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Abstract

The automatic definition of a fuzzy system can
be considered in many cases as an optimiz-
ation or search process. Genetic Algorithms
(GAs) are the best known and most widely
used global search technique with an ability
to explore and exploit a given operating space
using available performance measures. GAs
are known to be capable of finding near op-
timal solutions in complex search spaces. A
priori knowledge of a fuzzy system may come
in the form of known linguistic variables, fuzzy
membership functions parameters, fuzzy rules,
number of rules, etc. The generic code struc-
ture and independent performance features of
GAs make them suitable candidates for incor-
porating a priori knowledge.

The search capabilities and ability for in-
corporating a priori knowledge have extended
the use of GAs in the development of a wide
range of methods for designing fuzzy systems
over the last few years. Systems applying
these design approaches have received the gen-
eral name of Genetic Fuzzy Systems (GFSs).

In this tutorial we summarize different
GFSs approaches, focusing our presentation
on genetic fuzzy rule-based systems.
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1 Introduction

In a very broad sense, a Fuzzy System (FS) is
any Fuzzy Logic-Based System, where Fuzzy
Logic can be used either as the basis for the
representation of different forms of system
knowledge, or to model the interactions and
relationships among the system variables. FSs
have proven to be an important tool for mod-
eling complex systems, in which, due to the
complexity or the imprecision, classical tools
are unsuccessful ([44, 51]).

Genetic Algorithms (GAs) are search al-
gorithms that use operations found in natural
genetics to guide the trek through a search
space. GAs are theoretically and empirically
proven to provide robust search capabilities
in complex spaces, offering a valid approach
to problems requiring efficient and effective
searching ([16, 28]).

Recently, numerous papers and applica-
tions combining fuzzy concepts and GAs have
appeared, and there is increasing concern
about the integration of these two topics. In
particular, a great number of publications ex-
plore the use of GAs for designing fuzzy sys-
tems. These approaches receive the general
name of Genetic Fuzzy Systems (GFSs).

The automatic definition of an FS can be
considered in many cases as an optimization or
search process. GAs are the best known and
most widely used global search technique with
an ability to explore and exploit a given oper-
ating space using available performance meas-
ures. GAs are known to be capable of find-
ing near optimal solutions in complex search
spaces. A priori knowledge may be in the form
of linguistic variables, fuzzy membership func-
tion parameters, fuzzy rules, number of rules,
etc. The generic code structure and independ-
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ent performance features of GAs make them
suitable candidates for incorporating a priori
knowledge. These advantages have extended
the use of GAs in the development of a wide
range of approaches for designing fuzzy sys-
tems over the last few years. Figure 1 shows
this idea.

We shall center our presentation on Fuzzy
Rule Based Systems (FRBSs), [1], the most
extended FS model to which the most suc-
cessful application of FSs belong, the fuzzy
logic controllers (FLCs), which have been and
are used in many real-world control problems

([12)).

As is well known, the Knowledge Base
(KB) of an FRBS is comprised of two compon-
ents, a Data Base (DB), containing the defin-
itions of the scaling factors and the member-
ship functions of the fuzzy sets specifying the
meaning of the linguistic terms, and a Rule
Base (RB), constituted by the collection of
fuzzy rules. Figure 2 shows the structure of
a KB integrated in an FS with fuzzification
and defuzzification modules, as used in fuzzy
control.

GAs may be applied to adapting/learning
the DB and/or the RB of an FRBS. This tu-
torial will summarize and analyze the GFSs,



paying a special attention to FRBSs incorpor-
ating tuning/learning through GAs.

With this aim in mind, the paper is divided
into 7 Sections, the first being this introduc-
tion. Section 2 introduces GAs and learning
with GAs, Section 3 presents some character-
istics of genetic fuzzy rule based systems, Sec-
tion 4 explores the topic of genetic tuning in
FRBSs, Section 5 overviews the genetic learn-
ing processes in FRBSs, Section 6 presents an
example of a GFS, and finally, some conclud-
ing remarks are commented upon in Section

7.

2 Genetic Algorithms

GAs are general purpose search algorithms
which use principles inspired by natural ge-
netics to evolve solutions to problems ([16,
28]). The basic idea is to maintain a popu-
lation of chromosomes, which represents can-
didate solutions to the concrete problem being
solved, that evolves over time through a pro-
cess of competition and controlled variation.
Each chromosome in the population has an as-
sociated fitness to determine (selection) which
chromosomes are used to form new ones in
the competition process. The new ones are
created using genetic operators such as cros-
sover and mutation. GAs have had a great
measure of success in search and optimiza-
tion problems. The reason for a great part
of this success is their ability to exploit the
information accumulated about an initially
unknown search space in order to bias sub-
sequent searches into useful subspaces, i.e.,
their adaptation. This is their key feature,
particularly in large, complex, and poorly un-
derstood search spaces, where classical search
tools (enumerative, heuristic . ..) are inappro-
priate, offering a valid approach to problems
requiring efficient and effective search tech-
niques.

A GA starts off with a population of ran-
domly generated chromosomes, and advances
toward better chromosomes by applying ge-
netic operators modeled on the genetic pro-
cesses occurring in nature. The population
undergoes evolution in a form of natural selec-
tion. During successive iterations, called gen-
erations, chromosomes in the population are
rated for their adaptation as solutions, and on
the basis of these evaluations, a new popula-
tion of chromosomes is formed using a selec-

tion mechanism and specific genetic operators
such as crossover and mutation. An evalu-
ation or fitness function (f) must be devised
for each problem to be solved. Given a par-
ticular chromosome, a possible solution, the
fitness function returns a single numerical fit-
ness, which is supposed to be proportional to
the utility or adaptation of the solution rep-
resented by that chromosome.

Although there are many possible variants
of the basic GA, the fundamental underlying
mechanism consists of three operations:

1. evaluation of individual fitness,

2. formation of a gene pool (intermediate
population) through selection mechan-
ism, and

3. recombination through crossover and
mutation operators.

Figure 3 shows the structure of a basic GA,
where P(t) denotes the population at genera-
tion ¢.

