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Summary. In recent years, the use of hybrid soft computing methods has shown
that in various applications the synergism of several techniques is superior to a single
technique. For example, the use of a neural fuzzy system and an evolutionary fuzzy
system hybridises the approximate reasoning mechanism of fuzzy systems with the
learning capabilities of neural networks and evolutionary algorithms. Evolutionary
neural systems hybridise the neurocomputing approach with the solution-searching
ability of evolutionary computing. Such hybrid methodologies retain limitations that
can be overcome with full integration of the three basic soft computing paradigms,
and this leads to evolutionary neural fuzzy systems. The objective of this chapter is
to provide an account of hybrid soft computing systems, with special attention to
the combined use of evolutionary algorithms and neural networks in order to endow
fuzzy systems with learning and adaptive capabilities. After an introduction to basic
soft computing paradigms, the various forms of hybridisation are considered, which
results in evolutionary neural fuzzy systems. The chapter also describes a particular
approach that jointly uses neural learning and genetic optimisation to learn a fuzzy
model from the given data and to optimise it for accuracy and interpretability.

1 Introduction

Hybridisation of intelligent systems is a promising research field in the area of
Soft Computing. It arises from an awareness that a combined approach may
be necessary to efficiently solve real-world problems.

Each of the basic Soft Computing paradigms has advantages and disadvan-
tages. Fuzzy systems do not have the automatic learning of neural networks,
hence they can not be used in the absence of expert knowledge. Fuzzy sys-
tems have an advantage over neural networks and evolutionary strategies, as
they can express knowledge in a linguistic form. This is familiar and forms
part of the human reasoning process. Neural networks are developed specifi-
cally for learning, and are fundamental when a set of significant examples of
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the problem to be solved are available, rather than a solution algorithm for
the problem. In general, neural networks can learn from examples. The way
in which knowledge base is extracted through learning process is not easy for
humans to understand. Evolutionary strategies, despite the learning speed be-
ing slower than neural networks, are able to use much more general functions
than differentiable ones. This is because they do not require the computation
of the gradient of the functions. Finally, as evolutionary algorithms explore in
several directions the search space, they are less affected than neural learning
by the problem of finding local minima.

A hybrid technique which makes use of a combination of the three Soft
Computing paradigms is an interesting prospect. When these constituents
are combined, they operate synergistically rather than competitively. Their
mutual dependence may produce unexpected performance improvement.

In the last decade, several Soft Computing frameworks have been devel-
oped for a wide range of domains. Many of them solve a computational task
by using a combination of different methodologies. The aim is to overcome
the limitations and weakness of the several techniques.

This chapter gives an overview of different viewpoints of hybridisation
among Soft Computing paradigms. The main features of principal Soft Com-
puting paradigms are introduced. The attention is focused on all the possible
ways of integrating the characteristics of two paradigms. This results in neural

fuzzy systems, which is a hybrid of approximate reasoning method of fuzzy
systems with the learning capabilities of neural networks, evolutionary fuzzy

systems use evolutionary algorithms to adapt fuzzy systems, and evolutionary

neural systems, integrating the solution-searching ability of evolutionary com-
puting with the neurocomputing approach. In conclusion, full hybridisation
of the three paradigms is addressed. We summarise the research done on evo-
lutionary neuro-fuzzy systems that integrate the solution-searching feature of
evolutionary computing and the learning ability of neurocomputing with the
explicit knowledge representation provided by fuzzy computing.

An example of full integration between Soft Computing paradigms is pre-
sented that makes use of neural learning and genetic algorithms to learn fuzzy
models from data. This improves the accuracy and the ease of interpretation.

The chapter is organised as follows. Section 2 gives the fundamentals on
the three main Soft Computing paradigms. That is, neural networks, fuzzy
inference systems and evolutionary algorithms. Sections 3 to 5 provide a re-
view of all possible forms of combination among the paradigms. In section 6
different examples of evolutionary-neuro-fuzzy hybridisation are considered,
and some applications are reported. Section 7 presents a hybrid approach for
the optimisation of neuro-fuzzy models based on an evolutionary algorithm.
An example of the application is included in this section. Section 8 concludes
the chapter.
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Fig. 1. Integration possibilities in Soft Computing.

2 Soft Computing Systems

The term Soft Computing [193] indicates a number of methodologies used
to find approximate solutions for real-world problems which contain various
kinds of inaccuracies and uncertainties. The guiding principle of Soft Comput-
ing is to develop a tolerance for imprecision, uncertainty, partial truth, and
approximation to achieve tractability, robustness and low solution cost.

The underlying paradigms of Soft Computing are Neural Computing,
Fuzzy Logic Computing and Evolutionary Computing. Systems based on such
paradigms are Artificial Neural Networks (ANN’s), Fuzzy Systems (FS’s), and
Evolutionary Algorithms (EA’s).

Rather than a collection of different paradigms, Soft Computing is better
regarded as a partnership in which each of the partners provides a methodol-
ogy for addressing problems in a different manner. From this perspective, the
Soft Computing methodologies are complementary rather than competitive.
This relationship enables the creation of hybrid computing schemes which use
neural networks, fuzzy systems and evolutionary algorithms in combination.
Figure 1 shows their use in a Soft Computing investigation.

In the following, after a description of the three basic Soft Computing
paradigms, some hybrid soft computing systems are overviewed. These show
the rapid growth in the number and variety of combinations using ANN’s,
FS’s and EA’s.

2.1 Neural Networks

Artificial Neural Networks (ANN’s) are computational models that are loosely
modelled on biological systems and exhibit in a particular way some of the
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Fig. 2. The structure of three layers ANN.

properties of the brain. They are composed by a number of simple processors
(neurons) working in parallel, without any centralised control. The neurons
are arranged in a particular structure which is usually organised in layers.
A system of weighted connections determines the information flow through
the network. In figure 2 a neural network is depicted with two layers, plus an
input layer. The behaviour of an ANN is determined by the topology of the
connections and by the properties of every processing unit, which typically
evaluates a mathematical function. The numeric weights of the connections
are modified in order to give ANN’s a dynamic nature. ANN’s possess also
adaptive properties, since they are able to modify their output depending on
the actual weight. The weight value is dependent on past experience. The
learning of an ANN is based on the analysis of input data (training set) and
the particular learning algorithms. The knowledge is eventually embedded
into the weight configuration of the network.

