Ten Years of Genetic Fuzzy Systems. Current Framework and New Trends

O. Cordn, F. Herrera
Dept. Computer Science and A.l.
Universidad de Granada
Granada 18071, Spain
ocordon,herrera@decsai.ugr.es

F. Hoffmann
Royal Institute of Technology
Center for Autonomous Systems
SE-10044 Stockholm, Sweden
hoffmann@nada.kth.se

Abstract

Although fuzzy systems demonstrated their ability to
solve different kinds of problems in various applica-
tions, there is an increasing interest on augmenting them
with learning capabilities. Two of the most successful
approaches to hybridise fuzzy systems with adaptation
methods have been made in the realm of soft comput-
ing: neuro-fuzzy systems and genetic fuzzy systems hy-
bridise the approximate reasoning method of fuzzy sys-
tems with the learning capabilities of neural networks
and evolutionary algorithms. This contribution focus on
genetic fuzzy systems, paying special attention to ge-
netic fuzzy rule based systems, giving a brief overview
of the field.

1 Introduction

Fuzzy systems have demonstrated their ability for clas-
sification [6], modelling [54] or control [16], in a huge
number of applications. In most of the cases, the key for
the success was the ability of fuzzy systems to incorpo-
rate human expert knowledge. In the nineties, despite
the previous successful history, the lack of learning ca-
pabilities characterising most of the works in the field
generated a certain interest for the study of fuzzy sys-
tems with added learning capabilities. Two of the most
successful approaches to that integration of learning ca-
pabilities have been the hybridisation attempts made in
the framework of soft computing. One of the successful
directions of that effort was that of neuro-fuzzy systems
[38, 50]. A different approach to hybridisation lead to
genetic fuzzy systems (GFS)[30].

A GFS is basically a fuzzy system augmented by a
learning process based on a genetic algorithm (GA). Ge-
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genetics, that provide robust search capabilities in com-
plex spaces, and thereby offer a valid approach to prob-
lems requiring efficient and effective search processes
[22, 33].

Genetic processes cover different levels of complexity
according to the structural changes produced by the al-
gorithm [15], from the simplest case of parameter opti-
misation to the highest level of complexity of learning
the rule set of a rule based system. Parameter optimisa-
tion has been the approach utilised to adapt a wide range
of different fuzzy systems, as in genetic fuzzy cluster-
ing or genetic neuro-fuzzy systems, that will be briefly
considered in Section 5. Analysing the literature the
most extended GFSs agenetic fuzzy rule-based sys-

tems (GFRBSSs) [13], where the genetic process learns
or tunes different components of a fuzzy rule-based sys-
tem (FRBS). Inside GFRBSs it is possible to find either
parameter optimisation or rule generation processes.

The paper briefly introduces GAs (Section 2), offering
then a general approach to GFRBSs (Section 3). Later,
Section 4 describes the new (or less common) lines of
research in the field of GFRBSs. Section 5 offers a gen-
eral view of GFSs out of the fuzzy rule based approach.
Finally, some conclusions are presented.

2 Geneticalgorithms

GAs are general purpose search algorithms which use
principles inspired by natural genetics to evolve solu-
tions to problems [22, 33]. The basic idea is to main-
tain a population of chromosomes (representing candi-
date solutions to the concrete problem being solved) that
evolves over time through a process of competition and
controlled variation.

netic algorithms are search algorithms, based on natural A GA starts off with a population of randomly gener-



atedchromosomes, and advances toward better chromo-
somes by applying genetic operators modelled on the
genetic processes occurring in nature. The population
undergoes evolution in a form of natural selection. Dur-
ing successive iterations, callegnerations, chromo-
somes in the population are rated for their adaptation
as solutions, and on the basis of these evaluations, a
new population of chromosomes is formed using a se-
lection mechanism and specific genetic operators such
as crossover and mutation. An evaluation or fitness
function must be devised for each problem to be solved.
Given a particular chromosome, a possible solution, the
fitness function returns a single numerical fitness, which
is supposed to be proportional to the utility or adaptation
of the solution represented by that chromosome.