Procedure Genetic Algorithm
begin (1)
t=0;
initialize P(t);
evaluate P(t);
While (Not termination-condition) do
begin (2)
t=t+1;
select P(t) from P(t —1);
recombine P(t);
evaluate P(t);
end (2)
end (1)

Figure 3: Structure of a GA

2.1 Main characteristics of GAs

GAs may deal successfully with a wide range
of problem areas. The main reasons for this
success are: 1) GAs can solve hard problems
quickly and reliably, 2) GAs are easy to in-
terface to existing simulations and models, 3)
GAs are extendible and 4) GAs are easy to hy-
bridize. All these reasons may be summed up
in only one: GAs are robust. GAs are more
powerful in difficult environments where the
space is usually large, discontinuous, complex



and poorly understood. They are not guaran-
teed to find the global optimum solution to a
problem, but they are generally good at find-
ing acceptably good solutions to problems ac-
ceptably quickly. These reasons have been be-
hind the fact that, during the last few years,
GA applications have grown enormously in
many fields.

The basic principles of GAs were first laid
down rigorously by Holland ([28]), and are
well described in many books, such as [16, 40].
It is generally accepted that the application of
a GA to solve a problem must take into ac-
count the following five components:

1. A genetic representation of solutions to
the problem,

2. a way to create an initial population of
solutions,

3. an evaluation function which gives the
fitness of each chromosome,

4. genetic operators that alter the genetic
composition of offspring during repro-
duction, and

5. values for the parameters that the GA
uses (population size, probabilities of ap-
plying genetic operators, etc.).

Some of these components will be de-
scribed or analyzed below based on the ideas
contained in previous paragraphs.

2.1.1 Representation and evaluation of
solutions

Representation is a key issue when apply-
ing GAs because they directly manipulate
a coded representation of the problem and,
consequently, the representation schema can
severely limit the window through which a ge-
netic system observes its world.

Additionally, the search process involved
when applying GAs to solve a problem is
driven or biased by the concept of utility or
adaptation of the individuals as solutions to
that problem. A fitness function must be de-
vised for each problem in such a way that
given a particular chromosome, a solution, the
fitness function returns a single numerical fit-
ness, which is supposed to be proportional to
(to evaluate) the utility or adaptation of the
individual which that chromosome represents.

2.1.2 Selection Mechanism

Let’s consider P, a population with chromo-
somes C1,...,Cn. The selection mechanism
produces an intermediate population, P, with
copies of chromosomes in P. The number
of copies received from each chromosome de-
pends on its fitness (the evaluation described
in the previous paragraph), chromosomes with
higher fitness usually have a greater chance of
contributing copies to P’. There are a num-
ber of ways of making this selection. We might
view the population as mapping onto a roul-
ette wheel, where each chromosome is repres-
ented by a space that proportionally corres-
ponds to its fitness. By repeatedly spinning
the roulette wheel, chromosomes are chosen
using ”stochastic sampling with replacement”
to fill the intermediate population. The se-
lection procedure called stochastic universal
sampling is one of the most efficient, where the
number of offspring of any structure is bound
by the floor and ceiling of the expected num-
ber of offspring.

2.1.3 Recombination through Cros-
sover and Mutation

After selection has been carried out the con-
struction of the intermediate population is
complete, then the genetic operators, cros-
sover and mutation, can be applied.

Recombination through Cros-
sover. The crossover operator is a method
for sharing information between chromosomes;
it combines the features of two parent chro-
mosomes to form two offsprings, with the pos-
sibility that the offsprings generated through
recombination are better adapted than their
parents. The crossover operator is not usu-
ally applied to all pairs of chromosomes in the
intermediate population. A random choice is
made, where the likelihood of crossover being
applied depends on probability defined by a
crossover rate, the crossover probability (p.).
The crossover operator plays a central role in
GAs, in fact it may be considered to be one
of the algorithm’s defining characteristics, and
it is one of the components to be borne in
mind to improve the GA behavior. Defini-
tions for this operator (and the next one) are
highly dependent on the particular represent-
ation chosen.



Mutation. A mutation operator arbitrarily
alters one or more components of a selected
structure so as to increase the structural vari-
ability of the population. Each position of
each solution vector in the population under-
goes a random change according to a probab-
ility defined by a mutation rate, the mutation
probability (pm)-

We should point out that after crossover
and mutation, an additional selection strategy,
called elitist strategy, may be adopted to make
sure that the best performing chromosome al-
ways survives intact from one generation to
the next. This is necessary since it is possible
that the best chromosome disappears thanks
to crossover or mutation.

2.2 Learning with GAs

Although GAs are not learning algorithms,
they may offer a powerful and domain-
independent search method for a variety of
learning tasks. In fact, there has been a
good deal of interest in using GAs for machine
learning problems ([21]).

Three alternative approaches, in which
GAs have been applied to learning processes,
have been proposed, the Michigan, the Pitts-
burgh, and the Iterative Rule Learning (IRL)
approaches. In the first one, the chromosomes
correspond to classifier rules which are evolved
as a whole, whereas in the Pittsburgh ap-
proach, each chromosome encodes a complete
set of classifiers. In the IRL approach each
chromosome represents only one rule learning,
but contrary to the first, only the best indi-
vidual is considered as the solution, discarding
the remaining chromosomes in the population.

Below, we will describe them briefly.

2.2.1 The Michigan approach

The chromosomes are individual rules and a
rule set is represented by the entire popu-
lation. The collection of rules are modified
over time via interaction with the environ-
ment. This model maintains the population
of classifiers with credit assignment, rule dis-
covery and genetic operations applied at the
level of the individual rule.

There is a considerable variety in the struc-
tural and functional details of this model. The
prototype organization is composed of three
parts:

1. the performance system that interacts
with the environment and contains the
rule base and the production system,

2. the credit assignment system or credit
apportionment  system,  developing
learning by the modification and adjust-
ment of conflict-resolution parameters of
the classifier (rule) set, their strengths;
Holland’s Bucket Brigade is one example
of this ([29]), and

3. the classifier discovery system that gen-
erates new classifiers, rules, from a clas-
sifier set by means of GAs.