Neural networks are commonly regarded as learning machines that work on
the basis of empirical data. The only means of acquiring knowledge about the
world in a connectionist system comes from observational instances. There
are no a priori conceptual patterns that could lead to a learning process.
The neurons composing the network only perform a very simple task. This
consist of evaluating a mathematical function and transmitting a signal. This
is similar to the neuronal cells of biological brains. The aim is to adapt to the
surrounding data from the system. This rather simplified structure enables
ANN’s to perform quite complex tasks, endowing connectionist systems with
the capability of approximating continuous functions to any required degree
of accuracy. The task of a neural network is to realise a mapping of the type:

φ : x ∈ Rn → y ∈ Rm, (1)

where x is a n-dimensional input vector and y is an m-dimensional output
vector.

ANN’s can be variously distinguished in terms of their configurations,
topology and learning algorithms. Generally speaking, two main types of con-
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figurations can be identified: feedforward networks, these possess connections
which propagate the information flow in one direction only. The other type is
recurrent networks, whose nodes may have feedback connections, where the
input for a neuron may be the output from another neuron. Here the input
may be from the particular neuron in question. Each connectionist system is
characterised by a particular topology. That is, the organisation of its own
neurons. The most typical neural architecture is represented by the multilay-
ered network, where the processing units are fully interconnected in three or
more layers and the output is interpolated among all the nodes of the network.
On the other hand, in competitive networks the nodes compete to respond
to inputs. A particular scenario may have some units that are active, while
all others are inhibited. Finally, learning algorithms play an important role
in characterising the working mechanism of an ANN. The most commonly
employed learning algorithm is the error back-propagation training. This in-
volves adjusting the connection weights under a supervised learning scheme.
Other types of learning algorithms include counter propagation mechanisms,
Hebbian learning, Boltzmann algorithm and self-organising maps. Further de-
tails concerning the characterisation of neural networks, may be obtained from
references which include [7, 15, 71, 75, 149].

2.2 Fuzzy Systems

Fuzzy mechanisms suitable for tasks involving reasoning have been proposed
as an extension to classical formal logic. They were first introduced in set the-
ory. The concept of a “fuzzy set” has been employed to extend classical sets,
which are characterised by crisp boundaries. This addition permits a degree of
flexibility for each object belonging to a particular set. This quality is realised
by the definition of membership functions that give fuzzy sets the capacity
of modelling linguistic, vague expression [192]. Fuzzy sets constitute the basis
for fuzzy logic, a novel way for developing reasoning models by handling im-
precise information, which truth can assume a continuum of values between
0 and 1. This kind of information is often referred to as fuzziness: it should
be noted that fuzziness does not come from randomness, but from the uncer-
tain and imprecise nature of abstract thoughts and concepts. Fuzzy reasoning
realises a form of approximate reasoning that, using particular mathematical
inferences, derives conclusions based on a set of fuzzy IF-THEN rules, where
linguistic variables could be involved. In this way, fuzzy logic is suitable for
describing the behaviour of systems which are either too complex or too ill-
defined to be amenable to precise mathematical analysis. Classical systems
cannot cope with inexact or incomplete information, because they do not pro-
vide any means of representing imprecise propositions and do not possess any
mechanism that can make an inference from such propositions.

Fuzzy logic systems commonly contain expert IF-THEN rules and can be
characterised in terms of their fundamental constituents: fuzzification, rule

base, inference, defuzzification. Figure 3 is a schematic representation of such
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Fig. 3. The basic components of a fuzzy system.

a fuzzy system. Fuzzification is a mapping from a crisp input space to fuzzy
sets in a defined universe:

U : xi ∈ R → X ∈ U ⊂ Rq. (2)

Here xi represents a crisp value and q is the number of fuzzy classes. The fuzzy
sets are characterised by membership functions which portray the degree of
belonging of xi to the values in U, µF (xi) : U → [0, 1].

The rule base is constituted by an ensemble of fuzzy rules and the knowl-
edge is expressed in the following form:

IF x1 is Ak
1 AND . . . AND xn is Ak

n

THEN y1 is bk
1 AND . . . AND ym is bk

m,
(3)

where the index k = 1, . . . ,K indicates the k-th rule among the K rules in
the rule base; Ak

i and bk
j are fuzzy sets. These are defined over the input

components xi, i = 1, . . . , n, and the output components yj , j = 1, . . . ,m,
respectively. The rule is a fuzzy implication that is usually represented by
a Cartesian product of the membership functions of antecedents and conse-
quents.

The fuzzy inference process can be described by starting with the definition
of the membership functions µik(·) related to the kth fuzzy rule and evaluated
for each input component of a sample vector x = (x1, . . . , xn). The most com-
monly employed membership functions are the triangular and the Gaussian
functions. The values obtained by the fuzzification contribute to the AND
conjunction of each rule, which is interpreted by a particular T-norm. This is
most commonly the min or the algebraic product operators. After evaluating
the degrees of satisfaction for the entire set of fuzzy rules, the K activation
strengths are used in the OR disjunction represented by the alternative rules.
These are interpreted by a particular S-norm, the max or the algebraic sum

operators are most commonly used.
Finally, the defuzzification process is used to reconvert the fuzzy output

values, deriving from the inference mechanism, into crisp values. These can
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Fig. 4. The general structure of an evolutionary program.

then be eventually employed in different contexts. The most common strategy
for defuzzification is to use the centre of area method which gives the centre
of gravity of the output membership function.

Further details concerning the characteristics of fuzzy systems can be found
in [22, 43, 147].

2.3 Evolutionary Algorithms

“Evolutionary Algorithms” is a general term for indicating a number of com-
putational strategies that are based on the principle of evolution. Population-
based generate-and-test algorithms are used. An evolutionary algorithm is an
iterative probabilistic program, employed in optimisation problems. A pop-
ulation of individuals, P (t) = {pt

1, . . . , p
t
n} is involved for each iteration t

[52, 79, 115]. Each individual pt
i represents a potential solution for the prob-

lem and is represented as some data structure S. The metaphor underlying
evolutionary computation enables us to review this encoding process as a
translation from a phenotype representation to chromosomal representation
or genotype encoding. The population members are successively evaluated in
terms of a particular function. This function is specifically designed for the
problem, in order to express the fitness of the individuals. In this way, at
iteration t + 1 a new population can be generated on the basis of the fittest
elements. These are selected according to some prefixed rule to produce an
offspring by means of “genetic” operators. They are usually represented by
unary transformations, mi : S → S (mutation), and higher order transfor-
mations, cj : S × . . . × S → S which is called crossover, or recombination.
The successive generations of several populations hopefully converge to a final
offspring encoding an optimal solution. In figure 4 the general scheme of an
evolutionary algorithm is shown.
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The most common evolutionary computation techniques are genetic algo-
rithms, so that the terms “Evolutionary Computation” and “GA-based meth-
ods” are used almost as synonyms. However, different evolutionary techniques
should be distinguished. They can be characterised in terms of the data struc-
tures S employed to represent the chromosomes, the genetic operators and
the individual selection schemes involved. In particular, Genetic Algorithms
[59, 79, 115] codify chromosomes as binary strings. Genetic operators are ap-
plied only to the genotypical representations where the role of recombination
is emphasised. In Evolutionary Programming [52, 53], finite state machines
are used to represent individuals. Here the only genetic operator is mutation,
applied to the phenotypical representations. Evolution Strategies [155, 156]
make use of real-valued vectors to represent individuals and do not have re-
combination mechanisms. Another evolutionary approach consists in Genetic
Programming [5, 99, 101, 102, 103, 104], where structures of possible com-
puter programs (trees or even neural networks) evolve to represent the best
solution to a problem.

