also tries to increase its emotional state. More-
over, the ant with the optimal cost function has the highest emotional state,
which means that the best ant (BestAnt) is assigned the highest emotional
state. Each ant tries to adjust its emotional state considering the emotional
state of the best ant. The steps of EiACO are similar to the steps of ACO.
However, the initialization step (step 1), the update pheromone step (step 2)
and the cost function step (step 3) have been modified.

2In an ant colony system, the pheromone intensity of ants is updated based only on the
pheromone deposited by the best ant



6.2. ALGORITHMIC ASPECT OF EIOM 151

1) Initialization step in EiACO: In this step, a population of ants is generated,
and each ant is assigned an emotional state. The number of emotional states
equals the number of ants. For a population of m ants, each ant is uniquely
assigned a value between zero (lowest emotional state) and NEmotionalState´1
(highest emotional state) (see Equation 6.1).

NEmotionalState “ rlogms
2 (6.1)

2) Pheromone updating in EiACO: To update the pheromone deposited by
each ant, the emotional state of the best ant is added as the coefficient.

3) Cost function in EiACO: The cost function of each ant is calculated by
Equation 6.2.

EmotionalStateANTj pt` 1q “ EmotionalStateANTj ptq`
EmotionalStateBestAntj ptq

NEmotionalState
ˆ | pCostpANTjq ´ CostpBestAntqq

(6.2)

6.2.3 Application Aspect of EiOM

One optimisation problem in wireless communication is the forming of a hi-
erarchical network structure in wireless ad hoc networks3 to increase network
performance, scalability, stability and manageability [89], [100], [82], [71] and
[64]. One approach to creating a hierarchical structure is to divide the nodes
into some groups (clusters) on the basis of a logical order, e.g., a geographical
position of nodes. A hierarchical network structure in this way consists of differ-
ent types of nodes (see Figure 6.2), clusterheads, cluster members and cluster
gateways. Clusterheads are the backbones of the hierarchical organization and
are responsible for maintaining information about the cluster members and
providing the connectivity of the network by connecting to other clusterheads
either directly through other clusterheads or using gateways The nodes that
are connected to two different clusterheads are cluster gateways. Other nodes
that are not clusterheads or gateways are considered to be cluster members.
The cluster members are located inside of the cluster, while cluster gateways
are located at the border of the cluster to connect neighboring clusters. Figure
6.2 depicts a one-hop clustered structure4.

3A wireless ad hoc network (WANET) is a decentralized type of wireless network.
4 k-hop cluster means a cluster with some nodes, and any node in the cluster has a

distance equal to or less than k hops to the clusterhead.
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Figure 6.2: A one-hop clustered structure

Ideally, a clustered structure should be based on a "minimum but suffi-
cient number of clusterheads to serve as the communication backbone of the
network while reducing network maintenance and control overhead" [24]. One
method for forming a clustered structure is a graph-theory-based approach. In
this approach, an ad hoc network is represented by a graph that is called a com-
munication graph, and a clustering algorithm aims to select the set of vertices
of the graph that are to be clusterheads. This problem is almost equivalent
to the minimum connected dominating set (MCDS) problem in graph theory.
The dominating set problem in graph theory consists of finding a subset of
nodes with the following property: each node is either in the dominating set
or is adjacent to a node in the dominating set. The minimum connected dom-
inating set (MCDS) problem aims to find a dominanting set with a minimum
number of vertices, while each vertex in the dominant set can be reachable
from other vertices.

A clustering algorithm tries to partition the nodes of the graph into a
set with minimum number of a connected nodes, together covering all nodes
in the graph. A snapshot of an ad hoc network is represented by a connected
unidirectional graph known as the communication graph, G “ pV,Eq. The
set of nodes and the set of communication links are represented by V and E,
respectively. A dominating set in such a graph is defined as a set D Ď V such
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that T pDq “ V and T pDq “ D Y tj P V | pi, jq P E, i P Du . The minimum
dominating set problem is defined as "finding a dominating set with minimum
cardinality" [92]. The minimum connected dominating set is formulated as a
dominating set D such that the sub-graph GpDq “ pD,F pDqq is connected and
where F pDq “ tpi, jq P E | i P D, j P Du. By constructing a graph G “ pV,Eq
in the cluster formation problem, the objective function can be formulated as in
Equation (6.3) where xij is a binary variable. If xij “ 1, two nodes i and j have
been selected to be the clusterheads. Let, Apiq denote the set of nodes that are
adjacent to node i. Constraint Equation 6.4 enforces that one edge emanating
from each node can be selected. Constraint Equation 6.5 ensures that each
edge is either selected or is adjacent to a selected edge. Constraint Equation
6.6) enforces binary restrictions on the xij variables. Constraint Equation 6.7
enforces that every selected node is reachable from other selected clusterheads.
In order to satisfy the connectivity constraint, each clusterhead should have
at least one adjacent clusterheads via a gateway.