A genetic learning process based on the
Michigan approach receives the name of Clas-
sifier System (CS). The prototypical organiz-
ation of a CS is illustrated on Figure 4. A
complete description is to be found in [5].
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Figure 4: Organization of a classifier system

2.2.2 The Pittsburgh approach

Each chromosome encodes a whole RB or KB.
Crossover serves to provide a new combina-
tion of rules and mutation provides new rules.
In some cases, variable-length rule bases are
used, employing modified genetic operators for
dealing with these variable-length and posi-
tion independent genomes.

Recent instances of this approach are to be
found in [21].



2.2.3 Iterative Rule

approach

Learning

In this latter model, as in the Michigan one,
each chromosome in the population represents
a single rule, but contrary to the Michigan
one, only the best individual is considered
to form part of the solution, discarding the
remaining chromosomes in the population.
Therefore, in the iterative model, the GA
provides a partial solution to the problem of
learning. In order to obtain a set of rules,
which will be a true solution to the problem,
the GA (with a structure similar to the one
described in Figure 3) has to be placed within
an iterative scheme similar to the following:

1. Use a GA to obtain a rule for the system.

2. Incorporate the rule into the final set of
rules.

3. Penalize this rule.

4. If the set of rules obtained till now is ad-
equate to be a solution to the problem,
the system ends up returning the set of
rules as the solution. Otherwise return
to step 1.

A very easy way to penalize the rules
already obtained, and thus be able to learn
new rules when performing inductive learning,
consists of eliminating from the training set all
those examples that are covered by the set of
rules obtained previously.

This way of learning is to allow ”niches”
and ”species” formation.  Species forma-
tion seems particularly appealing for concept
learning, considering the process as the learn-
ing of multimodal concepts.

The main difference with respect to the
Michigan approach is that the fitness of
each chromosome is computed individually,
without taking into account cooperation with
other ones. This substantially reduces the
search space, because in each sequence of iter-
ations only one rule is searched.

A more detailed description of this ap-
proach may be found in [20].

2.2.4 Conclusions

The Michigan approach will prove to be
the most useful in an on-line process. It
is more flexible to handle incremental-mode
learning (training instances arrive over time)

and dynamically changing domains, whereas
the Pittsburgh and the IRL approaches seem
to be better suited to batch-mode learning,
where all training instances are available be-
fore learning is initiated, and for static do-
mains.

The major problem in the Michigan ap-
proach is that of resolving the conflict between
the individual and collective interests of clas-
sifiers within the system. The ultimate aim of
a learning classifier system is to evolve a set of
co-adapted rules which act together in solving
some problems. In a Michigan style system,
with selection and replacement at the level
of the individual rule, rules which cooperate
to effect good actions and receive payoff also
compete with each other under the action of
the GA.

This conflict between individual and col-
lective interests of individual classifiers does
not arise with Pittsburgh-style classifier sys-
tems, since reproductive competition occurs
between complete rule sets rather than indi-
vidual rules. However, maintenance and eval-
uation of a population of complete rule-sets in
Pittsburgh-style systems can often lead to a
much greater computational burden (in terms
of both memory and processing time). There-
fore, problems with the Pittsburgh approach
have proven to be, at least, equally as challen-
ging. Although the approach avoids the prob-
lem of explicit competition between classifiers,
large amounts of computing resources are re-
quired to evaluate a complete population of
rule-sets.

When compared with the latter, the ad-
vantage of the IRL approach is that, in the
first stage space it considerably reduces the
search because it looks for only one rule in
each sequence of iterations, although this ap-
proach also implies a great computational bur-
den.

On the other hand, GAs are also used
for refining parameters in other learning ap-
proaches, as is done using GAs for determin-
ing weights in a neural network.

3 Genetic Fuzzy Rule

Based Systems

The idea of a Genetic FRBS is that of a ge-
netic FRBS design process which incorporates
genetic techniques to achieve the automatic



generation or modification of its KB (or a part
of it). This generation or modification usually
involves a tuning/learning process, and con-
sequently this process plays a central role in
GFSs. The objective of this tuning/learning
process is optimization, i.e., maximizing or
minimizing a certain function representing or
describing the behavior of the system.

It is possible to define two different groups
of optimization problems in FRBSs. The first
group contains those problems where optimiz-
ation only involves the behavior of the FRBS,
while the second one refers to those prob-
lems where optimization involves the global
behavior of the FRBS and an additional sys-
tem. The first group contains problems such
as modeling, classification, prediction and, in
general, identification problems. In this case,
the optimization process searches for an FRBS
able to reproduce the behavior of a certain tar-
get system. The most representative problem
in the second group is control, where the ob-
jective is to add a FRBS to a controlled system
in order to obtain a certain overall behavior.
Next, we analyze some aspects of the Genetic
FRBSs.

3.1 Obtaining the knowledge for
an FRBS

As a first step, it is interesting to distinguish
between tuning and learning problems. In
tuning problems, a predefined RB is used and
the objective is to find a set of parameters de-
fining the DB. In learning problems, a more
elaborate process including the modification
of the RB is performed.

We can distinguish between three different
groups of GFSs depending on the KB compon-
ents included in the genetic learning process.

For an extensive bibliography see [8] (sec-
tion 3.13), some approaches may be found in
[25].

3.1.1 Genetic tuning of the DB

The tuning of the scaling functions and fuzzy
membership functions is an important task in
the design of fuzzy systems. It is possible
to parameterize the scaling functions or the
membership functions and adapt them using
GAs to deal with their parameters according
to a fitness function.

As regards to the tuning of membership
functions, several methods have been pro-

posed in order to define the DB using GAs.
Each chromosome involved in the evolution
process represents different DB definitions,
i.e., each chromosome contains a coding of
the whole set of membership functions giving
meaning to the linguistic terms. Two possibil-
ities can be considered depending on whether
the fuzzy model nature is descriptive or ap-
proximate, either to code the fuzzy partition
maintaining a linguistic description of the sys-
tem, or to code the rule membership functions
tuning the parameters of a label locally for
every rule, thereby obtaining a fuzzy approx-
imate model.

