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Abstract

In this paper. we try to analyze two kinds of conventional neuro-fuzzy learning algorithms, which are widely used
i recent fuzzy applications for tuning fuzzy rules. and give a summarization of their properties. Some of these
propertics show that uses of the conventional ncuro-fuzzy learning algorithms are sometimes difficult or inconvenient
for constructing an optimal fuzzy system model in practical fuzzy applications.
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1. Introduction

In recent fuzzy applications, it is getting more
important to consider how to design optimal fuzzy rules
from training data. in order to construct a reasonable and
suitable fuzzy system model for identifying the
corresponding practical systems. However, when a fuzzy
syvstem model is designed, it is sometimes too hard or
impossible for human beings to give desired fuzzy rules
or membership functions, due to the ambiguity.
uncertaints or complexity of the identifving system. Duc
to the above rcasons, it is natural and neccssary to
generate or tune fuzzy rules by some learning technique.
By means of the back-propagation algorithm of the
ncural networks [5], so-called “neuro-fuzzy learning
algorithms”™. which are widely used in recent fuzzy
applications for generating or tuning optimal fuzzy
system models [8.9], have been proposed by Ichihashi [1],
Nomura ct al. [4], Wang and Mendel [7], independently.

In this paper. we try to analyze two kinds of neuro-
fuzzy learning algorithms and give a summarization of
the properties. Some of their properties show that uses of
the conventional neuro-fuzzy learning algorithms are
difficult or inconvenient sometimes for learning a fuzzy
systcin model in practical fuzzy applications.

2. Conventional neuro-fuzzy learning algorithms

In what follows, we shall explain briefly two kinds of
approaches of neuro-fuzzy learning algorithms.

2.1 Two Forms of Fuzzy Inference Models

Let x, x5, ..., x, be variables on the input spacc X" =
XX X;X . XX,. and y be a variable on the output
space Y, then two forms of fuzzy inference rules by the
fuzzy "If..then.." rule model can be described as
follows.

Product-sum-gravity fuzzy reasoning method:

Rule i: If x, is 4;;, and x, is Ao, and ... x,, iS Ay
then y is B; : 4y

where 4; (=1,2,..m: 1=12_..n) and B; are fuzzy
subsets of X; and Y, respectively and the subscript i
corresponds to the /-th fuzzy ruic.

When an observation (x,.x-.....x,)) is given, a fuzzy
inference consequence y can be obtained by using
Product-sum-gravity fuzzy reasoning method [3] as
follows:

Zhisiyi
y...!_'____..._._..

Eh,.s,.

where hi = A“(x,)Ag,(x:)..,4n,!(xm) (121,2,...,11) is the
agreement of the antecedent of the i-th fuzzy rule, s; is
the area of B, and y, is the center of B,.

()

Simplified fuzzy reasoning method:

Rule i: If x; is 4), and x» is.4-, and ... x,, 1S Apy
then y is y, €))

where 4; (=1,2,...,m; i=1.2.._.n) is a fuzzy subset of Xj.
and y; is a real number on |’

When an observation (x;.x......x,,) is given, a fuzzy
inference consequence y can be obtained by using
Simplified fuzzy reasoning method [2] as follows:

Ehiy,-

Y= 4

3
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where h; = A(x)Ao(x2). AmiCxn) (=1,2,...,n) is the
agreement of the antecedent of the i-th fuzzy rule as in
(2), v; is a real number on Y.

2.2 Conventional Neuro-Fuzzy Learning Algorithms

On the basis of the above two forms of fuzzy
inference rules, we shall state two kinds of conventional
neuro-fuzzy learning algorithms.

First, two kinds of membership functions are defined
as follows:

Gaussian-type membership function:
Aji(x) = exp(-(x-a;)*/2 0 ;) ©)
By) = exp(-(r-y)72 0 ) ©6)

where g and ¢ (=1,2,...m; i=1,2,...,n) are the center
and width of 4; respectively, as shown in Fig. 1. y; and
o; (i=1,2,..,n) are the center and width of B,
respectively.