min
ÿ

pi,jqPV

xij (6.3)

ÿ

jPApiqq

xij ă 1 (6.4)

ÿ

kPApiq

xik `
ÿ

kPApjq,i‰j

xjk ` xij ą 1 (6.5)

xij P t0, 1u @pi, jq P V (6.6)

Apjq XApjq ą 1@pi, jq P V (6.7)
ÿ

xij“1

pApiq XApjqq ą 1@pi, jq P V (6.8)

Equation 6.3 calculates the number of clusters, while Equation 6.8 cal-
culates the number of potential gateways. A well-designed clustered structure
should provide reasonable connectivity between the clusterheads, which means
that the probability that each clusterhead would be reachable from any other
cluster head should be very high. In the following, I explain the steps of EiACO
for providing a clustered structure in ad hoc networks.

1) Construction graph: This is a graph of Gc “ pVc, Ecq that is a subset
of G “ pV,Eq.Thus, the set Vc is a subset of vertices, V , and the set Ec is a
subset of edges,E.

2) Initialization of population: The m ants are generated, and each ant (i.e.
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the kth ant) is assigned a number Ckmax that determines the maximum num-
ber of clusterheads that the kth ant can select. Ck is a subset of V that has
been selected as the set of clusterheads by the kth ant. For a population with
m ants, NEmotionalState “ rlogms

2 emotional states are considered and each
ant is assigned a random integer value between p0, NEmotionalState´ 1q for
emotional state.

3) Probabilistic transition rule: A probabilistic transition rule is used by each
ant to make a decision about selecting the next vertex j as a clusterhead. The
probabilistic transition rule P kijptq is used for selecting vertex j as the next
clusterhead by the kth ant when it is placed at vertex i. Equation 6.9 calcu-
lates the probabilistic transition rule on the basis of the heuristic function,
ηβijptq, the pheromone intensity, ταijptq, and the feasible set, Nk

i ptq, the feasible
nodes that can be selected by kth ant when it is on the ith node.

P kijptq “
ταijptqη

β
ijptq

ř

jPNk
i ptq

ταijptqη
β
ijptq

(6.9)

4) Heuristic function: A heuristic function that is defined in Equation 6.10 is
used for choosing vertex j as the clusterhead by the kth ant when it is placed
at vertex i. Here, Apiq is the set of nodes that are neighbors of node i.

ηijptq “
|Apiq|

|V | `
ˇ

ˇ

ˇ

ř

xij“1pApiq XApjqq
ˇ

ˇ

ˇ

(6.10)

5) Pheromone intensity: Pheromone intensity is defined as the desirability of
selecting vertex j to be a clusterhead from the perspective of the best ant. The
quantity of pheromones is calculated as Equation 6.11.

τijpt` 1q “ ρτijptq `∆τBestAntij ptq (6.11)

The parameter ∆τBestAntij of Equation 6.11 is the quantity of pheromone de-
posited on the edge, and is the evaporation rate, Equation 6.12 calculates
∆τBestAntij . Here, EmotionalStateBestAnt gives the emotional state of the best
ant. The parameter CBestAnti is the set of vertices that have been selected as
the clusterheads by the best ant when it is placed at vertex i. As can be seen,
pheromone intensity is updated using the updating rule as determined by the
effect of the previously deposited pheromones by the best ant and emotional
state of the best ant. Here, EmotionalStateBestAnt gives the emotional state
of the best ant.

∆τBestAntij “ EmotionalStateBestAnt ˆ
|Apiq YApjq|

CBestAnti

(6.12)
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6) Feasible set: A feasible set is a set as given in Equation 6.13. In the cluster
formation problem, Akpiq is the set of adjacent vertices of vertex i when the kth
ant is placed on the vertex i. Equation 6.13 calculated the set of those nodes
that have been selected as clusterheads and are not the adjacent vertices of a
selected clusterhead, Cki ,(i.e., is the set of vertices that have been selected as
the clusterheads by the kth ant when it is placed at vertex i).

