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Abstra t

Nowadays, Linguisti Modeling (LM) is onsidered to be one of the most important areas of appli ation for Fuzzy Logi . It is a omplished by des riptive Fuzzy Rule-Based
Systems (FRBSs), whose most interesting
feature is the interpolative reasoning they
develop. This hara teristi plays a key role
in the high performan e of FRBSs and is a
onsequen e of the ooperation among the
fuzzy rules involved in the FRBS.
A large quantity of automati te hniques has
been proposed to generate these fuzzy rules
from numeri al data. One of the most interesting families of te hniques, due to its
simpli ity and qui kness, is the ad ho datadriven methods. However, its main drawba k is the ooperation among the rules
whi h is not suitably onsidered.
With the aim of fa ing up this drawba k,
whi h makes the obtained models not to
be as a urate as desired, a new approa h
to improve the performan e obtaining more
ooperative rules is introdu ed in this paper. Following this approa h, a on rete LM
method based on one of the most known
and widely used ad ho data-driven methods, the Wang and Mendel's method, is also
presented. Its operation mode is omposed
of two stages: generation of the andidate
rule set and ombinatorial sear h of the rule
set with best ooperation. Its behavior in
the solving of two di erent appli ations will
also be shown.
Linguisti system models,
fuzzy rule-based systems, learning, ooperative linguisti rules, simulated annealing
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Introdu tion

At present, one of the most important areas for
the appli ation of Fuzzy Set Theory as developed
by Zadeh in 1965 [17℄ are Fuzzy Rule-Based Systems (FRBSs). These kinds of systems onstitute
an extension of lassi al Rule-Based Systems, beause they deal with fuzzy rules instead of lassi al logi rules. Thanks to this, they have been
su essfully applied to a wide range of problems
from di erent areas presenting un ertainty and
vagueness in di erent ways [1, 6, 10, 16℄. One of
the most important appli ations of FRBSs is system modeling [1, 10℄, whi h in this eld may be
onsidered as an approa h used to model a system making use of a des riptive language based
on Fuzzy Logi with fuzzy predi ates [11℄. In
this framework, one of the most important areas is Linguisti Modeling (LM), where the interpretability of the obtained model is the main
requirement.
A typi al FRBS is omposed of two main omponents: the Knowledge Base (KB) and the Inferen e System. The KB | omposed of Data Base
(DB) and Rule Base (RB)| stores the available
knowledge about the problem in the form of linguisti \IF-THEN" rules. The Inferen e System
puts into e e t the inferen e pro ess on the system inputs making use of the information stored
in the KB.
Several tasks have to be performed in order to
design an FRBS for a on rete appli ation. One
of the most important and diÆ ult ones is to obtain an appropriate KB about the problem being
solved. The diÆ ulty presented by the human
experts to express their knowledge in the form

of fuzzy rules has made resear hers develop automati te hniques for performing this task.
In this sense, a large quantity of methods has been
proposed for automati ally generating fuzzy rules
from numeri al data. Usually they make use of
omplex rule generation me hanisms su h as neural networks [7, 8℄, geneti algorithms [3, 4, 12℄,
fuzzy lustering [2, 15℄, et . Opposite to them,
a family of eÆ ient and simple methods, alled
\Ad Ho Data-Driven Methods", has been proposed in the literature [1, 9, 14℄. Under this name,
those methods are olle ted whi h are based on
pro esses where the learning of the fuzzy rules is
guided by overing riteria of the data in the example set. The way to address this pro ess an
not be in luded in any well-known optimization
or sear hing te hnique but it is spe i ally developed for this purpose. They are hara terized by
being methods based on a short time- onsuming
iterative pro edure.
The advantages of the ad ho data-driven methods are lear. On the one hand, their simpli ity
makes them be easily understandable and implementable. On the other hand, and thanks to its
qui kness, they are very suitable to be used as a
rst stage of the modeling pro ess to obtain a preliminary fuzzy model, whi h an be subsequently
re ned by other methods.
One of the most known and widely used ad ho
data-driven methods is the Wang and Mendel's
method (WM-method) [14℄. Although its high
performan e has been learly demonstrated, it
has a problem related to the way of sele ting the
rules: the method looks for the rules with the best
individual performan e. This sometimes auses
KBs with a low degree of a ura y to be obtained
that, due to the interpolative reasoning developed
by FRBSs, make the results not to be as a urate
as desired.
In order to fa e up this problem, we propose a
modi ation of the WM-method to improve the
rule ooperation and thus the a ura y of the obtained models. Basi ally, our proposal involves
performing a sear h in the set of andidate rules
to nd the ombination of them that obtain the
best a ura y jointly, even though the rules are
not individually the best in their fuzzy input subspa es.