Triangular-type membership function:

.l-2|xj —aj,-l’
b,

Ji

A, = a,-b,/2sx,sa,+b,/2 I

t
0, otherwise

.

where g and b; (=1,2,....,m; i=1,2,...n) are the center
and width of 4;; respectively, as shown in Fig. 2.

B Aji-t Aji Ajid

- T Xj
aji-1 aji aj,id

Fig. 1 Gaussian-type membership functions for x;

Aji-1 Ai Ajid

Fig. 2. Triangular-type membership functions for x;

When the training input-output data (x),x,,...,.%m; ¥¥)
are given for a fuzzy system model, it is well-known to
use the following objective function £ for evaluating an

error between y* and y, which can be regarded as an
optimum problem:

E=(@*-y)y/2 @®)

where y* is the desired output value, and y is the
corresponding fuzzy inference result.

In order to minimize the objective function £, two
kinds of neuro-fuzzy learning algorithms for tuning the
parameters of the fuzzy rules have been proposed, based
on the gradient descent method [5], which are described
as follows.

Gaussian-type neuro-fuzzy method:

In (1) the fuzzy subsets 4; =1,2,...,m; i=1,2,...,n) on
the antecedent parts and B; on the consequent parts are of
Gaussian-type as (5) and (6), respectively. And, in (6) let
0;= o0 beaconstant. Then, (2) can be rewritten as

2 hly I
y=T &)
2"
which is equivalent to (4), where y; (i=1,2,...,n) stands
for the center of fuzzy subsets B;.
By using the back-propagation algorithm, Wang and
Mendel formulate the following neuro-fuzzy learning

algorithm for updating the center a;; and width o j of 45
(j=12,...,m; i=1,2,...,n), and the center y, of B; [7]:

ajl(t+1) = aji(z‘) - ¢ 0FE/d aji(t)

S (v, =9, (x, ~a,)
”aji(t)"a(y*_y) = (10)

2 n
o, 211,.
=

ottl)= o()- B IE/J o)

(yi -y)hi(xj - a;i):
=0,(0)-By*-y= - (11)

Y+ =y(t)- v 9 E/0y(r)

h
=y (O -r(y*-»—- (12)

Y

where o, B and vy are the learning rates which are
regarded as the constants in the learning process, and ¢
means the learning iteration.

Triangular-type neuro-fuzzy method:

—-392—



In (3) fuzzy subset Aj; is defined as the triangular
membership function of (7), and y; is a real number of
consequent parts. Then, by (4) Nomura et al. formulate
the following neuro-fuzzy learning algorithm based on

the back-propagation algorithm for updating the center

a,; and width b; of 4;;, and the real number y; [4]:

aji(t+1) = a,;(t) - a 0F/0 aji(t)

sgn(x, —a}.,)HAh,(xk)
=]

=a,(t)-2a(y*~-yXy, - ¥) (13)
bj,zlh,
b)'i(H'l) = bji(t) - BOE/D bji(f)
lx,-a,;| HAH(xk)

=b,0-280*-»0, -y = 14)

b,,zzh,.
w1 =y(0) - v G E/ 0 y(n)

h,

=y O~y *-y)5— (15)

h,

i

where in (13) and (14), £ ¥+ ; implies & = 1,...j-
1/+1,...m.

For the above two kinds of neuro-fuzzy approaches,
there exists a common construction of neural networks of
the fuzzy system model as shown in Fig. 3.

Input layer

Fig. 3 Neural networks of the fuzzy system model

Hidden layers

Output layer

3. Some of properties on conventional neuro-fuzzy
learning algorithms

We now turn to the discussion of some of common
characters on the conventional neuro-fuzzy learning

algorithms.

Property 1: Membership functions on antecedent parts
are independent cach other.

For the input variable x; (j = 1,2,...,m), all of the
membership functions Ay, Ap, ..., 4js i (1) and in (3)
are independent each other, that is, for i # k (ike
{1,...,n}) the following inequality holds, in general [6]:

Ay #* Ay (16)

Property 1 implies that the linguistic variable 4,
(G=1,2,....m; i=1,2,...,n) is strongly restricted and used
only one time corresponding to the i-th fuzzy rule under
the conventional neuro-fuzzy learning algorithms.