Nk
i ptq “ Akpiq ´

$

&

%

$

&

%

ď

jPCk
i

Apjq

,

.

-

Y Cki

,

.

-

(6.13)

7) Cost function: This function calculates the number of selected clusterheads
for each complete path. For example, the cost function of the kth ant is cal-
culated as

ˇ

ˇCk
ˇ

ˇ where Ck is a set of vertices that have been selected as the
clusterheads by the kth ant. The cost function is calculated as Equation 6.14.

CostpAntkq “

ˇ

ˇCk
ˇ

ˇ

|V |
ˆ

ˇ

ˇ

ˇ

ř

i,jPCkpApiq XApjqq
ˇ

ˇ

ˇ

ˇ

ˇ

ˇ

ř

i,jPV pApiq XApjqq
ˇ

ˇ

ˇ

ˆ
NEmotionalState ´ EmotionalStateAntk

NEmotionalState

(6.14)
The first coefficient calculates the number of clusterheads that have been se-
lected by the kth ant. The second coefficient calculates the connectivity factors.
The third coefficient calculates a coefficient based on the emotional state of
the kth ant.

6.2.4 Examples of Cluster Formation

To apply EiACO, I have simulated a scenario of an ad hoc network with the
following assumptions:

1) No models for the nodes’ mobility have been considered.
2) Each node has a disc-shaped communication area whose diameter is ad-
justed based on the transmission range. All of the nodes have been simulated
by assigning the same transmission range, which is unchanged during the clus-
ter formation.

The performance of the ACO-based clustering method and EiACO-based
clustering algorithm has been evaluated based on the number of selected clus-
terheads, and the connectivity factors have been considered as the performance
measurement factors of the clustering algorithms. The optimisation methods
are compared in terms of convergence speed. The EiACO-based algorithm has
been applied to different scenarios of ad hoc networks, which have been sim-
ulated using MATLAB. The experiment explored systems with 100, 200 and
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300 nodes, which were uniformly distributed in a 1000 m × 1000 m square
area. The transmission range of each node was fixed at 250 m.

The graphs in Figure 6.3 and Figure 6.4 depict the convergence behavior
of ACO and EiACO for a network with 100 nodes. ACO and EiACO have
been run with different numbers of ants (10, 20, 30 and 40) to estimate the
relationship between the number of ants and the convergence speed in these
two algorithms. As Figure 6.4 shows, when the number of ants is small, 10
and 20, EiACO converges slightly faster than ACO. Considering the fact that
increasing the number of ants increases the time and model complexity of
ACO, it can be concluded that EiACO has the capability to quickly converge
with a lower model complexity.

Figure 6.3: The convergence graphs of ACOs with different numbers of ants to select
clusterheads in a network with 100 nodes.
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Figure 6.4: The convergence graphs of EiACOs with different numbers of ants to select
clusterheads in a network with 100 nodes

The graphs in Figure 6.5 and Figure 6.6 present the values of the cost
functions for using ACO and EiACO to find the clusterheads in a network
with 300 nodes. As was mentioned earlier, I have compared ACO and EiACO
with different population sizes. The aim is to examine the convergence features
of EiACO and ACO and analyze what effect the number of ants has on that.
By comparing the blue curves in Figure 6.5 and Figure 6.6, it can be concluded
that EiACO converges faster than ACO.



158 CHAPTER 6. EMOTION-INSPIRED OPTIMIZATION METHODS

Figure 6.5: The convergence graphs of ACOs with different numbers of ants to select
clusterheads in a network with 300 nodes.

Figure 6.6: The convergence graphs of EiACOs with different numbers of ants to select
clusterheads in a network with 300 nodes.
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The graphs in Figure 6.7, Figure 6.8 and Figure 6.9 depict the values of
the cost functions for using ACO and EiACO to select the clusterheads in
networks of different sizes. I have compared ACO and EiACO with 15 ants.
The aim is to compare the convergence features of EiACO and ACO when the
number of ants is small. As can be seen, in all three figures, the EiACO not
only converges faster than ACO, it can also find a better solution from the
perspective of minimization of the cost function.