To do so, the paper is organized as follows. In Se tion 2, the WM-method will be explained and its
drawba ks will be analyzed. Se tion 3 will show
the approa h proposed to improve the a ura y
by means of more ooperative rules. In Se tion 4,
a method based on the WM-method following the
ooperative approa h will be proposed to fa e up
the mentioned drawba ks. In Se tion 5, the behavior of the new pro ess, ompared with WMmethod and Nozaki et al.'s method [9℄, will be
analyzed in two di erent appli ations, the fuzzy
modeling of a simple three-dimensional fun tion
and the problem of ri e taste evaluation. Finally, in Se tion 6 some on luding remarks will
be pointed out.
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Wang and Mendel's Method

The ad ho data-driven RB generation pro ess
proposed by Wang and Mendel in [14℄ has been
widely known be ause of its simpli ity and good
performan e. It is based on working with an
input-output data set E = fe1 ; : : : ; ep g, el =
(xl1 ; : : : ; xln ; yl ), representing the behavior of the
problem being solved, using a previous de nition
of the DB omposed of the input and output primary fuzzy partitions.
The generation of the RB is put into e e t by
means of the following steps:
1. Consider a fuzzy partition of the input variable spa es: It may be obtained from the expert
information (if it is available) or by a normalization pro ess. If the latter is the ase, perform
a fuzzy partition of the input variable spa es
dividing ea h universe of dis ourse into a number of equal or unequal partitions, sele t a kind
of membership fun tion and assign one fuzzy
set to ea h subspa e. In our ase, we will work
with symmetri al fuzzy partitions of triangular
membership fun tions (see Figure 1).
2. Generate a andidate linguisti rule set: This
set will be formed by the rule best overing ea h
example (input-output data pair) ontained in
E . Thus, p andidate linguisti rules will be obtained. The stru ture of these rules is obtained
by taking a spe i example, i.e., an n + 1dimensional real array (n input and 1 output
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Figure 1: Graphi al representation of a uniform
fuzzy partition
values), and setting ea h one of the variables to
the linguisti label (asso iated fuzzy set) best
overing every array omponent.
3. Give an importan e degree to ea h rule: Let
Rl = IF x1 is A1 and . . . and xn is An THEN
y is B be the linguisti rule generated from the
example el , l = 1; : : : ; p. The importan e degree asso iated to it will be obtained as follows:
G(Rl ) = A1 (xl1 )  : : :  An (xln )  B (yl ) :
4. Obtain a nal RB from the andidate linguisti rule set: To do so, the p andidate rules are
rst grouped in g di erent groups, ea h one of
them omposed of all the andidate rules presenting the same ante edent. We will note by
Rij the j -th rule in the i-th group. To ompose the nal RB, the rule with the highest
importan e degree is hosen in ea h group i,
i = 1; : : : ; g. Hen e, g will be both the number of di erent ante edent ombinations in the
andidate rule set and the number of linguisti
rules in the nal RB generated.
The good behavior of the WM-method has been
learly demonstrated. However, sometimes the
method does not perform as good as desired. It
is due to a problem related to the way in whi h
the rules are sele ted.
One of the most interesting features of a FRBS is
the interpolative reasoning it develops. This hara teristi plays a key role in the high performan e
of FRBSs and is a onsequen e of the ooperation
among the fuzzy rules omposing the KB. As it is
known, the output obtained from a FRBS is not
usually due to a single fuzzy rule but to the ooperative a tion of several fuzzy rules that have
been red be ause they mat h the system input
to any degree.

