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Abstract; By means of the method of combining fuzzy computing with neurocomputing, this
paper proposes a kind of fuzzy system model: AFS—— Adaptive Fuzzy System. AFS adopts for-
ward neural networks to realize fuzzy reasoning rules,presents fuzzy consistent matrix method to
accomplish dynamic adaptation,and raises max-relational membership principle to carry out fuzzy
decision making. The performance of AFS is compared with those of six currently representative
reasoning methods by application examples.

Key words: fuzzy systems; fuzzy reasoning; dynamic adaptation; fuzzy decision making

1 Introduction

fuzziness is one of the universal attributes of human thinking and objective things.
Fuzzy computing,based on fuzzy set theory,is one of the effective methods for simulating
partial human brain thought activities, especially the fuzziness ‘'of human ‘brain’ thinking.
Zadeh’s CRI (Compositional Rule of Inference),Sugeno’s P (Position type method) and PG
(Position-Gradient type method) , Turksen’s IVCRI (Interval-valued Version of CRI) and I-
VAAR (Interval-valued Version of the Approximate Analogical Reasoning method) are cur-
rent representative reasoning methods for fuzzy system models™. All of them consider fuzzy
inference as an interpolation from the set of linguistic rules and thus introduce some reason-
able properties to the reasoning. However,it is difficult to acquire linguistic rules for the rea-
soning process. Whereas neurocomputing has strong ability to approximate any function.
Therefore ,we construct a new fuzzy B

system model; AFS—— Adaptive

Fuzzy System by means of fusing

. z : B! B fuzzy Y
fuzzy computing and neurocomput- _‘..Eﬂfy_'——--—[_l-k_j—u decision |-~

. R : making
ing together. This paper explains the ’
. o . W
structure and the working principle e
-FRIH

of AFS,introduces new methods and

g q . Fig. 1 AFS architecture
new techniques presented in realiz-

ing AFS,and gives the application examples of AFS.
2 AFS——Adaptive Fuzzy System

2.1 The Architecture of AFS

The architecture of AFS is shown in Fig. 1,where
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1) FR;(G=1,+:+,m)are fuzzy reasoning rules,
FR; = (A;1,Ai5 Ay B)
indicates “If z,is A, 2,18 Ayyyoeeyx, is Ay sthen yis B; ”,where Ajand B, =1, ym;j=1,
«e,2) are all fuzzy subsets. Because FR; affects reasoning results directly,and the acquirement
of fuzzy reasoning rules lacks solid theory foundation and effective means,we adopt forward
neural networks to realize fuzzy reasoning rules FR;(;=1,++,m). In other words, m forward
neural networks (FNNs) are needed to take the place of m fuzzy rules in Fig. 1, while the
structural parameters of FNNs are determined by combined learning algorithm with training
samples as described in [27],the detail is omitted here.

2) W = (wy,w,+,w,)" is a weight vector. In AFS,weights vector W is not fixed, but
adjustable according to input situations in the running process of AFS, so that AFS can
adapt varied reasoning situations automatically. We will introduce the fuzzy consistent ma-
trix method for determining weights vector W dynamically in Section 2. 2. :

3) The task of fuzzy decision making is to accomplish transformation from fuzzy deter-
mination to accurate determination. In AFS, fuzzy decision making employs max-relational
membership principle, introduced in Section 2. 3,to obtain a precise countermeasure or con-
clusion from output fuzzy subset B.

The working process of AFS is as follows:

Firstly, by fuzzilizing processing, combined fuzzy set A = (A,,+,A4,) is produced from
input information X = (X,,-++,X,)". Secondly, the combined fuzzy set A activates m forward
neural networks at the same time, and thus » fuzzy subsets are obtained from the output ter-
minations of FNNs,

B! = FR;(A) = (&;,+,b/)".
Then,the output fuzzy subset B is produced by weighted combination of m fuzzy subsets B}/

"

B = ZW:"B."
iz1
where W, = [W,-, if W, >4,
0, else.

0is called dynamic adaptive threshold and ranged from 0 to 1. From above equation,we know
that if some w; < @, then let W, = 0, i. e. close the jth passageway to the accumulator E ;
SO as to prevent most incorrelative signals from disturbing output results and increase rea-
soning precision further.