Figure 6.7: The convergence graphs for ACO and EiACO to select clusterheads for a
network with 100 nodes.
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Figure 6.8: The convergence graphs for ACO and EiACO to select clusterheads for a
network with 200 nodes.

Figure 6.9: The convergence graphs for ACO and EiACO to select clusterheads for a
network with 300 nodes.
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The bar charts in Figure 6.10 show the average number of clusters and
the connectivity factor (see Equation 6.8) for solving the clustering problems
in networks of different sizes. It can be observed that the number of clusters
obtained for ACO and EiACO are similar. The connectivity factor shows how
the clusters in a clustered structure are connected to each other. By using
EiACO, the nodes in a network can be grouped into clusters, and the clusters
have a dense connectivity (large connectivity factor). It should be noted that,
in a real situation, each two clusters should have one or two gateways to
guarantee the connectivity of the clustered structures. The connectivity factor
is calculated based on the sum of all common nodes between two each clusters.

Figure 6.10: The bar charts for number of clusters and connectivity factor for networks
of different sizes. It should be noted that the connectivity factor has been defined based on
the equation 6.10

6.2.5 Conclusion

This chapter introduced an EiOM and examined it to form a clustered struc-
ture in ad hoc networks. This chapter focused on modifying ACO by adding
emotional states to ants. The results obtained verified that EiACO can perform
better than ACO in terms of finding a small number of clusters. The solution
obtained by EiACO provides a clustered structure with high connectivity. It
should be noted that the main advantage of EiACO is fast convergence.





Chapter 7

Conclusion

A challenge in the computational intelligence community is to develop effi-
cient computational models for solving complex problems such as chaotic time
series prediction, classification and NP-hard optimisation problems. A good
CI model should have low model complexity and computational complexity.
In addition, it must have the capability to solve complex problems. Many at-
tempts have been made to develop various CI models, and earlier designed
CI models, such as neuro-fuzzy and neural network models, were constructed
by taking inspiration from observed rationally orientated behaviour in natu-
ral systems. The primary assumption behind most of such research is that a
biological system follows a rationally orientated procedure and could thus be
imitated to form a CI model. This assumption has been used to develop many
of the present CI models, such as ANNs and NFs. Due to the intrinsic iterative
characteristic of the rationally orientated procedure underlying biological sys-
tems; the acquired CI models have high computational complexity. The goal
of this research and the current thesis have been to explore a new CI model
to address two issues, the model and computational complexity, in prior CI
models. To achieve these goals, as a first step, this thesis has attempted to
find answers for the following question: Can intelligent behaviour emerge from
emotional systems? The positive answer to this question forms the fundamen-
tal hypothesis of the thesis, that emotional systems can be imitated to develop
a CI model with a low time and model complexity.

This research has focused on studying different theories of emotions and,
in particular, the theories that have been proposed to explain fear in mammals.
Among various emotional theories, the fear conditioning hypothesis that was
proposed by LeDoux could support the hypothesis of this thesis. LeDoux sug-
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gested that a circuit, consisting of several regions in the mammalian brain, is
responsible for generating fear. The suggested circuit not only emphasises the
role of the amygdala in processing fear-induced stimuli and providing fear re-
actions, but also emphasises the learning procedure in the amygdala and other
regions, which can be used to predict aversive events through interacting with
other regions. Thus, the question is whether the extracted neural structure
following LeDoux’s hypothesis can be considered as a source of inspiration
to design a CI model. To answer this question, it should be noted that each
natural system should have three characteristics to be a useful inspiration to
form a CI model. Firstly, the system should consist of building components,
and its functionality should be based on interactions between these building
components. Secondly, its functionality should follow a goal-based procedure
or state-based procedure. Thirdly, intelligent behaviour must emerge through
its functionality and the interactions between its components. By looking care-
fully at the neural structure underlying the fear conditioning hypothesis, it is
concluded that it can satisfy the above three conditions and can be imitated to
form a CI model. In addition, there is another motivation behind choosing the
neural structure of fear conditioning as the basis of the development of a CI
model. The motivation is that the neural structure follows a quick procedure
to provide reaction in fearful situations. The selection of the neural structure
of fear conditioning as the basis for designing a CI model gives rise to another
question, namely, how the functionality of this structure can be described using
mathematical equations.