However, the operation mode followed by WMmethod is to bra ket the example data set into
fuzzy subspa es (the ante edent ombinations
mentioned in step 4 of the algorithm) a ording
to the overing degree, and to obtain afterwards
the rule with the best performan e in ea h subspa e. Therefore, the global intera tion among
the rules of the KB is not onsidered. This auses
the nally obtained rule set, in spite of presenting
a good lo al behavior, not to ooperate suitably.
Moreover, the fa t of lo ally pro essing these rules
makes the method be more sensitive to noise.
A proposal modifying the WM-method to in lude
ooperation in the generated RB will be presented
in Se tion 4. Previously, the approa h followed
by this proposal to indu e ooperation among the
fuzzy rules will be explained in the next Se tion.
3

A New Approa h to Improve the
A

ura y Obtaining More

Cooperative Rules

With the aim of addressing the drawba ks presented by the WM-method, a new approa h to
improve the a ura y obtaining best ooperation
among the rules is proposed: the Cooperative
Rules (COR) approa h.
To do so, a Combinatorial Sear h of Cooperative
Rules is performed over the set of andidate rules
to nd the rule set best ooperating. Instead of
sele ting the onsequent with the highest importan e degree in ea h subspa e like WM-method
does, the COR approa h onsiders the possibility of using another onsequent di erent from the
best one, when it allows the FRBS to be more
a urate thanks to having a KB with best ooperation. To do so, COR performs a ombinatorial
sear h among the andidate rules looking for the
set of onsequents with the best a ura y.
In order to perform this ombinatorial sear h, an
expli it enumeration or an approximate te hnique
an be onsidered:

 The

rst one a omplishes a full sear h
through the set of possible ombinations. Although with this te hnique we ensure the obtaining of the best solution, it may take a
long time or simply be unapproa hable in

it is available) or by a normalization pro ess, as
shown in step 1 of the WM-method.

terms of run time, when there is a great
number of ombinations. Therefore, this
te hnique is only re ommended in on ned
spa es.

2. Generate a andidate linguisti rule set from
the examples like in step 2 of the WM-method.

 On the other hand, when the use of an ex-

3. Group the obtained rules a ording to the ante edent ombinations, whi h is equivalent to
applying the rst part of step 4 in the WMmethod, and sele t the possible onsequent
values for ea h one of them. To do so,
the onsequents B ij of the andidate linguisti
rules Rij are analyzed and g di erent possible
onsequent term sets Si , i = 1; : : : ; g, are obtained by taking only the di erent ones in ea h
group. From now on, the l-th member of Si
will be noted by il .
4. Run the SA-based algorithm to look for the
ombination f 1l1 ; : : : ; glg g with the best degree
of a ura y. The initial solution is obtained by
generating a possible ombination at random.
The neighbor generation me hanism randomly
sele ts a spe i s 2 f1; : : : ; gg and hanges
s by s = f s ; : : : ; s ; s ; : : : ; s g. To
1
ls
ls
ls 1 ls +1
jSs j
evaluate the quality of ea h solution, an index measuring the ooperation degree of the
en oded rule set is onsidered. In this ase,
the algorithm uses a global error fun tion alled
mean square error (MSE), whi h de ned as

pli it enumeration is not possible, an approximate te hnique is needed. Any sear h te hnique an be used. However, sin e one of the
main advantages of the ad ho data-driven
methods is their ability to nd good fuzzy
models qui kly, the sear h te hnique should
also be qui k. We propose to use the Simulated Annealing (SA) te hnique sin e it is
easily implementable and it nds good solutions qui kly.
SA is a numeri al optimization te hnique
based on the analogy with the physi al annealing pro ess of solids [13℄. The SAbased algorithm begins with an initial solution and generates a neighbor of this solution by means of a suitable me hanism. If
the adaptation of the latter is better than
the former, the urrent solution is repla ed
by the generated neighbor; otherwise, this
repla ement is a omplished with a spe i
probability that will be de reased during the
algorithm progress. This pro ess is iterated
a large number of times.

