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Abstract

The identification of fuzzy models from input-

output data generally generates a distribution of the
membership functions in the universe of discourse
which is difficult to understand and use. This paper
presents a method to obtain a uniform distribution
of the membership functions by using a parameters
adjustment technique based on the overlap ratio of
the functions. The paper presents some experiments
which demonstrate the effectiveness of the method.

1 Introduction

The ability of fuzzy logic systems to model
nonlinear dynamical systems has been
demonstrated by many authors in the last twenty
years. Many different techniques to obtain the
pammetersofmeﬁlzzysyseemfmmdsemputmd
output data of the process to be modeled have been
presented. Particularly, fuzzy logic systems with
center average defuzzifier, product-inference rule
and singleton fuzzifier [1] can be obtained by
applying the gradient method to estimate the
parameters that define the Membership Functions
(MFs) [2][3][4]. Moreover, the learning capabilities
of neural networks can be also applied to fuzzy
models [3].

However, the direct application of the leamning
capabilities of neural networks to fuzzy models has
two limitations. First, the fuzzy model remains as a
“black box” due to the random distribution of
membership functions in the universe of discourse.

Second, the lack of an easy way to verify and
optimize the solution.

The main advantage of fuzzy logic is the ability of
using additional heuristic knowledge of the process
being identified. This ability can not ecasily
exploited when using neural networks to identify
the fuzzy system. Combining the explicit
knowledge representation of fuzzy logic with the
learning power of neural nets requires an adequate
distribution of membership functions in the
universe of discourse, and then the system can be
easily interpreted or modified [S].

In order to exploit the capabilities of fuzzy logic to
built models that could be used and modified by
experts, the following objectives in the
identification of the MFs has been defined by
Marsh [7]:

1.-Every point in the universe of discourse should
belong to the domain of at least one membership
function.

2.- Two membership functions can not have the
same point of maximal meaningfulness.

3.- When two membership functions overlap, the
sum of membership grades for any point in the
overlap should be less than or equal to 1.

4.- When two membership functions overlap, the
overlap should not cross the point of maximal
meaningfulness of either membership function.

Let e(y,y) be the mean square error among the
output data and the estimated function, and Max_e

is the maximal error permitted in the estimation of
the model. Then, the modeling phase based on the



gradient method can be implemented using the

following steps [6]:

- Inicial values are introduced by user (learning
rate, Max_e, number of rules M)

- Initialization of the parameters to be adapted
(consequents, centers and widths of MFs);

WHILE (e(y, 7 ) > Max_e)

- The non-linear fuzzy function is estimated;
- The parameters are adapted;
- The function is estimated again with the
adapted parameters;
- The error is computed;
}

o

In this classical modeling procedure, even when
the parameters that define a MF are directly
obtained from an input-output data set distributed
belong the universe of discourse of each variable,
the above objectives (2)<(4) are not satisfied in
general. Then, a parameters adjustment must be
incorporated to the traditional gradient descent
method to obtain an adequate distribution of
membership functions in the universe of discourse
[8). The next two sections present the proposed
method to identify respectively the precedent part
and the consequent part of the fuzzy system. The
fourth section presents two examples. Sections 5
and 6 are devoted respectively to the Conclusions
and the References.

2 Parameters adjustment based on
overlap ratio applied in the precedent
part of the fuzzy model. ‘

The Overlap Ratio (ORa) is an index that can be
used in the adaptation algorithm as a measurement
to find out if two MFs should overlap or not. The
ORa applied on two adjacent MFs for a universe of
discourse U can be defined as:

Overlap Scope (0Sc)
Adjacent Membership Functions Scope(AMFS)
where OSc is the interval of the universe of
discourse in which two adjacent MFs have a
common support, and AMFS is the support
generated by two adjacent MFs.

ORa = (2)

The two MFs most commonly used are Triangular
and Gaussian functions, defined as:
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where . and ! represents the Gaussian and
Triangular MF respectively, equivalent to linguistic
terms defined as reference fuzzy sets over the input
spaces for the i input variable and the [/ rule
(f=1...M). The parameters 7, and J; are the centers
and widths for the MFs (see Fig. 1). '

Figure 1.- Representation of triangular and
Gaussian MFs in the same universe of discourse

defined by widths [B/8/*'] = [20 20] and
centers [y/y/*1] = [60 70).
Assume that variables min_sup and max_sup are

defined as the limits of lower and upper support of
a MF, then the ORa for two adjacent MFs j and j+1

can be expressed by:
o - M—M(j)'m-ﬁup(j'*l) =1..M-1 (5
Rao)-max_:up(jw‘l)-min.:up(f)r )

The support for the triangular MF are clearly
identified as:
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Notice that a Gaussian MF achieves a zero MG
theoretically in the infinite. However, the designer
may want that MG should be zero outside certain
interval of the universe of discourse. If it is
required that the MF reaches zero on y times the

width ( B/), then (6) could be expressed as:
min_sup() =y’ ~wp’ ; max_sup() = y’ +yB’ (7
Substituting (7) into (5) yields:
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The function that expresses the result of the MG in
the Gaussian MF for a  defined value is obtained
by applying (3), where the input variables are
substituted by support of MF, that is
x;, =min_sup(j) or x, =max_sup(j). Hence, it
results:

)

MG, =exp (- ¥") 9)
where
y=J/-In(MG,) ; 0<MG, <1 (10)
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Figure 2.- Representation of the MG,
withy =2 and ¥y =25 for a Gaussian MF

where ¥ =60 and § = 20.

Figure 2 shows an example of support definition
for Gaussian MF. For y=2 the MG is 0.0183

(1.83% of the MG_,,), and for y=2.5, the MG is

0.0019 (0.19% of the MG_,, ), where the MG, =1.

When the overlap ratio is applied in the fuzzy

modeling adaptation law, the algorithm (1) can be

rearranged to:

- Inicial values are introduced by user (leaming
rates, Max_e, number of rules M)

- The consequents are initialized;

- Centers and widths are initialized so that MFs
are uniformly distributed;

WHILE (e(y, y ) > Max_e)
{
- The non-linear fuzzy function is estimated;
- The parameters are adapted;
- The centers and widths are adjusted based
on ORa; (11)
- The function is estimated again with the
adapted and adjusted parameters;
- The error is computed;
}

The algorithm gives a uniform distribution of the
adapted parameters when the restriction (8) is
applied. Then, the cost function to be minimized
must be defined as:

J= %(ORa—ORa‘)’ (12)

where ORa“ is the desired value of the overlap
ratio.
Using the above cost function, the adjustment law
based on gradient descent rule results:
d(ORa)
&/,
where §/ represents the parameters to be adapted
(v!, B/) and 0, is the leaming rate for the
adjustment law based on overlap ratio.

&/ w1 =8/, ~Nors(ORa - ORa") (13)