3 Neuro-Fuzzy Systems

The neuro-fuzzy hybridisation represents by far the most fruitful and the most
investigated strategy of integration in the context of Soft Computing. Both
neural networks and fuzzy systems are dynamical, parallel processing systems
that estimate input-output functions [118]. Fuzzy logic is capable of modelling
vagueness, handling uncertainty and supporting human-type reasoning. Con-
nectionist systems rely on numerical and distributed representation of knowl-
edge and they are often regarded as black boxes, revealing little about their
inductive engines. Also in terms of application requirements fuzzy logic and
neural systems show very contrasting positions. Neural networks are capable
of learning from scratch, without needing any a-priori intervention, provided
that sufficient data are available or measurable. On the other hand, fuzzy sys-
tems make use of linguistic knowledge of the process, which can be supplied
by human experts.

To a large extent, the key-points and the shortcomings of connectionist
and fuzzy approaches appear to be complementary. It seems to be a natural
practice to build up integrated strategies combining the concepts of the two
paradigms [89, 94, 100, 111, 122, 130, 135]. It should be observed that neuro-
fuzzy systems are the most prominent representatives of hybridisations in
terms of the number of practical implementations. A number of successful
applications can be observed in engineering and industrial applications [19].

An inspection of the multitude of hybridisation strategies proposed in lit-
erature which involve neural networks and fuzzy logic would be somewhat
impractical. It is however straightforward to indicate the general lines under-
lying this kind of integration. This appears to be twofold. If we consider the
fuzzy inference system as the main subject of the hybridisation, neural net-
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works can add learning capabilities to an inference engine which reveals to be
spoilt by some self-constructing feature. This approach is referred to as Neuro-
Fuzzy System (NFS). However, when a connectionist system is regarded as
the main subject of the hybridisation, fuzzy logic may assist by incorporating
fuzziness into the neural framework. This may enable a better view of the
black box. This argument is commonly referred to as Fuzzy-Neural System
(FNS).

In the following we will briefly review some of the most prominent examples
of neuro-fuzzy hybridisation proposed in literature.

3.1 Fuzzy-Neural Systems

Fuzziness could be incorporated into neural networks at different levels. Exam-
ples are given in literature concerning the fuzzification of input data, output
results, learning procedures, error functions [69, 82, 95, 117, 119, 120, 129,
175]. One of the most intriguing examples of fuzzy-neural hybridisation is
investigated by a field of research which constructs systems based on fuzzy
neurons. These specific neurons are designed to realise the common opera-
tions of fuzzy set theory. That is, fuzzy union, intersection, aggregation. This
is instead of the usual standard algebraic functions. Using this technique it
may be possible to take advantage of the transparency and readability of the
structures. This may result in improved interpretation for the overall system
[76, 132, 136].

3.2 Neuro-Fuzzy Systems

A number of results have been presented to demonstrate the formal equiva-
lence between fuzzy rule-based systems and neural networks [11, 20, 21, 70].
In particular, a functional equivalence has been shown to exist between radial
basis function networks and fuzzy systems [88]. On the basis of this cor-
respondence, various neuro-fuzzy integrations have been proposed to endow
fuzzy inference engines with learning capabilities using the neural compo-
nents. In practice, connectionist learning can be exploited to tune the para-
meters of an existing fuzzy system and/or to compile the structure of the rule
base [34, 36, 50, 92, 96, 128, 166, 168, 170]. Among the most popular and
pioneering neuro-fuzzy systems can be cited: GARIC [12], NEFCON [123],
ANFIS [87]. All of these are models for successive hybridisation strategies
[26, 98, 124, 125, 126, 167, 169].

4 Evolutionary-Fuzzy Systems

The effectiveness of evolutionary techniques in performing complex search
processes over spaces has been successfully applied to provide learning capa-
bilities to fuzzy systems. This kind of hybridisation led to the development of
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genetic fuzzy systems (GFS’s) [6, 42, 134, 152]. A GFS is therefore represented
by a fuzzy rule based system which relies on genetic components to accom-
plish the main processes related to the system design: parameter optimisation
and rule generation. Actually, the optimisation process usually concerns the
tuning procedure applied over the variables of a fuzzy system. This may be
already established in the structure. This configures the adaptation process.
A more proper learning approach is realised when the genetic components
are involved in the generation of the rule base, without reference to any pre-
existing structure. It should be noted that, without loss of generality, we refer
to the employment of genetic components. This is because genetic algorithms
appear to be the most applied techniques inside this field of research.

The genetic search processes involved with GFS’s are with a Knowledge
Base constituted of:

• a Data Base, including the definitions of the parameters and variables of
the fuzzy system;

• a Rule Base, comprising of a number of fuzzy rules.

As previously observed, the exploration of the different components of the
Knowledge Base is correlated with the different objectives that can be at-
tained. These range from parameter adaptation to pure learning activity. It
should be observed that, similarly to any other search process, the applica-
tion of evolutionary techniques to the Knowledge Base is subject to a trade-off
between the dimension of the search space and the efficiency of the search.
In this way, the smaller the search space will likely lead to a faster process
yielding suboptimal solutions. A larger search space is more likely to contain
optimal solutions, even if the search process would be less efficient.

For the purposes of our presentation, we are first going to describe the com-
mon applications of genetic procedures when used to create fuzzy rule-based
systems, distinguishing different genetic adaptation and learning processes,
and then some other kinds of hybridisation strategies proposed in literature.

4.1 Adaptation of the GFS Data Base

The tuning process applied to the Data Base of a GFS aims to optimise the
membership functions in the fuzzy rule base. This is commonly predefined for
the system.