0

Following the COR approa h, an spe i method
based on the WM-method will be presented in the
next Se tion.
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MSE =

A Proposal Based on the Wang and
Cooperative Rules Approa h

The algorithm is made up of the following steps:
1. Consider a fuzzy partition of the variable
spa es obtained from the expert information (if

yi )2 ;

with N being the data set size, y0 being the
output obtained from the FRBS, and y being
the known desired output. The loser to zero
the measure is, the greater the performan e is
and, thus, the better the rule ooperation is.

Mendel's Method Following the

In this Se tion, a modi ation of WM-method
following the presented philosophy is introdu ed: the WM-based COR-method (COR-WMmethod). It is omposed of two stages: in the rst
one, the set of andidate rules is obtained (in the
usual WM-method way); in the se ond one, the
set of rules with the best ooperation is obtained
by means of a SA te hnique.

X

1 N 0
(y
2  N i=1 i
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Experimental Study

In order to analyze the behavior of the proposed
pro ess, we have hosen two di erent appli ations: the fuzzy modeling of a three-dimensional
fun tion, and the problem of ri e taste evaluation,
proposed in [9℄. In both ases, we will ompare
the a ura y of the linguisti models generated
from our pro ess with the ones designed by means
of the WM-method and the Nozaki et al.'s method
(N-method) [9℄.

An initial DB onstituted by a primary fuzzy partition for ea h variable will be onsidered in ea h
ase. Every partition is formed by seven linguisti terms for the three-dimensional fun tion, and
three linguisti terms for the ri e taste evaluation problem, with triangular-shaped equally distributed fuzzy sets giving meaning to them (as
shown in Figure 1), and the appropriate s aling
fa tors to translate the generi universe of disourse into the one asso iated with ea h problem
variable.
As regards the FRBS reasoning method used, we
have sele ted the minimum t-norm playing the
role of the impli ation and onjun tive operators,
and the enter of gravity weighted by the mat hing
strategy a ting as the defuzzi ation operator [5℄.
5.1

Fuzzy modeling of a simple
three-dimensional fun tion

For this rst experiment, a simple unimodal
three-dimensional mathemati al fun tion (see
Figure 2) is onsidered to be modeled. The mathemati al fun tion and the variable universes of
dis ourse are the following:
F (x1 ; x2 ) = x21 + x22
x1 ; x2 2 [ 5; 5℄; F (x1 ; x2 ) 2 [0; 50℄ .
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Figure 2: Graphi al representation of the threedimensional fun tion F
A training data set uniformly distributed in the
three-dimensional de nition spa e has been obtained experimentally. In this way, a set with
1681 values has been generated taking 41 values
for ea h one of the two input variables onsidered
to be uniformly distributed in their intervals. Another data set has been generated for its use as

test set to evaluate the performan e of the learning method, avoiding any possible bias related to
the data in the training set. The size of this data
set (168) is ten per ent of the training set one.
The data is obtained generating the input variable values at random in the on rete universes
of dis ourse for ea h of them, and omputing the
asso iated output variable value.
The results obtained by the three methods onsidered are olle ted in Table 1, where #R stands
for the number of rules, and MSEtra and MSEtst
for the values obtained over the training and test
data sets respe tively. The best results are shown
in boldfa e.
Table 1: Results obtained modeling F