This thesis answers the above question by presenting a CI model that
has been named a BELiM. The general structure of a BELiM is based on the
neural structure of fear conditioning, emphasising the role of the amygdala
and its internal structure as well as its connections with other regions of the
brain. The functionality of the constituent parts of a BELiM is implemented
by assigning an adaptive network to each part. The overall mathematical for-
mulation of BELiMs can not only be used to describe a computational model
of fear conditioning but also explain EiCIs that could be useful for prediction
and classification applications.

Two different variations of BELiMs have been formed as prediction mod-
els. The models are referred to as BELFIS and BELRFS, and these have been
implemented by assigning two different types of adaptive network, known as
ANFIS and RANFIS, respectively. The performance of these models has been
evaluated by applying them to predict space weather phenomena, e.g. solar
activity forecasting and geomagnetic storm prediction.

The obtained results from several experiments have verified that BELiMs
can perform as accurately as ANFIS (their underlying adaptive networks).
Even though the model complexity of a BELiM is not lower than the model
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complexity of its underlying adaptive networks, in most of the experiments of
this thesis, the time complexity of the model is lower than the time complexity
of adaptive networks. The proposed CI models in the form of BELiMs have
not successfully addressed the model complexity issue. Actually, a BELiM can
address the time and model complexity issues only if its overall functionality
can be implemented by assigning simple adaptive networks. The performance,
the complexity and the training time of a BELiM depend on which adaptive
networks have been assigned to its internal parts. If adaptive networks with
high model and time complexity are assigned to the internal parts of a BELiM,
the BELiM will suffer from high time and model complexity. This means, in
this case, it would not be able to address time and model complexity issues
in comparison with the underlying adaptive networks. If a BELiM can be de-
veloped by assigning simple adaptive networks, its model and time complexity
could be low. Moreover, because of the modular characteristics of a BELiM,
it would be possible to combine adaptive networks with low model complexity
with adaptive networks with high model complexity. In this way, a BELiM can
perform accurately with lower model and time complexity.

A BELiM can be considered a data-driven model consisting of building
blocks with the ability to work in parallel. During this research, BELiMs have
been evaluated by applying them to solve different types of problem. In Chap-
ter 4, several problems were selected such as short-term prediction, long-term
prediction, peaks prediction, recursive prediction and prediction of data sam-
ples that contain noise to evaluate model complexity, accuracy, robustness,
training time and online adaptation features (which are the main characteris-
tics of any data-driven model).

1) Accuracy: Accuracy is an important performance parameter of a data-driven
model. One straightforward way to investigate this feature is to test the model
with benchmark data sets and compare the results obtained with the results of
well-known CI models. BELiMs were tested on different benchmark datasets
such as the Lorenz time series, sunspot numbers, the Auroral Electrojet (AE)
index and the disturbance storm time (Dst) index. In comparison with other
data-driven models, e.g., ANFIS, the results indicated that the accuracy of
BELiMs is very high. For some cases, e.g. long-term and short-term predic-
tions of chaotic time series such as the Lorenz time series, the two variations
of BELiMs tested, BELFIS and BELRFS, provide better prediction results
than other well-known data-driven models such as NFs and NNs (which are
high-accuracy models and are referred to as general approximators). Due to
the hybrid learning algorithm of a BELiM and its modular structure, a BELiM
can achieve reasonable performance by using simple adaptive networks with a
low number of nodes in different parts.

2) Model Complexity: There is no unique measurement of the model complex-
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ity of data-driven models. It can be affected directly by the number of learning
parameters of the data-driven model and the characteristics of the system it
tries to model. A learning model with a vast number of learning parameters
can be considered a high complex model. On the other hand, if the model has
a small number of learning parameters, the model can be categorised as a low
complex model. However, when a low complex model is applied to predict a
nonlinear dynamic system, it cannot capture and predict the behaviour of the
system with high accuracy. On the other hand, using a high complex model
to predict a nonlinear dynamic system might provide accurate results, but to
achieve that, the model needs an enormous number of training samples and
considerable of amount of time.