Each individual may encode within its chromosomes the parameters of
the Data Base. This codifies the particular shape of the membership func-
tions or even the entire fuzzy partitions used to design the fuzzy rule base.
This is especially true when dealing with descriptive fuzzy systems which in-
volve linguistic variables. A number of references are addressed in literature
as examples of this approach, and have both real-valued and binary-valued
chromosomes have been adopted [40, 58, 65, 68, 73, 159].
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4.2 Learning of the GFS Rule Base

The employment of genetic learning for the generation of fuzzy rules has
been traditionally proposed in literature. There are three main approaches
and these are the Pittsburgh [163], the Michigan [80] and the Iterative Rule
Learning [173]. In the Pittsburgh approach an entire fuzzy rule base is en-
coded as a chromosome, and thus is one of the individuals of the candidate
population. The Michigan approach, on the other hand, codifies each individ-
ual rule in a chromosome, so that the population represents the fuzzy rule
base. The IRL approach encodes separately each rule and builds up the fuzzy
rule base in an iterative fashion. This is done by adding a rule at every appli-
cation of the genetic algorithm. In every case, when we consider approaches
devoted to GFS Rule Base learning, we should be concerned with a particular
scenario where the Data Base or the set of the involved membership functions
is pre-configurated.

The most common way to codify a rule is to represent it in the disjunctive
normal form. A set of rules is generally encoded as a list. In this way, the
chromosomes can be given by the code of a single rule or by the assembly of
several rules. Bibliographical references can be classified as belonging to the
Pittsburgh approach [78, 141], the Michigan approach [16, 84] and the IRL
approach [39, 61].

4.3 Learning of the GFS Knowledge Base

The genetic component can be employed to determine the entire Knowledge
Base pertaining to a GFS. Here both the parameter adaptation and the rule
base learning are assessed by the genetic search process.

The fundamental strategies introduced in the previous section can be re-
stated to characterise the approaches in literature. They distinguish between
the Pittsburgh-based [8, 23], the Michigan-based [131, 172] and the IRL-based
[40, 41] learning methodologies.

4.4 Different Hybridisation Strategies

In order to complete the presentation, we mention a number of hybridisation
strategies which integrate evolutionary techniques and fuzzy logic differently
to the genetic adaptation and learning processes discussed in the previous
sections.

First of all, it is pointed out how different approaches, other than genetic
algorithms, have been employed to evolve fuzzy rule bases. In particular, Ge-
netic Programming can be utilised for this purpose, provided that the fuzzy
rules are codified by coherent computer program structures, such as syntactic
trees [2, 9, 35, 57, 77]. Recent sophisticated versions of genetic algorithms have
been successfully adopted, and these include parallel GA’s and coevolutionary
algorithms [33, 45, 138, 143, 146].
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Evolutionary algorithms have been also applied to solve peculiar questions
connected with the management of a fuzzy rule base. It must be mentioned the
employment of genetic techniques in high-dimensional problems to perform
the selection of fuzzy rules [60, 83, 148], and the selection of features [24, 62,
108]. Recent works concern the growing interest in issues of comprehensibility.
They should be regarded with the same attention as issues of accuracy arising
from the application of fuzzy systems [83, 85, 91].

In a different way, GA’s have found application in conjunction with fuzzy
logic to improve the capabilities of clustering algorithms such as fuzzy C-
means [14]. In particular, genetic strategies can be adopted to optimise the
parameters of a FCM-type algorithm [66, 171], used to define the distance
norm [191] and to directly produce the clustering results [18].

We point out that the evolutionary-fuzzy hybridisation can be analysed in
the reverse direction, with respect to that so far considered. This is done even
if it appears to be less profitable. Instead of considering the learning capa-
bilities that genetic strategies could add to fuzzy system, fuzzy evolutionary

algorithms focus on the management of GA parameters such as mutation rate
or population size, using fuzzy systems [72, 137, 165].

To conclude our discussion, two bibliographical references assess the ap-
plication possibility of GFS’s [17, 46].

5 Evolutionary-Neural Systems

The combination of evolutionary algorithms and neural networks has led to
the development of the so-called “Evolutionary Artificial Neural Networks”
(EANNs’) [181]. Using this term it is common to indicate a particular class
of connectionist systems having augmented capabilities of adaptation to the
external environment. If we regard the learning capabilities of a neural network
as a form of adaptation based on the basis of data investigation, EANN’s
are able to show enhanced adaptability in a dynamic environment, due to
the evolutionary components. This kind of fitting process may take place at
several levels. These range from connection weights to network topology or
even to learning rules. Strategies of evolution of connection weights are in
many cases oriented to replace the classical back-propagation and conjugate
gradient algorithms. It is hoped to overcome the drawbacks of gradient-descent
techniques. Adaptation of architectures is also useful to avoid the tedious trial
and error mechanism used by the human knowledge expert, which up to now
remains the most common way of designing connectionist systems. With the
evolution possibilities of learning rules a kind of “learning to learn” process
could be developed. This would enable neural networks to become flexible and
adjust to the problems to be solved. This could lead to an improvement of
the learning performance, that is known to be dependent on the environment
conditions and the task at hand. This would be instead of relying on individual
training algorithms [179].



Evolutionary neuro-fuzzy systems and applications 13

The adaptation process supported by the evolutionary components of an
EANN is subjected to the usual cycle of computation. It is noted that some
problems are inherently connected with the evaluation process of the individ-
uals. The noisy fitness evaluation problem [182] compromises a fair estimate
of the generated individuals. That is due mainly to the unavoidable one-
to-many mapping between genotype and phenotype, whenever evolution of
network topology is performed without consideration of the weight connec-
tions. The noise apparent during the evaluations of the fitness is related to
the approximation of the genotype fitness value, that is the network encod-
ing, with the phenotype fitness value. The network is evaluated by means of
random initial weights during the evolutionary iterations. The permutation
problem [67] could also occur when a many-to-one mapping from the geno-
typical to the phenotypical representation is done. This is due to the fact that
a permutation of the hidden nodes of a network produces equivalent ANN’s
with different chromosome representations. Further analyses concerning the
genotype/phenotype mapping can be found in [51, 52].

We will now briefly describe the different types of integration strategies of
evolutionary algorithms and neural networks, as given in the literature.

5.1 Adaptation of the Connection Weights

The idea of applying evolutionary algorithms to adapt neural network weights
could appear straightforward if we consider the network learning as a search
for an optimal parameter configuration. Actually, EA’s can be helpful in order
to overcome the limitations of gradient descent methods. They may avoid the
problem of them becoming trapped in local minima of the error function.
They are then able to seek globally optimal solutions, without the need of
referring to continuos and differentiable functions.