3.1.2 Genetic learning of the RB

All the methods belonging to this family in-
volve the existence of a predefined collection
of fuzzy membership functions giving meaning
to the linguistic labels contained in the rules,
a DB. On this basis GAs are applied to obtain
a suitable rule base, using chromosomes that
code single rules or complete rule bases.

3.1.3 Genetic learning of the KB

There are many approaches for the genetic
learning of a complete KB (RB and DB). We
may find approaches presenting variable chro-
mosome lengths, others coding a fixed num-
ber of rules and their membership functions,
several working with chromosomes encoding
single control rules instead of a complete KBs,
etc.

3.2 The
keys to the tuning/learning
process

Regardless of the kind of optimization prob-
lem,

i.e., given a system to be modeled/controlled
(hereafter we use this notation), the involved
tuning/learning process will be based on evol-
ution. Three points are the keys to an evolu-
tionary based tuning/learning process. These
three points are: the population of potential
solutions, the set of evolution operators and
the performance index.

The population of potential solutions.
The learning process works on a population
of potential solutions to the problem. In this
case, the potential solution is an FRBS. From



this point of view, the learning process will
work on a population of FRBSs, but consider-
ing that all the systems use an identical pro-
cessing structure, the individuals in the pop-
ulation will be reduced to DB/RB or KBs. In
some cases the process starts off with an ini-
tial population obtained from available know-
ledge, while in other cases the initial popula-
tion is randomly generated.

The set of evolution operators. The
second question is the definition of a set of
evolution operators that search for new and/or
better potential solutions (KBs). The search
reveals two different aspects: the exploitation
of the best solution and the exploration of
the search space. The success of evolutionary
learning is specifically related to obtaining an
adequate balance between exploration and ex-
ploitation, that finally depends on the selected
set of evolution operators.

The new potential solutions are obtained
by applying the evolution operators to the
members of the population of knowledge
bases, each one of these members is referred to
as an individual in the population. The evolu-
tion operators, that work with a code (called a
chromosome) representing the KB, are basic-
ally three: selection, crossover and mutation.
These evolution operators are in depth ana-
lyzed in subsections 2.1.2 and 2.1.3.

Since these evolution operators work in
a coded representation of the KBs, a cer-
tain compatibility between the operators and
the structure of the chromosomes is required.
This compatibility is stated in two different
ways: work with chromosomes coded as bin-
ary strings (adapting the problem solutions to
binary code) using a set of classical genetic
operators, or adapt the operators to obtain
compatible evolution operators using chromo-
somes with a non-binary code. Consequently,
the question of defining a set of evolution oper-
ators involves defining a compatible couple of
evolution operators and chromosome coding.

The performance index. Finally, the
third question is that of designing an evalu-
ation system capable of generating an appro-
priate performance index related to each indi-
vidual in the population, in such a way that a
better solution will obtain a higher perform-
ance index. This performance index will drive
the optimization process.

In identification problems, the perform-
ance index will usually be based on error meas-
ures that characterize the difference between
the desired output and the actual output of
the system. In control problems there are
two different sources of information to be used
when defining the performance index: inform-
ation describing the desired behavior of the
controlled system, or describing the desired
behavior of the controller (FRBS) itself. The
second situation is closely related to identific-
ation problems. The definition of a perform-
ance index is usually more complex for the first
situation, where the objective is to find a con-
troller that gives the desired behavior in the
controlled system. A possible method is illus-
trated in subsection 3.3.

The process. Summarizing the points that
characterize a specific learning process, these
are: the initial population of solutions (ob-
tained randomly or from some initial know-
ledge), the coding scheme for KBs (chromo-
somes), the set of evolution operators and the
evaluation function. The initial population
and the evaluation function are related to the
specific problem while the coding scheme and
the evolution operators could be generic. In
addition to these four points, each evolution-
ary learning process is characterized by a set
of parameters such as the dimension of the
population (fixed or variable), the paramet-
ers regulating the activity of the operators or
even theirs effect, and the parameters or con-
ditions defining the end of the process or the
time when a qualitative change in the process
occurs.

3.3 A learning process of FLCs

FLCs represent a particular and widely ap-
plied kind of FRBSs. A genetic process using
a Pittsburgh approach and working on an FL.C
is illustrated in Figure 5.

The process described in Figure 3 may be
rewritten as follows in such a situation:

1. Start with an initial population of solu-
tions that constitutes the first genera-
tion (P(0)).

2. Evaluate P(0):

(a) take each chromosome (KB) from
the population and introduce it
into the FLC,
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(b) apply the FLC to the controlled
system for an adequate evaluation
period (a single control cycle, sev-
eral control cycles or even several
times, starting out from different
initial conditions) and

evaluate the behavior of the con-
trolled system by producing a per-
formance index related to the KB.

(c)

3. While the Termination Condition is not
met, do

(a) create a new generation (P(t+1))
by applying the evolution operators
to the individuals in P(%),

(b) evaluate P(t+1) and
(c) t=t+1.

4. Stop.

3.4 The cooperation vs. compet-
ition problem

A GFS combines the main aspects of the sys-
tem to be obtained, an FS, and the design
technique used to obtain it, a GA, with the
aim of improving as far as possible the accur-
acy of the final FS generated.

One of the most interesting features of an
FS is the interpolative reasoning it develops.

This characteristic plays a key role in the high
performance of FSs and is a consequence of
the cooperation between the fuzzy rules com-
posing the KB. As is known, the output ob-
tained jfrom an FS is not usually due to a
single fuzzy rule but to the cooperative action
of several fuzzy rules that have been fired be-
cause they match the input to the system to
some degree.

On the other hand, the main feature of
a GA is the competition between members of
the population representing possible solutions
to the problem being solved. In this case, this
characteristic is due to the mechanisms of nat-
ural selection on which the GA is based.

Therefore, since a GFS combines both
aforementioned features, it works by inducing
competition to get the best possible coopera-
tion. This seems to be a very interesting way
to solve the problem of designing an FS, be-
cause the different members of the popula-
tion compete with one another to provide a
final solution presenting the best cooperation
between the fuzzy rules composing it. The
problem is to obtain the best possible way to
put this way of working into effect. This is re-
ferred to as cooperation vs. competition prob-
lem (CCP) ([2]).