The model complexity of a learning model also depends on the dimension
of the input vector, which means that, by increasing the dimensionality of the
data, the number of learning parameters increases and the model complexity
increases. If the number of learning parameters in a data-driven model has
a linear relationship with the dimension of the input vector, the model can
be considered a suitable data-driven model. The current versions of BELiMs
that have been presented in this thesis are high complex models and cannot
be successful in achieving to address the model complexity issue. The general
structure for BELiMs provides a strategy to reduce the model complexity of
BELiMs. Due to the modular structure of BELiMs, there is a possibility to
develop a variation of BELiMs by combining adaptive networks with low com-
plexity and by that decreasing the overall model complexity of BELiMs. The
designed model indicates that it can provide high performance in classification
and prediction problems. The model complexity of a BELiM depends on its
underlying adaptive networks and by combining modules of adaptive networks
with high complexity and modules of adaptive networks with low complexity,
it would be possible to design a BELiM with high accuracy and reasonable
model complexity. However, from the results one can conclude that currently
proposed models still suffer from the model complexity issue.

3) Sensitivity to noise: A high-performance data-driven model should have
low sensitivity to noise. A data-driven model based on the general structure of
a BELiM can be robust against noise if adaptive networks with low complexity
are assigned to modules of the general structure. Even so, the obtained results
in Chapter 4 verifies that BELFIS and BELRFS perform better than ANFIS
in predicting non-smoothed sunspot numbers. By considering the fact that
BELFIS and BELRFS have been developed based on ANFIS (is not known to
be robust to noise), these two models take advantage of using local optimisa-
tion methods to optimise the learning parameters of AMYG and ORBI and
by that they are showing higher robustness than ANFIS.

4) Training time: This is defined as the time needed to train a data-driven
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model, i.e. to adjust the learning parameters of the model. A model that needs
a shorter time to be trained would be preferable compared to a learning model
that requires a longer time to find the optimal values of its learning parameter.
The training time of a data-driven model depends on the number of learning
parameters, the learning algorithm used to adjust the parameters and the op-
timisation method that is utilised as a part of the learning algorithm. As dis-
cussed, a BELiM may have a complex structure with different sets of learning
parameters; it uses a hybrid learning algorithm that is based on the steepest
descent optimisation method. Due to slow convergence of this algorithm, a
BELiM can be classified as a time-consuming algorithm. However, the modu-
lar structure of a BELiM can mitigate the time complexity issue.

5) Online adaptation: This characteristic reflects how the learning parameters
of a data- driven model adjust by using online methods. The online adapta-
tion of NNs and NFs is slow. The online adaptation in a BELiM is efficient
and robust if the nonlinear parameters of two parts (AMYG and ORBI) are
adjusted using the second learning phase. Using a robust adaptive network (in
terms of online adaptation) gives an increase in the robustness of the model.

A BELiM has a modular structure, but its modular structure differs from
conventional modular neural networks regarding connections between mod-
ules, regarding functions and regarding learning algorithms. In the conven-
tional modular neural networks, each module has different input vectors, and
different modules do not have a connection with each other. The modules of
a BELiM are connected to each other and the connections are based on the
neural structure of fear conditioning. The overall output of a modular neural
network is provided by an integrating unit (which has an important role in
defining how the outputs of different parts should be combined and in decid-
ing which module should be trained with which training data samples). In
contrast, in a BELiM, the learning algorithm of each part could be defined
at the initialisation step and can be used to train the learning parameters of
different modules independently.

Ensemble classification is another modular model, that might seem to
be similar to a variation of BELiMs, and is referred to as ELiEC. However,
the idea of ensemble classification was inspired by the rational decision-making
theory, which says that a rational person makes the optimal decision by seeking
and combining other ideas. In contrast, the basic structure of the ELiEC is
inspired by the neural structure of fear conditioning in the brain.

Although this thesis has aimed to improve current CI models by taking
inspiration from emotions, it has not been the goal to design a CI model that
can be considered the best algorithm for all real-world problems. Because of the
diversity and complexity of real-world problems, BELiMs cannot be used to
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solve accurately all complex problems, as a result of the so called no-free-lunch
(NFL) theorem.

Chapter 5 introduced another category of EiCIs, named the emotion-
inspired engine, which could be viewed as a framework to develop intelligent
decision-making systems, in particular, those that can be applied to cognitive
radio networks.

As discussed earlier, in the context of cognitive radio networks, an emotion-
inspired engine fulfils a similar functionality to that of a cognitive engine, but
the emotion-inspired engine emphasises its rapid functionality. In the follow-
ing, some characteristics of the emotion-inspired engine in comparison with a
cognitive engine have been highlighted:

1) The emotion-inspired engine has been developed based on an emotional
cycle that has been imitated from the fear circuitry. The design of the emotion-
inspired engine has been developed by taking inspiration from the regions in
the brain that are responsible for processing fear-induced stimuli. In contrast,
cognitive engines have been developed on the basis of the OODA loop, which
is an abstraction of the rational human decision-making procedure. Thus, the
design of other cognitive engines has not relied on taking inspiration from a
neural structure in the brain.