The employment of classical genetic algorithms is to determine a repre-
sentation of connection weights via binary strings. Each individual can be re-
produced by concatenating the binary code of the single weight configuration.
This yields a general representation and allows a straightforward application
of both crossover and mutation operators [90, 164, 178]. A more compact
representation could be obtained by using real numbers which directly cor-
respond to the weight values [63, 142, 153]. This approach can produce a
more compact chromosome representation. Some difficulties can arise with
the application of traditional mutation and crossover operators. For this rea-
son, different strategies have been employed in this situation. These include
evolutionary strategies implementing only mutation [154, 187].

The adoption of EA’s for weight adaptation may be shown to be useful
in enhancing the accuracy of neural networks. However, the most promising
applications appear to be the development of cooperative training processes.
In fact, the ability of EA’s to find global basin of attraction may be coupled
with some techniques of local search. The employment of evolutionary tech-
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niques to find near-optimal initial condition, followed by back-propagation
local search has been successfully applied [107, 189].

5.2 Adaptation of the Architectures

In a similar way to the search for connection weights, the design of a network
architecture can be regarded as a peculiar search process. In principle it can be
done by means of evolutionary methods. The problem here can be embedded
into the chromosome representation. The direct encoding approach aims at
encoding all the parameters useful for realising a correspondence between the
network topology and the employed data structure. This can be represented
by a matrix recording the connections between the nodes [114, 116]. This
kind of approach is likely to increase the dimension of the coding structure
and therefore some indirect encoding strategies have been proposed. These
make use only of a set of the most important factors needed to define the
network architecture. Other details may be either disregarded, predefined or
specified by means of deterministic rules [139, 174, 188].

In order to avoid the noisy fitness evaluation problem mentioned before,
architecture and weight connections have sometimes evolved together. A fully
specified neural network may be codified in a one-to-one mapping [48, 144,
182, 183, 185].

5.3 Adaptation of the Learning Rules

The ultimate application of EA’s to neural network optimisation relies on the
adaptation possibilities of the learning rules. The selection of an appropriate
training algorithm, together with the weight initialisation and the topology
design, plays a fundamental role in determining the behaviour of a connec-
tionist system. It can be argued the principle of applying the same learning
rules for every task is impracticable. For these reasons, the help supplied by
an evolutionary search in dynamically determining a proper learning strategy
in different contexts would be valuable. The process of encoding a learning
rule represents a challenging task. Some proposals can be found in literature,
and these range from the plain evolution of the algorithmic parameters of
back-propagation methods [97], to the effective evolution of learning rules,
which have been assumed to be particular functions. These have been evolved
in terms of their coefficients [10, 32].

5.4 Different Hybridisation Strategies

The hybridisation of evolutionary algorithms and neural networks can be done
in ways which are quite different to those described in the previous sections.
Instead of considering the support provided by EA’s for designing a connec-
tionist system in terms of weight configurations, topology and learning rules,
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a preprocessing activity can be used which is suitable for efficient neural train-
ing. Evolutionary methods are employed to develop an input feature selection
process [64, 106].

The integration of the paradigms can also be considered in the use of an
ANN to support evolving procedures. Some have suggested the employment of
neural networks for controlling the parameters involved in fitness evaluation
[37].

A fruitful field of research is represented by the use of ensembles of neural
networks. An ensemble of ANN’s is regarded as a population which may offer
better generalisation opportunities when considered as an integrated system
[113, 184].

6 Evolutionary-Neuro-Fuzzy Systems

An evolutionary neuro-fuzzy system (ENFS) is the result of adding evolu-
tionary search procedures to systems, integrating fuzzy logic computing and
neural learning. Using these three Soft Computing paradigms together can
overcome some limitations of simpler forms of hybridisation.

One of the main problems with neuro-fuzzy systems is that the learning
algorithm which is typically based on a steepest descent optimisation tech-
nique minimising an error function. That is, back-propagation training is not
guaranteed to converge. The algorithm may be trapped in a local minimum.
It can never find the global solution. The tuning of the membership func-
tion parameters through neural learning is also not guaranteed. As previously
stated (see section 5.1), experimental evidence has shown cases where evolu-
tionary algorithms are inefficient for fine tuning solutions. They are better at
finding global solutions. A hybrid learning scheme combining neural learning
and evolutionary strategies may be able to solve this problem. A common
approach involves using a genetic algorithm to rapidly locate a good region
in the solution space and to initialise membership function parameters. The
parameters are then fine tuned by applying a gradient descent learning algo-
rithm that performs a local search in the good region to find a near optimal
solution [194].

A problem of (neuro-)fuzzy modelling is the difficulty of determining the
proper number of rules and the number of membership functions for each rule
(see section 4). Evolutionary approaches can be integrated into neuro-fuzzy
modelling to overcome this difficulty and to perform structure and parameter
optimisation of the fuzzy rule base.

Several methodologies have been proposed in the literature to develop a
form of evolutionary-neural-fuzzy hybridisation. We now review some of the
existing approaches, grouping methodologies to reach the goal of optimisation.
Some of them aim to learn parameters of a fuzzy rule base, whose structure
is assumed to be fixed in advance. Other methods are developed to perform
both structure and parameter learning of a fuzzy rule base.
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6.1 Parameter Learning

A common approach given in the literature to assess an ENFS is by adding
evolutionary learning capabilities to a neuro-fuzzy network. This network is
usually a feed-forward multilayered network, which incorporates some fuzzy
concepts. The result is a feed-forward multilayered network having both fuzzy
and genetic characteristics.

In simplest approaches, a GA is used to learn or tune all the parame-
ters of a neuro-fuzzy network which is assumed to have a fixed structure
[112, 157, 127, 145, 177]. In these cases chromosomes of the GA encode all
the parameters of the neuro-fuzzy model, including parameters of membership
functions as defined in the antecedent and consequent of each fuzzy rule. In
[49] the parameter identification of a fuzzy model is achieved in three separate
learning phases. The first phase uses the Kohonen’s self organising feature map
algorithm to find the initial parameters of the membership functions. A max-
imum matching-factor algorithm is applied, in the second phase, to find the
correct consequence part of each rule. After the fuzzy rules have been found
and the whole network structure is established, the third learning phase fine-
tunes the membership function parameters using a multiresolutional dynamic
genetic algorithm (MRD-GA) that dynamically adapts the fuzzy-model con-
figuration during the optimisation process.