The difficulty of solving the introduced
problem depends directly on the genetic learn-
ing approach followed by the GFS (Michigan,



Pittsburgh or IRL approaches). Below we

briefly analyze them.

3.4.1 Michigan approach

It is difficult to solve the CCP when working
with the Michigan approach. In this case, the
evolution is performed at the level of fuzzy
rules instead of at the level of KBs and it is
not easy to obtain an adequate cooperation
between fuzzy rules that are competing with
one another. To do this, we need a fitness
function able to measure both the goodness
of a single fuzzy rule and the quality of its
cooperation with the other fuzzy rules in the
population to give the best action as output.
As mentioned in [2], the design of a fitness
function of this kind is not an easy task.

3.4.2 Pittsburgh approach

This approach is able to solve adequately the
CCP. When using this approach, the GFS
evolves populations of KBs and the fitness
function associated to each individual is com-
puted taking into account the real action that
the FS encoded into the chromosome should
give as output when it receives a concrete in-
put. Thus, each time an individual is evalu-
ated, the cooperation between the fuzzy rules
composing the KB is measured, so the GFS
is able to evolve adequately the population to
obtain the FS presenting the best possible co-
operation between the fuzzy rules composing
its KB.

Unfortunately, this approach presents the
drawback of having to deal with very large
search spaces, which makes it difficult to find
optimal solutions. This drawback is usual
when designing GFSs belonging to the third
family, i.e., when the generation of the whole
KB is considered in the genetic learning pro-
cess. In this case, a large quantity of KB
parameters have to be included in the genetic
representation, which therefore becomes lar-
ger. This fact will be more pronounced if an
approximate fuzzy model is considered, the
use of different membership function defini-
tions for each rule makes the number of KB
parameters increase, and then the search space
becomes more complex, making the problem
computationally hard.

3.4.3 IRL approach

Finally, GFSs based on the IRL approach try
to solve the CCP at the same time reducing
the search space by encoding a single fuzzy
rule in each chromosome. To put this into
effect, these processes follow the usual prob-
lem partitioning working way and divide the
genetic learning process into, at least, two
stages. Therefore, the CCP is solved in two
steps acting at two different levels, with the
competition between fuzzy rules in the first
one, the genetic generation stage, and with
the cooperation between these generated fuzzy
rules in the second one, the post-processing
stage.

4 Genetic Tuning of DB

As mentioned earlier (subsection 3.1.1) the use
of GAs for the tuning of DBs may be de-
veloped in two areas, the adaptation of con-
texts using scaling functions and the tuning of
fuzzy membership functions. Below we shall
present briefly them.

4.1 Adapting the context

The use of scaling functions that are ap-
plied to the input and output variables of an
FRBS, allows us to work with normalized uni-
verses of discourse where the fuzzy member-
ship functions are defined. These scaling func-
tions could be interpreted as gains associated
with the variables (from a control engineer-
ing point of view) or as context information
that translates relative semantics into abso-
lute ones (from a knowledge engineering point
of view). If using scaling functions, it is pos-
sible to fix them or to parameterize the scaling
functions and adapt them. Linear and non-
linear contexts have been used.

Linear context. It is the simplest scal-
ing. The parameterized function is defined by
means of two parameters (one, if used as a
scaling factor). The effect of scaling is that
of linearly mapping the real interval [a,b] into
a reference interval (e.g., [0,1]). The use of a
scaling factor maps the interval [-a,a] in a sym-
metrical reference interval (e.g., [-1,1]). This
kind of context is the most broadly applied
one. Genetic techniques have been applied
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Figure 6: Nonlinear contexts adaption

to adapting the parameters defining the scal-
ing factors ([41]) and linear scaling functions

([38))-

Nonlinear context. The main disadvant-
age of linear scaling is the fixed relative dis-
tribution of the membership functions (uni-
formly distributed or not) once they have been
generated. To solve this problem nonlinear
scaling is used allowing us to obtain a modi-
fied relative distribution and a change in the
shape of the membership functions. The defin-
ition of parameterized nonlinear scaling func-
tions is more complex than in the linear case
and a larger number of parameters are needed.
The process actually requires two steps: pre-
vious scaling (linear) and nonlinear mapping.
Parameterized potential ([36]) and sigmoidal
([22]) functions have been used when apply-
ing GAs to adapt the nonlinear context. Usu-
ally, the parameters (real numbers) constitute
the genes of the chromosomes without binary
representation.

Figure 6 shows a normalized fuzzy parti-
tion (top), a nonlinear adaption with lower
granularity for middle or for extreme values
(center) and lower granularity for lowest or for
highest values (bottom).

4.2 Tuning the
functions

membership

Another element of the KB is the set of mem-
bership functions. This is a second point
where GAs could be applied with a tuning
purpose. As in the previous case of scaling
functions, the main idea is the definition of
parameterized functions and the subsequent
adaptation of parameters. Some approaches
are found to be in [4, 3, 24, 30, 48]. The dif-
ferent proposals differ in the coding scheme
and the management of the solutions (fitness
functions, ...).

4.2.1 Shape of the membership func-
tions

Two main groups of parameterized member-
ship functions have been proposed and ap-
plied: piecewise linear functions and differen-
tiable functions.

Piecewise linear functions. The most
broadly used parameterized membership func-
tions in the field of GFSs are triangles, in some
cases these are isosceles ([7, 13, 31, 42]) and
other times they are irregular ([33]). A second
possibility are trapezoidal membership func-
tions ([32]).

Fach parameter of the function consti-
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Figure 7: Descriptive versus Approximate fuzzy models

tutes a gene of the chromosome that may
be a binary code representing the parameter
([7, 31, 32, 33]) or a real number (the para-
meter itself, [13, 24, 42]).

Differentiable functions. Gaussian, bell
and sigmoidal are examples of parameter-
ized differentiable functions. These member-
ship functions have been broadly applied in
different fuzzy-neural systems ([37]) but ra-
dial functions ([47]) and Gaussian functions
([34, 46]) are used in GFSs too. To translate
the parameters of the function into genetic in-
formation a binary code is used in [46, 47] and
the coefficient itself in [34].