Although there are many possible variants of the ba-
sic GA, the fundamental underlying mechanism con-
sists of three operations: evaluation of individual fit-

ness, formation of a gene pool (intermediate popula-
tion) through selection mechanism, and recombination
through crossover and mutation operators.

As previously stated, genetic processes cover different
levels of complexity, from parameter optimisation to
learning the rule set of a rule based system. Genetic pro-
cesses designed for parameter optimisation usually fit to
the description given in previous paragraphs, but when
considering the task of learning rules in a rule based
system, a wider range of possibilities is open.

When considering a rule based system and focusing on

cess to automate the knowledge base generation, which
can be considered as an optimisation or search problem.

From the view point of optimisation, the task of find-
ing an appropriate knowledge base (KB) for a particu-
lar problem, is equivalent to parameterise the fuzzy KB
(rules and membership functions), and to find those pa-
rameter values that are optimal with respect to the op-
timisation criterion. The KB parameters constitute the
optimisation space, which is transformed into a suitable
genetic representation on which the search process op-
erates.

The first step in designing a GFRBS is to decide which
parts of the KB are subject to optimisation by the GA.

The KB of an FRBS does not constitute an homoge-
neous structure but is rather the union of qualitatively
different components. As an example, the KB of a

descriptive Mamdani-type FRBS is comprised of two

components: a data base (DB), containing the defini-
tions of the scaling factors and the membership func-
tions of the fuzzy sets associated with the linguistic la-
bels, and a rule base (RB), constituted by the collection
of fuzzy rules.

The decision which part of the KB to adapt depends on
two conflicting objectives: granularity and efficiency of
the search. A search space of smaller dimension results
in a faster and simpler learning process, but the obtain-
able solutions might be suboptimal. A larger, complete
search space that comprises the entire KB and has a finer
granularity is therefore more likely to contain optimal

learning rules, there are three main approaches that have solutions, but the search process itself might become

been applied in the literature: Pittsburgh approach [61],
Michigan approach [34] and Iterative rule learning ap-
proach [66]. Pittsburgh and Michigan approaches are
the most extended methods for rule learning developed
in the field of genetic algorithms. The first one is char-

acterised by representing an entire rule set as a genetic

code (chromosome), maintaining a population of candi-

prohibitively inefficient and slow.

With these considerations there is an obvious trade-off
between the completeness and granularity of the search
space and the efficiency of the search. This trade-off of-
fers different possibilities for GFS design that are con-
sidered in the following subsections.

date rule sets and using selection and genetic operators First of all, it is important to distinguish between tun-

to produce new generations of rule sets. The Michigan ing and learning problems. Tuning is more concerned
approach considers a different model where the mem- with optimisation of an existing FRBS, whereas learn-
bers of the population are individual rules and a rule set ing constitutes an automated design method for fuzzy
is represented by the entire population. In the third ap- rule sets that starts from scratch. Tuning processes as-
proach, the iterative one, chromosomes code individual sume a predefined RB and have the objective to find a
rules, and a new rule is adapted and added to the rule set of optimal parameters for the membership and/or the
set, in an iterative fashion, in every run of the genetic scaling functions. Learning processes perform a more
algorithm. elaborated search in the space of possible RBs or whole
KBs and do not depend on a predefined set of rules.

3 Genetic fuzzy rule-based systems

3.1 Genetictuning
The most extended GFS type is thanetic fuzzy rule-
based system, where a GA is employed to learn or tune  The tuning of the scaling functions and fuzzy member-
different components of an FRBS. Several hundred of ship functions is an important task in FRBS design. The
papers have been devoted to analyse the automatic gen-parameterised scaling functions and membership func-
eration of the knowledge base of a FRBS using GAs. tions are adapted by the GA according to a fitness func-
The key pointis to employ an evolutionary learning pro-  tion that specifies the design criteria in a quantitative



manner.

Tuning the scaling functions Scaling functions ap-
plied to the input and output variables of an FRBS nor-
malise the universes of discourse in which the fuzzy
membership functions are defined. Usually, the scaling
functions are parameterised by a single scaling factor
[51] or a lower and upper bound [48] in case of linear
scaling, and one or several contraction/dilatation param-
eters in case of non-linear scaling [25, 47]. These pa-

rameters are adapted such that the scaled universe of

discourse better matches the underlying variable range.