6.2 Structure and Parameter Learning

Genetic algorithms may also be applied for structure optimisation of a fuzzy
rule base. That is, to define the proper number of rules and the number of
antecedents and consequents in each rule, as in [54].

Evolutionary strategies can be conveniently applied to simultaneously
learning the parameters and the structure of a fuzzy model. Several approaches
are given in the literature that involve the membership function parameters
together with the fuzzy rule set, including the number of rules. In some cases
the antecedent and consequent part of each rule are also included. As an
example, the strategy proposed in [4] optimises the whole fuzzy system, rep-
resented as a neural network, in order to derive a minimum rule number
fitting the given specifications, while training the network parameters. In [55]
a GA-based method is used for a rough search for proper structures in the an-
tecedent of fuzzy rules. The fine tuning of the parameters of the fuzzy model is
done successively using neural learning. A complex hybrid genetic-neuro-fuzzy
scheme is implemented in FuGeNeSys [150] that can learn a fuzzy rule base
from the data. This uses the membership function parameters, the number of
rules and the structure of each rule. These are simultaneously defined via a ge-
netic algorithm that incorporates neural learning in the evolution procedure.
Each individual in the population is made up of a set of rules, where each
rule has an adjustable number of antecedents and consequents. Whenever a
better individual is generated, it is transformed in a neuro-fuzzy network and
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trained with a back-propagation procedure until the error is reduced. Finally,
the trained neuro-fuzzy network is retransformed in a genetic individual and
used to replace the original individual.

In other approaches, such as the EvoNF (Evolving Neuro Fuzzy) model
proposed in [1], all the adjustable parts of a fuzzy system, such as the member-
ship function parameters, structure of the rule base. This includes items such
as the number of rules, representation of antecedents and consequents. The
fuzzy operators are derived through an evolutionary strategy. Coding all such
informations into a chromosome leads to individuals characterised by a com-
plex layered structure. The optimisation strategy may become computation-
ally expensive. Neural learning can be used to further tune the membership
functions located by the evolutionary algorithm.

Finally, genetic algorithms can be used to evolve fuzzy neural networks.
That is, neural networks that incorporate fuzzy numbers as weights, perform
fuzzy operations in the nodes, and/or consider fuzzy nodes to represent mem-
bership functions. In this case, the learning process uses GAs to obtain the
weights of the neural network, to adapt the transfer functions of the nodes,
and/or to adapt the topology of the network, as in [105].

6.3 Applications

Hybrid systems using a combination of neural, fuzzy and evolutionary com-
puting have been successfully employed in many applications, such as control
[162], manufacturing [121], financial prediction [190], pharmacology [151], con-
sumer products [161], telecommunications [13], modelling and decision mak-
ing.

Some of these ENFS’s application samples are reported in the literature.
Our account does not claim to represent a complete overview.

In [161], the authors report an application of evolutionary computation in
combination with neural networks and fuzzy systems for intelligent consumer
products. The role of the evolutionary algorithm is to adapt the number of
rules and to tune the membership functions to improve the performance of
particular fuzzy systems. They are involved in predicting the number of dishes
to be cleaned by a dish washer, estimating the amount of rice in a rice cooker
and controlling a microwave oven. The paper also mentions evolutionary com-
putation for fuzzy rule generation when applied to process control.

In [190] an evolutionary fuzzy neural network is proposed for financial
prediction with hybrid input data sets from different financial domains.

In [3] a genetic-neuro-fuzzy system is applied to on-line recognition of on-
line Arabic cursive handwriting. In this system, a genetic algorithm is used
to select the best combination of characters recognised by a fuzzy neural net-
work. The value returned from the fitness function for each gene represents the
degree of match between the word represented by that gene and the real hand-
written word. The calculation of the fitness value is based on the fuzzy values
assigned to the recognition of each character by the fuzzy neural network.
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In [121] the authors present a neuro-genetic-fuzzy system for comput-
erised colour prediction, which is a challenging problem in paint production.
A fuzzy knowledge base for predicting the pigment concentration of ten dif-
ferent colours for a given surface spectral reflectance is obtained by means of
a neuro-fuzzy system. The fuzzy population generator uses this knowledge to
seed the first generation of colour chromosomes. In addition, expert knowledge
of the colour technician about the correct proportions of colours, the number
of necessary colours and conflicts between complementary and similar colours
is summarised in a fuzzy rule base that is introduced in the first generation of
colour chromosomes. The GA calculates one component of colour chromosome
fitness according to the compliance of the chromosome’s colour with the fuzzy
expert rules.

7 A Genetic-Based Approach to Optimise Neuro-Fuzzy

Models

Research on NFS’s and EFS’s has for long been considered the objective of
the learning process in terms of accuracy. Consequently, the error measure
as minimised by neural learning, or the fitness function as maximised by the
genetic algorithm was stated in terms of errors or distances from the target
output. This causes a lack of interpretability and transparency in the resulting
fuzzy rules. This is due to generation of meaningless and overlapping fuzzy
sets.

Indeed, the most important motivation to use a fuzzy system is that the
produced model is characterised by a clear reliance on linguistic terms that
allows for easy understanding by humans. Hence, methods for training fuzzy
models from data should not only find the best approximation of the data,
but also and more importantly, they should extract knowledge from the data
in the form of fuzzy rules that can be readily understood and interpreted.

Recently, the concepts of linguistic fuzzy modelling, interpretability, and
similar ideas were considered to have qualities almost the opposite to accuracy.
These have now been reconsidered [25] and today are viewed as an interesting
part of the design process of a FS using neural learning and genetic algorithms.
Several works have suggested both accuracy and interpretability as objectives
in genetic-based learning systems [83, 85, 91]. This sets a situation for the
learning process where several differing objectives have to be simultaneously
considered. Some of the measures used to determine the level of interpretabil-
ity of a fuzzy system are degree of compactness [83]. This may be regarded as
the number of rules in the rule base, and rule simplicity [31]. This simplicity
of rules may be evaluated through the number of input variables involved in
each rule.

In this section we present an approach to identify accurate and inter-
pretable fuzzy models based on a combination of neural learning and genetic
algorithms [30]. The approach is aimed to optimise both the structure and
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the parameters of the fuzzy model extracted from data by a neural learning
scheme through a multi-objective genetic algorithm. An iterative process is
performed in each step using two optimisation procedures. A structure opti-
misation procedure that reduces the number of rules, and a multi-objective
genetic algorithm that tunes membership function parameters. This is done by
enforcing constraints on the fuzzy sets to ensure they result in a well-formed,
leading to fuzzy rules that can be easily understood.