4.2.2 Scope of the semantics

The genetic tuning process of membership
functions is based on two variants, depending
on the fuzzy model nature, whether approx-
imate ([24]) or descriptive ([9, 30]).

The descriptive fuzzy model is essentially
a qualitative expression of the system. A KB
in which the fuzzy sets giving meaning (se-

mantic) to the linguistic labels are uniformly
defined for all rules included in the RB. It con-
stitutes a descriptive approach since the lin-
guistic labels take the same meaning for all
the fuzzy rules contained in the RB. The sys-
tem uses a global semantics.

In the approximate fuzzy model a KB is
considered for which each fuzzy rule presents
its own meaning, i. e., the linguistic variables
involved in the rules do not take as their values
any linguistic label from a global term set. In
this case, the linguistic variables become fuzzy
variables. The system applies local semantics.

Figure 7 and the examples described in the
following paragraphs illustrate these two vari-
ants, and their particular aspects reflected in
the coding scheme.

4.2.3 The approximate genetic tuning
process

As mentioned earlier, each chromosome form-
ing the genetic population will encode a com-
plete KB. More concretely, all of them encode
the RB, R, and the difference between them



are the fuzzy rule membership functions, i. e.,
the DB definition.

Taking into account a parametric repres-
entation with triangular-shaped membership
functions based on a 3-tuple of real values,
each rule

R; : IF x1 is A;; and ... and z, is A,

THEN y is B;,

of a certain KB (KBy), is encoded in a piece
of chromosome Cj;:

Cii = (ain, bi1, ¢ty - - -, Qin, bin, Cin, G4, bs, €;)

where A;;, B; have the parametric represent-
ation (aij, bij, ¢ij), (@i bici), i =1,...,m (m
represents the number of rules), j = 1,...,n
(n is the number of input variables).

Therefore the complete RB with its asso-
ciated DB is represented by a complete chro-
mosome Cj:

Ci=Cn Cz ... Cip

This chromosome may be a binary or a real
coded individual.

4.2.4 The descriptive genetic tuning
process

In this second genetic tuning process each
chromosome encodes a different DB defini-
tion based on the fuzzy domain partitions. A
primary fuzzy partition is represented as an
array composed by 3 - N real values, with N
being the number of terms forming the lin-
guistic variable term set. The complete DB
for a problem, in which m linguistic variables
are involved, is encoded into a fixed length
real coded chromosome C; built up by joining
the partial representations of each one of the
variable fuzzy partitions,

Cji = (ai1, b, €ty - - -, aing, bin; , Cinvy)

Cj = le Cj2 Cj

where C}; represents the fuzzy partition cor-
responding to the i — th variable.

5 Learning with GFSs

In this Section, we study the learning of
FRBSs by means of genetic learning processes,
dividing it into two subsections, the learning

of RB and the learning of KB, and presenting
some notes on the application of the different
genetic approaches to these problems.

We must denote that we present a more
wide study of the Pittsburgh approach, the
most used approach for learning fuzzy sys-
tems.

5.1 Genetic learning of RB

The third element of the KB is the RB. It is
possible to represent the RB of a fuzzy control-
ler with three different representations and all
of them are used in evolutionary fuzzy con-
trollers. These representations are: relational
matrix, decision table and list or set of rules.

Genetic learning of RB makes sense only
when working with a descriptive approach,
since in the approximate approach, modifying
the rules implies the modification of member-
ship functions.

5.1.1 Michigan approach

A Michigan learning algorithm of fuzzy rules
merges the credit assignment mechanisms of
CSs and fuzzy systems, integrating a fuzzy
rule base (each classifier represents a fuzzy
rule and the population represents the RB)
and a fuzzy inference system instead of the
rule base and production system in a classical
CS. This learning process receives the name of
Fuzzy Classifier Systems (FCSs).

Some peculiarities of this model are that a
fuzzification process is defined in the input in-
terface, which fuzzifies inputs into fuzzy mes-
sages by creating minimal messages, one for
each fuzzy set defined over the variable. Then
each message has an associated activity level
which measures the degree of belonging to the
input variable defined by the fuzzy sets rep-
resented by the message. For each rule, a pre-
viously fixed credit is given. As a result of
actions performed in the environment by the
fuzzy inference system, the credit assignment
system receives the payoff of that action from
the environment, and in accordance with the
degree of conformity of the rules, the payoff
is apportioned to each rule by increasing or
decreasing its credit. Therefore, the system
learns fuzzy relations between the fixed fuzzy
sets.

Valenzuela-Rendén gave the first descrip-
tion of an FCS in [50]. Figure 8 ([14]) shows



the organization of an FCSs. Details about
this approach may be found in [2, 14, 15, 50].

(Fuzzy Classifier System )

Rule Genera@
Mechanism

Fuzzy lnlerence)(Apponionmem

System of Credit

\. A A Wy,
Sensing| yAction Payoff

( Environment )

Figure 8: Organization of a fuzzy classifier sys-
tem

5.1.2 Pittsburgh approach

The Pittsburgh approach has been applied to
learn rule bases in two different situations.
The first situation refers to those systems us-
ing a complete rule base represented by means
of a decision table or a relational matrix. The
second situation is that of FRBSs, whose RB
is represented using a list or set of fuzzy rules.

Using a complete RB. A tabular repres-
entation guarantees the completeness of the
knowledge of the FRBS in the sense that the
coverage of the input space (the Cartesian
product of universes of the input variables) is
only related to the level of coverage of each
input variable (the corresponding fuzzy parti-
tions), and not to the rules.

Decision tables. A possible representa-
tion for the RB of an FS is a decision table.
It is a classical representation used in differ-
ent GFSs. A chromosome is obtained from
the decision table by going row-wise and cod-
ing each output fuzzy set as an integer or any
other kind of label. It is possible to include
the “no output” definition in a certain posi-
tion, using a “null” label ([41, 49]).