The usual approach of this kind of process is the adap-
tation of one to four parameters (defining the scaling
function) per variable.

Tuning themember ship functions In the case of tun-

ing the membership functions, an individual represents
the entire DB as its chromosome encodes the parame-
terised membership functions associated to the linguis-
tic terms. The most common shapes for the membership
functions (in GFRBSSs) are triangular (either isosceles
[39, 52] or asymmetric [9, 41]), trapezoidal [29, 40] or
Gaussian functions [26, 28]. The number of parame-
ters per membership function usually ranges from one to
four, where each parameter is binary [58] or real coded
[46].

The structure of the chromosome is different for FRBSs
of the descriptive (using linguistic variables) or the ap-

proximate (using fuzzy variables) type. When tuning

the membership functions in a linguistic model [9], the

entire fuzzy partitions is encoded into the chromosome
and it is globally adapted to maintain the global seman-
tic in the RB. On the other hand, tuning the membership
functions of an approximate model [29, 59] is a particu-

lar instantiation of KB learning since the rules are com-

pletely defined by their membership functions instead
of referring to linguistic terms in the DB.

3.2 Geneticlearning of therule base

Genetic learning of the RB assumes a predefined set of
fuzzy membership functions in the DB to which the
rules refer to by means of linguistic labels. Genetic
learning of the RB only applies to descriptive FRBSSs,
as in the approximate approach adapting rules is equiv-
alent to modify the membership functions.

The three learning approaches described in previous
section are considered in learning rule bases: Michigan
approach [3, 37, 63], Pittsburgh approach [32, 55, 62],
and iterative rule learning approach [9, 24]. The RB is
either represented by a relational matrix [62], a decision
table [55], or a list of rules [24, 32, 63].

Representations through relational matrix and decision
table are only considered when applying the Pittsburgh
approach. The list of rules is the most extended rep-
resentation, applying quite different codes for the indi-
vidual rules. A common approach to coding individ-
ual rules is the use of rules in disjunctive normal form
(DNF) represented in the form of a fixed length binary
string [24, 63]. DNF rules are also considered when
working on variable length codes [32], that are based
on messy GAs [22].

3.3 Geneticlearning of the knowledge base

As genetic learning of the KB deals with a heteroge-
neous search space, it encompasses different genetic
representations such as variable length chromosomes,
multi-chromosome genomes and chromosomes encod-
ing single rules instead of a whole KB. The compu-
tational cost of the search grows with the increasing
complexity of the search space. An GFRBS that en-
codes individual rules rather than entire KBs is an op-
tion to maintain a flexible, complex rule space in which
the search for a solution remains feasible and effi-
cient. Again, the three learning approaches are con-
sidered: Michigan approach [53, 65], Pittsburgh ap-
proach [5, 44, 48, 52], and iterative rule learning ap-
proach [8, 9, 10].

The proposals for learning KBs include systems obtain-
ing approximate Mamdani-type FRBSs [5, 9, 65], de-
scriptive Mamdani-type FRBSs (scaling functions and
rules [48] or membership functions and rules [52]), and
TSK fuzzy systems [10, 44].

4 New trendsin genetic fuzzy rule-based systems

In addition to those presented in previous section, it is
possible to explore new directions in applying genetic
(evolutionary) techniques to FRBSs. The present sec-
tion offers some hints to these works.

Designing fuzzy rule-based systemswith genetic pro-
gramming Genetic programming (GP) is concerned
with the automatic generation of computer programs
[42]. Different proposals can be found for using genetic
programming to evolve fuzzy rule sets, internally rep-
resented as type-constrained syntactic trees [1, 19, 31].
Fuzzy GP, proposed in [19], combines a simple GA that
operates on a context-free language with a context-free
fuzzy rule language. Nowadays, it is possible to dis-
tinguish among GPs that utilise a grammar for learning
linguistic rules [1, 19], and approaches that use domain-
specific knowledge to define the function and terminal
set which constitute the building blocks for the fuzzy
rules to be learned [31].