Returning to the fuzzy rule expressed in (3):

IF x1 is Ak
1 AND . . . AND xn is Ak

n

THEN y1 is bk
1 AND . . . AND ym is bk

m,

we may suppose that the fuzzy model, generated by the neural learning algo-
rithm, makes use of fuzzy singletons bk

j (j = 1 . . . m). These are defined over

the output variables yj and fuzzy sets Ak
i represented by Gaussian member-

ship functions µik(xi) = exp
(

− (xi−cik)2

2a2
ik

)

. Where cik and aik are the centre

and the width of the Gaussian function, respectively.
Based on a set of K rules, the output of the fuzzy inference system for a

given input x(0) is obtained as follows:

ŷj(0) =

∑K

k=1 µk(x(0))bk
j

∑K

k=1 µk(x(0))
j = 1, . . . ,m. (4)

Here µk(x(0)) =
∏n

i=1 µik(xi(0)), where k = 1, . . . ,K is the degree of fulfil-
ment for the k-th rule, for k = 1, . . . ,K.

To better formalise the scheme of the GA-based approach, we denote by
FRB(w,K) a Fuzzy Rule Base with parameter vector w and structure size
K. That is, with a number of K fuzzy rules. We indicate by FRB(w0,K0) the
rule base of the fuzzy model initially derived by neural learning. Firstly, the
structure optimisation procedure is applied to FRB(w0,K0) to remove iter-
atively rules, until the difference between the accuracy of the reduced model
and the accuracy of the initial model drops below a threshold ǫ. The result is
a new fuzzy rule base FRB(wS ,KS), with 0 ≤ S ≤ (K0 − 1). Here KS ≤ K0

and ERR(wS) − ERR(w0) ≤ ǫ, where ERR(·) is an error function used to
evaluate the accuracy (generalisation ability) of the fuzzy model. Such a fuzzy
rule base is taken as starting point for the GA-based optimisation procedure.
The result of this parameter optimisation is a rule base FRB(w′

S ,KS) that
satisfies the following conditions:

ERR(w′
S) ≤ ERR(wS), INT (w′

S) ≥ INT (wS)

where INT (·) is a qualitative measure of the interpretability of the antecedent
fuzzy sets, that will be detailed in Section 7.2. If the parameter optimisation
process is able to improve the accuracy. That is, if ERR(w′

S) < ERR(wS),
then the structure-parameter optimisation cycle can be reiterated, using the
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fuzzy rule base FRB(w′
S ,KS) as starting point. Otherwise, that is, if the local

parameter tuning remains unchanged the accuracy, the whole optimisation
algorithm is stopped. Providing the rule base FRB(w′

S ,KS) is the final rule
base. The whole iterative algorithm ends when no further improvement in
the accuracy and interpretability of the fuzzy rules can be observed. That
is, when the best possible compromise between accuracy and interpretability
of the fuzzy model is achieved. Figure 5 shows the flow chart of the whole
optimisation approach.

We now describe both of the optimisation procedures.

7.1 Structure Optimisation

The structure optimisation procedure is referred to in [27], [28] and is a sys-
tematic process that sequentially removes rules and investigates the model
with fewer rules. At each step, rules to be removed are identified and the
remaining rules are updated so the accuracy of the reduced model remains
unchanged. This is achieved by updating only the consequent parameters,
while premise parameters are left unchanged.

The removal of a rule involves the elimination of the fuzzy sets in its
antecedent. Thus, after the structure simplification process, the number of
fuzzy sets is also reduced, so as to produce a simple (hence easily interpretable)
rule base. There is no guarantee that the remaining fuzzy sets still cover the
entire input space. The use of Gaussian membership functions assures enough
coverage and provides an acceptable accuracy when few rules are removed. As
soon as many rules are removed, the coverage is no longer guaranteed. The
remaining fuzzy sets may reveal a high degree of overlapping. That is, they
may lack in distinguishability.

To deal with these problems, a multi-objective genetic algorithm is used to
tune the premise parameters of reduced fuzzy rules. This is done to improve
interpretability in the sense of readable fuzzy sets with no loss in accuracy of
the model. In the following section we describe in detail the multi-objective
genetic algorithm.

7.2 Multi-Objective GA for Parameter Optimisation

The parameters of membership functions in the antecedents of each fuzzy
rule are encoded into an individual (chromosome). Since we have nK premise
membership functions, each function being represented by two real values
(i.e. cik and aik), the length of each individual is 2nK. To limit the length
of individuals, we adopt a coding with real-valued genes in the chromosome
which directly represent the premise parameters of a fuzzy rule base. Thus,
the i-th chromosome is a string of the form:

si = (c
(i)
11 , a

(i)
11 , · · · , c

(i)
n1, a

(i)
n1

︸ ︷︷ ︸

premise of rule 1

, · · · , c
(i)
1K , a

(i)
1K , · · · , c

(i)
nK , a

(i)
nK

︸ ︷︷ ︸

premise of rule K

)
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Fig. 5. Scheme of the GA-based optimisation approach

The first individual of the initial population is generated as a copy of the
premise parameters of the fuzzy rules produced by the structure optimisa-
tion procedure. The remaining individuals are initialised with random values
constrained within certain permissible ranges, that is:

cik = rand · range{xi(t)} + min
t=1,...,N

{xi(t)}

and

aik = rand ·
2

3

range{xi(t)}

KS

+ ai,min

where rand is a random number in [0, 1], range{xi} is defined as:

range{xi} =

[

max
t=1,...,N

{xi(t)} − min
t=1,...,N

{xi(t)}

]

and ai,min is the minimum width among all the widths in the first individual.
By doing so, the centres of membership functions are constrained within the
corresponding input range, while the widths are greater than zero and not
wider than the whole input range.
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The reproduction probability of an individual is defined from the values

of the fitness function according to: pR(si) = fit(si)∑
NI

j=1
fit(sj)

. To speed up the

convergence, the best individual in the population is always selected and kept
unchanged in the next generations, according to the elitist strategy [59].

The simplest form of crossover, which is the single point crossover, is
adopted. Individuals are mutated by adding a random value generated within
the permissible ranges, and defined by:

ǫ = N(α · range{xi}, (β · range{xi})
2)

where α and β assume different values depending whether the gene is the
centre or the width of a Gaussian function. For each input variable xi, genes
representing the centres of extreme membership functions are fixed to the
extremes of range{xi} and are never changed by mutation. A readable fuzzy
partition for xi requires the leftmost (or the rightmost) membership function
to attain its maximum value at the extreme point defined by the minimum
(or the maximum) of range{xi}. Dynamic crossover and mutation probabil-
ity rates are used, since they provide faster convergence [160]. The crossover
probability is set high at the beginning of the evolution and decreases expo-
nentially with the increasing number of generations. The mutation probability
increases exponentially with each succeeding generation.