Relational matrices. Oc-
casionally GAs are used to modify the fuzzy
relational matrix (R) of a Fuzzy System with
one input and one output. The chromosome
is obtained by concatenating the m x n ele-
ments of R, where m and n are the number of
fuzzy sets associated with the input and out-
put variables respectively. The elements of R
that will make up the genes may be represen-
ted by binary codes [45] or real numbers.

Using a partial RB. Neither the relational
nor the tabular representations are adaptable
to systems with more than two or three in-
put variables because of the dimension of a
complete RB for these situations. This fact
stimulated the idea of working with sets of
rules. In a set of rules representation the ab-
sence of applicable rules for a certain input
that was perfectly covered by the fuzzy parti-
tions of individual input variables is possible.
As a counterpart to the loss of completeness,
this representation allows compressing several
rules with identical outputs into a singular rule
and this is a really important question as the
dimension of the system grows.

There are many different methods for cod-
ing the rule base in this kind of evolutionary
system. The code of the rule base is usually
obtained by concatenating rules codes.

Rules of fixed length. A first approach
is to represent a rule with a code of fixed
length and position dependent meaning. The
code will have as many elements as the num-
ber of variables in the system. A possible con-
tent of these elements is: a label pointing to a
certain fuzzy set in the fuzzy partition of the
variable or a binary string with a bit per fuzzy
set in the fuzzy partition of the variable cod-
ing the presence or absence of the fuzzy set in
the rule [39].

Rules of variable length. Codes with
position independent meaning and based on
pairs {variable, membership function} (the
membership functions is described using a la-
bel) are used in [27].

5.1.3 Learning an RB with the IRL ap-
proach

Using this approach a chromosome represents
a fuzzy rule and the whole rule base is ob-



tained through an iterative process where in-
dividual rules are obtained at each iteration
based on a Genetic process.

(From the description given in subsection
2.2.3, we may see that in order to learn rules
using an algorithm based on GAs with an IRL
approach, we need, at least, the following:

1. a criterion for selecting the best rule at
each iteration,

2. a penalization criterion, and

3. a criterion for determining when enough
rules are available to have a solution to
the problem.

The first criterion is normally associated
with one or several characteristics that are de-
sirable so as to determine good rules. Usually
criteria about the rule strength have been pro-
posed (number of examples covered), criteria
of consistency of the rule or criteria, of simpli-
city.

The second criterion is often associated, al-
though it is not necessary, with the elimina-
tion of the examples covered by the previous
rules.

Finally, the third criterion is associated
with the completeness of the set of rules and
must be taken into account when we can
say that all the examples in the training set
are sufficiently covered and no more rules are
needed to represent them.

The IRL approach does not analyze any
relationship between the rules that are ob-
tained. That is why, once the rule base has
been obtained, it may be improved either be-
cause there are rules that may be refined or
redundant rules if high degrees of coverage are
used. Therefore, after this is done, some post-
processing methods are used for improving the
accuracy of the rule base.

An inductive learning algorithm for RB,
called SLAVE has been designed based on
this approach [17, 18, 19]. SLAVE selects a
rule covering the maximum number of posit-
ive examples and simultaneously verifies a soft
consistency condition to a high degree [18].
SLAVE uses a GA in this process. The de-
tails of the GA are to be found in [19)].

5.2 Genetic learning of KB

The simultaneous use as genetic material of
the DB and the RB of an FS has produced
different and interesting results.

5.2.1 Michigan approach

Parodi and Bonelli, [43], present an FCS that
learns KBs (RB and DB) and output weights.
The two main points of the system are the rule
syntax and semantics, and the determination
of output weights.

Each rule Ry contains the actual descrip-
tion of the membership functions that corres-
pond to each variable, considering symmet-
rical fuzzy sets and having two parameters,
the center position and the width, where the
center position is determined through a GA
search and the width for each variable is a sys-
tem parameter. A real coding for rules is used.

The classifier population consists of a fixed
size list of such rules. Each rule has associated
with it an output weight which is set equal to
the strength (fitness) of the individuals (rules)
in the population. The rule strength per-
forms a dual function: firstly it forms the
basis of selection and replacement for the GA
and secondly it allows stronger rules to take
a greater part than weaker ones in decision
making.

The ”measure of goodness” function is de-
signed to not only determine the quality of
the rule’s conclusion fuzzy set, but also its
accuracy in predicting through the matching
between the input vector and the rules how
well the rule’s condition intervals are set for
this particular input.

5.2.2 Pittsburgh approach

The most general approach is the use of a set
of parameterized membership functions and
a list of fuzzy rules that are jointly coded
to generate a chromosome, then applying a
Pittsburgh-type GA to evolve a population of
such chromosomes. This kind of GFSs use
chromosomes containing two subchromosomes
that encode separately, but not independently,
the DB and the RB.

It is possible to maintain, at this point,
the same division that was stated when talk-
ing about genetic learning of RBs with a Pitts-
burgh approach: learning complete rule bases
or partial rule bases.

Using a complete RB. In [42] the rule
base is represented as a fuzzy relation mat-
rix (R), and the GA modifies R or the fuzzy
membership functions (triangular) or both of



them simultaneously, on an FLC with one in-
put and one output variables. Each gene is
a real number. When generating the optimal
fuzzy relation matrix this real number corres-
ponds to a fuzzy relation degree whose value
is between 0 and 1. The genetic string is ob-
tained by concatenating the m x n real num-
bers that constitute R. When finding simul-
taneously the optimal rule base and the fuzzy
membership functions, each chromosome al-
locates two subchromosomes: the genes of the
rule base and the genes of the fuzzy mem-
bership functions. Both subchromosomes are
treated as independent entities as far as cros-
sover and mutation are concerned but as a
single entity as far as reproduction is con-
cerned.

A slightly different approach is to use a
TSK-type rule base, structuring its genetic
code as if it came from a decision table. In
this case, the contents of the code of a rule
base is an ordered and complete list containing
the consequents of all possible rules, where the
antecedents are implicitly defined as a func-
tion of the position the consequent occupies
in the list.