Method

WM-method
N-method

COR-WM-method

#R MSEtra MSEtst
49
49 1.605482 1.132797
98

2.048137

2.255928

2.465487

1.768125

Analyzing these results, we may note the good behavior presented by our COR-WM-method. The
linguisti model generated from it learly outperforms the ones designed by the other two methods. Compared with WM-method, a signi antly
more a urate model is obtained thanks to the ooperative rule onsideration. Of ourse, the same
number of rules is generated. Opposite to Nmethod, moreover of improving the performan e
to a high degree, the model obtained by our proess presents a very mu h simpler KB (49 rules
against 98), whi h is a very important aspe t in
LM where the interpretability is the main requirement.
5.2

Ri e taste evaluation

Subje tive quali ation of food taste is a very important but diÆ ult problem. In the ase of the
ri e taste quali ation, it is usually put into effe t by means of a subje tive evaluation alled
the sensory test. In this test, a group of experts,
usually omposed of 24 persons, evaluate the ri e
a ording to a set of hara teristi s asso iated to
it. These fa tors are: avor, appearan e, taste,
sti kiness, and toughness [9℄.
Be ause of the large quantity of relevant variables,
the problem of ri e taste analysis be omes very

omplex, thus leading to solve it by means of modeling te hniques apable of obtaining a model representing the non-linear relationships existing in
it. Moreover, the problem-solving goal is not only
to obtain an a urate model, but to obtain a userinterpretable model as well, apable of putting
some light on the reasoning pro ess performed by
the expert for evaluating a kind of ri e in a spei way. Due to all these reasons, in this Se tion
we deal with obtaining a linguisti model to solve
the said problem.
In order to do so, we are going to use the data set
presented in [9℄. This set is omposed of 105 data
arrays olle ting subje tive evaluations of the six
variables in question (the ve mentioned and the
overall evaluation of the kind of ri e), made up by
experts on this number of kinds of ri e grown in
Japan (for example, Sasanishiki, Akita-Koma hi,
et .). The six variables are normalized, thus taking values in the real interval [0,1℄.
With the aim of not biasing the learning, we have
randomly obtained ten di erent partitions of the
mentioned set, omposed by 75 pie es of data in
the training set and 30 in the test one, to generate
ten linguisti models in ea h experiment.
Table 2 shows the results obtained modeling this
appli ation. The values shown in olumns MSEtra
and MSEtst have been omputed as an average of
the MSE values obtained in the approximation of
the training and test data sets, respe tively, by
the ten linguisti models generated in ea h ase.
The olumn #R stands for the average number
of linguisti rules in the KBs of the ten models
generated by ea h pro ess.
Table 2: Results obtained in the ri e taste evaluation

Method

WM-method
N-method

COR-WM-method

#R MSEtra MSEtst
23
0.002512 0.003221
23
0.003339

0.003758

0.003040

0.003484

method. However, in ex hange of losing a little bit of a ura y, our pro ess obtains a mu h
lesser number of rules than N-method, whi h signi antly improves the interpretability.
We should say that due to the small size of the
example set, a redu ed number of ombinations
(8.4 on average for the ten partitions) is generated in the rst stage of the COR-WM-method.
Therefore, the expli it enumeration has been used
in this ase instead of the SA pro edure sin e the
best solution an be qui kly found.
6

Con luding Remarks

In this paper, a new approa h to generate a urate and simple linguisti models has been proposed, the COR approa h. It is based on onsidering the ooperation among the fuzzy rules
in the generation pro ess making good use of the
interpolative reasoning developed by the nally
designed FRBS.
Following this approa h, a spe i method modifying the WM-method has also been presented.
Its operation mode is omposed of two stages:
generation of the andidate rule set and ombinatorial sear h of the rule set with the best ooperation. Its behavior has been ompared to other two
LM methods when solving two di erent problems.
The proposed pro ess has obtained very good results ombining a ura y and interpretability.
This leads us to on lude that the onsideration
of ooperative rules improves the performan e of
the linguisti models and the derivation of KBs
by rstly generating a andidate rule set and then
sear hing the best ombination of rules is a good
way to a omplish this aspe t.
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