Property 2: Fitting to training data is fast and finer.

For given suitable training data, the fitting to the data
is fast by the neuro-fuzzy learning algorithms because of
the independence of individual membership function by
Property 1, if the number of training data is not too much
over the number of fuzzy rules. This implies that neuro-
fuzzy learning algorithms have high generalization
capability.

Note that Property 2 will become difficult if the
number of the training data is much bigger than the
number of the fuzzy rules, since each membership
function is related with a number of training data, so the
freedom of individual membership function is strongly
restricted.

Property 3: Formulations are simple.

From algorithms (10) - (15) we can see that the
formulations of the neuro-fuzzy learning algorithms are
not so complex for performing the computation.

Property 4: The number of membership functions on
individual input space is the same, which is also equal to
the number of the fuzzy rules.

The partition number by membership functions on
each input space must be the same. According to the
arrangements (1), (3) and the independence of
membership functions by Property 1, the number of
membership functions for individual input linguistic
variable is the same, which is also equal to the number of
the fuzzy rules. This implies that the restricting to the
number of fuzzy partitions is too strong under the
conventional neuro-fuzzy learning algorithms.

As is well known in fuzzy applications, it is not
necessary to restrict all of the partition numbers for input
variables to be the same. When we deal with a multiple-
inputs system, it is reascnable and suitable to partition
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individual input space by the appropriate number of
membership functions according to the interrelation
between the input variable and the output variable.

Property 5: The number of tuning parameters for a

multiple-inpur system is large.

To deal with a complex and multiple-input system,
the use of many of fuzzy inference rules for constructing
the corresponding fuzzy system model is necessary and
reasonable. By Property 4 the number of the membership
functions for each input variable is equal to the number
of fuzzy inference rules, which leads to the great number
of tuning parameters when the number of input variables
increases. That is, the number of the membership
functions for each input variable increases rapidly, as the
number of fuzzy inference rules increases.

Property 6: Representdtion of the form of fuzzy rule
table is impossible.

In the neuro-fuzzy learning algorithms, the
expression of fuzzy inference rules in the form of fuzzy
rule table is hard or impossible because of the
independence of membership functions. For example, in
the case of triangular-type membership functions, if we
take m = 2 and n = 9 in (3), then as seen in Fig. 4, the
fuzzy rule table generated by (13) - (15) is different from
the usual fuzzy rule table used widely in fuzzy control
applications.

x3 [ A A3 Az A A A A Ap Al

x]
A13 N

R3
A1z x
Anx :%‘/

7
Als
Alg
A6 R Z
Arg : o
A7 -

x R7

Arg (x12 ) %

Fig. 4 Fuzzy rule table under triangular-type
membership functions

Property 7 : Non-firing state or weak-firing state exist.

As discussed in Property 2, the fitting to training data
is fast by the neuro-fuzzy learning algorithms because of
the freedom of individual membership function.
However, it is likely to occur a weak-firing case under
Gaussian-type membership functions or non-firing case
under triangular-type membership functions after the
learning because of the independence of membership

functions. For the given traiming data, it is possible that
all of membership functions are changed into another
forms from their initial states as shown in Fig. 4 under
the neuro-fuzzy learning algorithms. In this case, there
exist a non-firing state in the blank place as in Fig. 4, so
the fuzzy inference result must be effected. In other
words, one may consider that the approximation of the
system model is not good.

4. Conclusions

We have analyzed some of basic properties on two
kinds of neuro-fuzzy learning algorithms, and illustrated
some of advantages and shortages in these approaches.
As was discussed, it is sometimes limited to apply the
neuro-fuzzy learning algorithms to the construction of a
multiple-input or a large scale fuzzy system model, in
general. Therefore, it is necessarv and important to
develop a new approach of neuro-fuzzy learning
algorithm to cope with the above problems.
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