The fuzzy membership functions consti-
tute a first subchromosome while the coef-
ficients of the consequents for a TSK fuzzy
model constitute the second subchromosome.
One gene is used to code each coefficient of a
TSK-type in [33], in [47] a single coefficient is
considered for the output.

Using a partial RB. Liska and Melsheimer
([34]) use a rule base defined as a set of a
fixed number of rules, and code each rule with
integer numbers that define the membership
function related with a certain input or output
variable that is applied by the rule (member-
ship functions for every variable are ordered).
The systems use radial membership functions
coded through two real numbers (two genes).
The genetic string is obtained by concatenat-
ing the two genes in each membership func-
tion.

There are many different methods for cod-
ing the rule base in this kind of evolutionary
system. The code of the rule base is usually
obtained by concatenating rule codes. To rep-
resent a single rule, it is possible to use a po-
sition dependent code with as many elements
as the number of variables of the system. A
possible content in these elements is: a label

pointing to a certain fuzzy set in the fuzzy par-
tition of the variable ([46]) or a binary string
with a bit per fuzzy set in the fuzzy partition
of the variable ([35]).

Using an approximate approach, [6, 7] in-
clude the definition of the membership func-
tions into the rules, coding each rule through
the corresponding set of membership func-
tions.

5.2.3 Learning KB process based in
the IRL approach

Below we introduce a multi-stage GFS struc-
ture for learning KB based on this approach.
This is designed according to three stages that
we now introduce.

a) A fuzzy rule generation process.
This process presents two components:

e A fuzzy rule generating method, where
a chromosome represents a fuzzy rule,
and the GA finds the best rule in every
running ;from the examples, according
to different features that are included in
the fitness function. These features al-
low the adequate membership functions
to be determined.

o An iterative covering method of the sys-
tem behavior example set, which penal-
izes each rule generated with the fuzzy
rule generating method by consider-
ing its covering over the examples in
the training set and removes the ones
already covered by it. This process al-
lows us to obtain a set of fuzzy rules with
a concrete semantic covering the train-
ing set in an adequate form.

b) A genetic simplification process for
selecting rules, based on a binary coded GA
with a phenotypic sharing function and a
measure of the FRBS accuracy in the prob-
lem being solved. It will save the overlearning
that the previous component may cause due
to the existence of redundant rules, with the
aim of obtaining a simplified KB presenting
the best possible cooperation among the fuzzy
rules that compose it.

c) A genetic tuning process. It will give
the final KB as output by adjusting the mem-



bership functions for each fuzzy rule in each
possible KB obtained from the stage above.
A more complete description of the multi-
stage GFSs may be found in [20]. Different
multi-stage GFSs for learning KB following
these ideas may be found in [10, 11, 23, 26].

6 An example of GFS

This section will describe, in a few lines, one of
the GFSs previously cited, specifically a GFS
learning RBs using a Pittsburgh approach and
representing the rule base with a decision
table. This method was proposed by Philip
Thrift ([49]). This example will be analyzed
according to the keys of the learning process
described in subsection 3.2.

Given a single output FRBS with n in-
put variables, a fuzzy partition is defined for
each variable (n + 1 fuzzy partitions). In this
case each fuzzy partition contains five or seven
fuzzy sets. An n-dimensional decision table
is then made up by placing the consequents
of each rule in the place corresponding to its
premise. Entries in the table can be either
one of the labels representing a fuzzy set of
the output variable partition, or a blank rep-
resenting no fuzzy set output for the corres-
ponding rule.

The population of potential solutions.
The population of potential solutions will be
made up of RBs applied by a common pro-
cessing structure to solve a specific problem.
Because the learning process is centered on
rules and all the KBs will contain an identical
DB, consequently the population of solutions
can be reduced to a population of RBs. Each
RB is represented by a decision table, and
these decision tables must by coded to con-
stitute suitable genetic material.

Each position in the decision table will rep-
resent a gene of the chromosome coded with an
integer in {0,1,...,5}, with its 6 possible val-
ues corresponding to the 5 components of the
fuzzy partition and the blank output. A chro-
mosome is obtained by going rowwise through
the table and producing a string with the in-
tegers found at each place in it. For a system
with two input variables and five fuzzy sets
per partition, the decision table will contain
5 x b places and consequently will generate a
chromosome with 25 genes.

The population where the genetic pro-
cess will be applied is a number of chromo-
somes (31 in the example described in the
paper) coded as strings with 25 integers in
{0,1,...,5}.

The set of evolution operators. The sys-
tem uses a standard two point crossover ([40])
and a mutation operator that changes a fuzzy
code either up one level or down one level, or
to the blank code. When the mutation oper-
ator acts on a blank code, a non-blank code is
generated at random. An elite strategy allows
the best solution at a given generation to be
directly promoted to the next.

The performance index. The system de-
scribed is applied to center a cart by apply-
ing a force on it. The objective is to move
the cart to the zero position and velocity in a
minimum time. Each RB is tested by apply-
ing the FRBS to control the cart starting at
25 equally spaced starting points and over 500
steps (0.02 sc. for each step). The perform-
ance index assigned to an RB is 500-7" where T'
is the average time (number of steps) required
to place the cart sufficiently close to the center
(max(|z, |v]) < 0.5). If, for a certain starting
point, more than 500 steps are required, the
process times out and 500 steps are recorded.

With this performance index the learning
process becomes a minimization problem since
the best solution is the one with the lowest
average time to center the cart (the highest
performance index).

7 Concluding Remarks

In this tutorial we have dealt with several is-
sues relating to GFSs, focusing on the use of
GAs for designing FRBSs. We have presen-
ted the most important keys of the tun-
ing/learning processes. The two genetic tun-
ing approaches (adapting the context or the
membership functions) and the three different
modes to cope with the problem of designing
RB or KBs with GAs (Michigan, Pittsburgh
and IRL approaches) have been attached,
and different proposals developing each one of
them have been analyzed.

Finally, we should point out that although
the application of GAs for designing fuzzy sys-
tems is recent, it has seen of increasing interest



over the last few years and will allow to fruit-
ful research to be carried out in the building
of fuzzy logic-based intelligent systems.
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