The expression for the fitness function was derived to model the two ob-
jectives of the optimisation process. These are the interpretability and the
accuracy of the fuzzy model. To define the fitness term with respect to in-
terpretability, the concept of interpretability is translated into the concepts
of completeness and distinguishability of the fuzzy sets, that are expressed
through a fuzzy similarity measure. If the similarity of two neighboring fuzzy
sets is zero or too small, this indicates that either the fuzzy partitioning is
incomplete or they do not overlap enough. If the similarity value is too large,
then it means that the two fuzzy sets overlap too much and the distinguisha-
bility between them is lost. The following measure [158] has been used to
define the similarity between the two fuzzy sets A and B:

S(A,B) =
M(A

⋂
B)

M(A) + M(B) − M(A
⋂

B)
(5)

where M(A) =
∫ −∞

+∞
µA(x)dx is the size of fuzzy set A. This is computed

as the area of the triangle approximating the Gaussian function µA(· ). To
keep the fuzzy sets in a proper shape, the fuzzy similarity measure of any two
neighboring membership functions must satisfy the following condition:

Slow ≤ S(Al, Al+1) ≤ Sup (6)

where Al and Al+1 are the two neighboring fuzzy sets, Slow and Sup are the
desired lower and upper bound of the fuzzy similarity measure, respectively.
For each input variable xi, the quantity:
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βil = {
1 if Slow≤S(Ail,Ai,l+1)≤Sup

0 otherwise (7)

is defined.
We can derive the following term which must be inserted into the fitness

function of an individual:

fitint(s) =
β

n(KS − 1)
(8)

where KS is the number of fuzzy sets defined on each input variable. This is
equal to the number of rule units in the network and β is defined as:

β =

n∑

i=1

KS−1∑

l=1

βil (9)

The value fitint(s) is maximum (that is, equal to 1) when all adjacent fuzzy
sets coded into the individual s satisfy the condition (6). Conversely, if this
condition is not satisfied by most of adjacent fuzzy sets, the corresponding
fitness term will be assigned a very low value which means that the corre-
sponding individual is unlikely to survive.

To preserve and, hopefully, improve the accuracy of the fuzzy model, the
modelling error ERR(wi) should be minimised. The value wi is obtained by
joining the premise parameters coded into the individual si and the vector of
consequent parameters. This vector is taken from the rule base FRB(wS ,KS)
resulting from the structure optimisation procedure, where wi = [si,bS ]. The
corresponding fitness term is defined as:

fitacc(si) = exp
(
−λERR(wi)

2
)
, (10)

where λ is a fixed parameter with a large value. A high value of fitacc(si)
corresponds to a very low error, or high accuracy, of the fuzzy model coded
into the individual si.

To summarise, the analytical expression of the fitness function for an in-
dividual si is given by:

fit(si) = fitacc(si) + γfitint(si) (11)

where γ is a factor that controls the influence of the term fitint(si) during
the whole GA evolution. It is made less relevant during the first generations,
and more and has more influence as the evolution proceeds.

7.3 Illustrative example

In this section, we will examine the application of this approach is used to
derive fuzzy models for a problem of medical diagnosis. In particular, the Heart
Disease data set from the University of California, Irvine, is considered. The
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database contains 270 samples. Each sample is represented by 13 attributes.
There are two classes: presence or absence of heart-disease.

By using the neuro-fuzzy learning method proposed in [29] and performing
a 10-fold cross validation strategy, we derived 10 different fuzzy models with a
number of rules varying between 10 and 16. The application of the GA-based
approach gave the results summarised in table 1. It can be seen that a great
improvement can be achieved in terms of complexity reduction and accuracy
on the test set. The final number of rules was between 2 and 4. Almost in all
trials, the structure-parameter optimisation required two iterations to improve
the neuro-fuzzy model. As an illustrative example of such a behavior, table 2
gives the detailed results obtained for the model no. 6 where, starting from a
15-rule approximate model with low classification rate on the test set, a final
fuzzy model with only 3 rules and improved classification rate was obtained.
Also, the interpretability of the final model is clearly improved, as shown by
the well-formed final fuzzy sets in fig. 6.

Table 1. Results obtained after the optimisation of neuro-fuzzy models with 10-fold
cross validation.

before optimisation after optimisation
model number of rules class. rate number of rules class. rate

1 16 59.25 4 70.37
2 12 70.37 3 70.37
3 13 70.37 2 81.48
4 10 74.07 2 74.07
5 11 74.07 3 70.37
6 15 70.37 3 74.07
7 12 55.56 2 55.56
8 10 74.07 4 88.89
9 13 74.07 2 85.18
10 11 59.26 4 88.89

average 12.3 68.15 2.9 75.92

Table 2. Results obtained at each stage of the GA-based optimisation approach in
the case of the model no. 6.

model number of rules class. rate
train. set test set

initial model 15 70.37 70.37
iteration no. 1

structure opt. 10 69.96 66.67
GA-based opt. 10 66.67 74.07

iteration no. 2
structure opt. 3 66.67 70.37
GA-based opt. 3 65.43 74.07
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Fig. 6. Fuzzy sets of some input variables before (a) and (b) after the application
of the GA-based optimisation process.

8 Conclusions

In this chapter we have discussed the integration possibilities among the three
paradigms that normally constitute the key components of the Soft Comput-
ing field of research. These are artificial neural networks, fuzzy logic and evo-
lutionary algorithms. We reviewed the hybridisation mechanisms at the basis
of the coupling approaches. The intent was to address the issues related to
the intrinsic benefits and difficulties connected with their implementation. We
considered the more complex integration of the three paradigms, which give
rise to the development of Evolutionary Neuro-Fuzzy Systems. We proposed
a technique concerning design techniques used for the realisation of EFNF’s,
together with their application feasibility.

In addition, we have presented a particular approach of evolutionary-
neuro-fuzzy integration, devoted to data-driven learning of fuzzy inference
models. Particular attention has been paid in organising a hybrid system
which could prove to be effective in constructing an accurate and comprehen-
sible fuzzy rule base.

We hope that this work could trigger the increase in the research efforts
devoted to progress the Soft Computing field of investigation. To further mo-
tivate such an endeavour, we offered an elaborated series of bibliographical
references which could serve as a directory for the inclined reader to be ori-
ented among both classical and novel literature contributes.
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