Genetic selection of fuzzy rule sets In high-
dimensional problems, the number of rules in the RB
grows exponentially as more inputs are added. Rule
reduction methods have been formulated using neural
networks, clustering techniques, orthogonal transforma-
tion methods, and algorithms based on similarity mea-
sures among others. In recent years genetic techniques
have been considered to address the problem of high-
dimensional spaces in FRBS design [8, 23, 36].

L earning the knowledge base via the genetic deriva-

tion of the data base Genetic tuning of the DB usu-
ally assumes that a predefined RB is used to evaluate
the quality of the overall FRBSA priori genetic DB
learning refers to a KB learning process in which a
GA adapts the DB components such as scaling func-
tions, membership functions and granularity parame-
ters, whilst an additional fuzzy rule generation method
derives the RB from the DB definition encoded in the
chromosome[11, 12, 20, 35].

Other genetic-based machine learning approaches
This paragraph mentions other approaches found in the
literature. A hierarchical evolutionary method to design
FRBSs, where a GA works on different populations en-
coding information items of different levels, to finally
evolve a population of complete FRBSs is proposed in
[56]. Different genetic schemes as those inspired on the
virus theory of evolution applied to learn TSK fuzzy
rule sets [60], on the genetic recombination in bacte-
rial genetics [18], or using DNA coding schemes [17]
are found in the literature.

5 Other kinds of genetic fuzzy systems

Although the main GFS type is the GFRBS, other kinds
of GFSs have been proposed in the literature and have
also obtained successful results. The aim of this section
is to introduce several of these other GFSs, namely, ge-
netic fuzzy neural networks and genetic fuzzy clustering
algorithms.

5.1 Genetic fuzzy neural networks

Genetic fuzzy neural networks are the result of adding
genetic or evolutionary learning capabilities to systems
integrating fuzzy and neural concepts. The result will be
a genetic-neuro-fuzzy system (or a genetic fuzzy neural
network).

The usual approach of most genetic fuzzy neural net-
works found in the literature, is that of adding evo-
lutionary learning capabilities to a fuzzy neural net-
work that usually is a feed-forward multilayer-ed net-
work to which, previously, some fuzzy concepts where

incorporated. The result is a feed-forward multilayer-
ed network having fuzzy and genetic characteristics
[7,43, 45, 57].

Genetic fuzzy neural networks incorporate fuzzy num-
bers to represent the weights, performs fuzzy operations
in the nodes of the network, and/or incorporates fuzzy
nodes that represent membership functions. In addition,
the learning process applies 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 net.

5.2 Genetic fuzzy clustering algorithms

There are several references in the literature proposing
the application of GAs in fuzzy clustering, most of them
devoted to improve the results of FCM-type algorithms
[2] by using the GA to optimise some parameters of
these kinds of algorithms.

The use of GAs to optimise the parameters of an
FCM-type algorithm generates two different GFSs.
Prototype-based algorithms encode the fuzzy cluster
prototypes and evolve them by means of a GA guided
by any centroid-type objective function [27, 4% uzzy
partition-based algorithms encode, and evolve, the
fuzzy membership matrix [64].

A second possibility is to use the GA to define the dis-
tance norm of an FCM-type algorithm. The system con-
siders and adaptive distance function and employs a GA
to learn its parameters in order to obtain an optimal be-
haviour of the FCM-type algorithm [67].

Finally, a third group of genetic approaches are based
on directly solving the fuzzy clustering problem without
interaction with any FCM-type algorithm [4].

6 Conclusions

The hybridisation of fuzzy logic and evolutionary com-
putation in so called GFSs became an important re-
search area during the last decade, to which several
hundred papers, special issues of different journals and
edited books have been devoted [14]. Nowadays, as the
field of GFSs matures and grows in visibility, there is
an increasing concern about the integration of these two
topics from a novel more sophisticated perspective.

As David Goldberg stated, the integration of single
methods into hybrid intelligent systems goes beyond
simple combinations. For him, the future of Computa-
tional Intelligence liesin the careful integration of the

best constituent technologies’ and subtle integration of
the abstraction power of fuzzy systems and the innovat-
ing power of genetic systems requires a design sophisti-
cation that goes further than putting everything together
[21].
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