2) The emotion-inspired engine consists of four main phases and some in-
ternal phases, whereas cognitive engines have more than four main phases.
Thus, the functionality of the emotion-inspired engine could be quicker than
the functionality of previously proposed engines.

3) The emotion-inspired engine has an internal phase that is named predic-
tion. Adding this internal phase increases the performance of the model. This
is a notable characteristic of the emotion-inspired engine, because most other
engines lack a phase in which to perform a proactive reaction (e.g. Mitola’s
cognitive engine).

The cognitive engine that was proposed by Mitola mimicked the learning
capability of humans by linking machine learning algorithms to radio nodes.
However, the aim of proposing the emotion-inspired engine is to connect other
cognitive capabilities of the mammal’s brain to radio nodes.

Chapter 6 introduced a simple approach to the design of another category
of EiCIs, an approach that can be used as an optimisation method. The ap-
proach is developed based on modifying ACO by borrowing the concept of the
emotional state of affect theory (which explains the association between basic
emotional feelings and facial expressions). The formed algorithm is referred to
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as EiACO and follows a similar procedure to that of ACO; however, the initial-
isation step (step 1), the update pheromone step (step 2) and the cost function
step have been modified based on adding an emotional state to each ant. The
EiACO and ACO methods have been comparatively examined when solving
an optimisation problem in the data communication and network area. The
comparison between the results obtained from EiACO and ACO have verified
that EiACO converges faster than ACO and performs better than ACO in
solving the optimisation problem. In the example of the thesis, EiACO could
find a solution with a smaller number of clusters and higher connectivity than
the solution found by ACO.

7.1 Future Works

As discussed earlier, emotion has been an active research subject for 150 years,
and philosophers, psychologists and neuroscientists have made many efforts
to understand the emotional experience and emotional expression. Emotions
and emotional behaviour have not been considered as an intelligent aspect of
human behaviour and, as a result, emotions have not received much attention
to be integrated into the artificial intelligence domain. This researcher’s future
works for integrating emotional systems in the AI domain are divided into
two categories: the first category is related to improving presented EiCIs; the
second category regards AI tools that can be developed based on emotion, and
AI applications that can be developed by using EiCIs.

7.1.1 Perspective of Improvement of BELiMs

The proposed models have been developed based on the neural structure of
fear conditioning. However, the internal structure of the thalamus, sensory cor-
tex, amygdala and orbitofrontal cortex is more complicated than the proposed
model. Thus, one improvement that could be made, to increase the accuracy of
BELiMs, is to define a new adaptive network based on the functionality of the
neural networks of the amygdala. Extending another computational model, e.g.
the hippocampus-neocortex, by the neural structure of fear conditioning may
be another method that could improve the accuracy of the proposed BELiMs.

The training speed of the model could be enhanced by defining another
optimisation method: the Newton method can be utilised to update the non-
linear parameters. So far, the learning algorithm of BELiMs is defined as a
combination of a supervised learning and an unsupervised learning algorithm.
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Hence, the training speed of BELiMs might be improved by using only an
unsupervised learning algorithm.

7.1.2 Perspective of Future AI and Emotion-integrated
AI Applications of BELiMs

This thesis has presented simple approaches to develop emotion-inspired com-
putational intelligence models and explained some useful applications of them.
For example, the presented BELiMs were successfully employed for predic-
tion, classification and identification. It would be interesting to apply BELiMs
also for multi-variate predictions, clustering pattern regression, intelligent con-
troller, anomaly detection and feature extraction problems.

As mentioned earlier, emotion has not received enough attention in devel-
oping AI applications. However, recently, two emotion-integrated AI applica-
tions have been proposed: emotion-based decision-making and emotion-aware
ambient intelligence. It would be interesting to use BELiMs as prediction mod-
els and classification models for these two application areas. For example, BE-
LiMs could possibly be used to detect emotional state measuring brain waves
as EEG signals. BELiMs could also be used as classification methods for de-
tecting facial expression or emotional state from speech. The main motivation
behind using BELiMs for these new applications is that the background re-
search on emotion that should be done to develop these applications could also
be used to improve BELiMs.
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