It is necessary to note that in order to construct AFS,some time is needed to train 7 for-
ward neural networks,while the working time of AFS is fundamentally real-time.
2.2 Dynamic Adaptive Principle

As mentioned earlier, in AFS, the weights vector W changes continuously with input in-
formation,i. e. W =WwX).
This varied weight vector may be determined by fuzzy consistent matrix method.

Definition 2.1 Let fuzzy matrix F = (f;)) uxm> if Jii+ fi =1, then matrix F is called

fuZzy mutual-complementing matrix.
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Definition 2.2 Fuzzy mutual-complementing matrix R = (rij)nxn is called fuzzy consis-
tent matrix if satisfying 7i; = 7ie — 7Tt +0.5 for any k.

In AFS,the element 7;;in fuzzy consistent matrix R indicates the degree of relative impor-
tance between B/ and B’ for output B,i.e.

1) r;= 0.5, indicates B, is as important as B/

2)0<r;<<0.5, indicates B/ is more important than B;' and the less r;;, the more impor-
tant B} than B/ ;

3) 0.5 < 7; <1, indicates B, is more important than Bj/ and the larger r;;, the more im-
portant B/ than B/'.

Theorem 2.1 I R = (7ij)nxm is a fuzzy consistent matrix ,then

1) i = 0.5;

2) RT and RC are also fuzzy consistent matrix, where RT and R® are transposition matrix
and complementary matrix of R respectively;

3) The sub-matrix, obtained by deleting any row and its correspondent column from R,
is also fuzzy consistent matrix;

4) R satisfies center-division transitivity,i. e.

&) When A>> 0.5, if r;; 3> A, 7 = Asthen ru =>4
b) When A << 0.5, if 7y << A, 7 < Athen ra <A

Proof It is not difficult to prove those properties in above theorem based on Definition
2.1 and Definition 2. 2. Therefore ,only the proof of property 4) is given as follows:

According to definition 2.2, ry = i — Tit + 0.5.

a) When A > 0. 5, by given condition,we have

r.-k=r,-,-+rjk—0.52/\—}—,1—0,52,1_

b) When A < 0. 5, by given condition,we have

rilz=rij+rjk_0.5<A+A—o.5<A.

It is worthy to note that the significance of property 3) is that when we construct AFS
in Fig. 1 by hardware, if some FR; has not response because of breakdown, reduced rank ma-
trix R = (i Ym—Dxm—0 18 still fuzzy consistent, thus the consistency of the other weight
values is not affected;while the property 4) conforms to the consistency of human decision
making thinking ,namely,

a) Let A > 0.5, if B/ is more important than B, (r;; = A), B, is more important than
B, (rp = A, then B, is more important than B,' certainly (rj == A)3

b) Let A< 0.5, if B/ is less important B} (ri; << A) ,B;' is less important than B, (rj <
A), the B/ is less important than B, certainly (ru << A). '

Theorem 2.2 Assume F = (fi)mxm 1s a fuzzy mutual-complementing matrix ,write

n
= Zfik’ i =1y ym
k=1

and carry out following transformation

r,-]-=12:m-2+0.5
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Noi— L
t_}:; the matrix R = (7:))mxm built from above is fuzzy consistent.
Proof
B rg b ra = P 4 0,5 4 “40.5=1

hen R is fuzzy mutual-complementary ;

2) f-'fzﬁf—m—rj_'_o'szri—rk_brfrj—m)+0'5
e +05_( +05)+05_r,k—rjk+0.5.

2m
Thereby R is fuzzy consistent.

Thereupon, the process of determining weight vector by fuzzy consistent method is as
follows:
1) For i=1,+m, find sG) =0d(B;B/);
Where o(B;,B;) is the propinquity between fuzzy subsets B; and BB,
9) Build priority relation matrix F = (/i) mxm
0.5, if sG) =s(i),
fii=11, it sG@) > s,
0, if s@) <s(p.
Clearly, F is a fuzzy mutual-complementing matrix;
3) Reform F into fuzzy consistent matrix R by Theorem 2. 2;
4) Obtain weight vector by means of root-squaring method™l.
1t is necessary to note that:
1° The weight vector W in AFS may also be obtained by the method of neural network
learning™. However , there are following disadvantages for this method: a) it is not easy to
determine training samples;b) training processing conyerges hardly; ¢) for fixed weights,the
ability to generalize is weak.
2° It is the special properties of fuzzy consistent matrix ,especially center-division transi-
tivity that make fuzzy consistent matrix conform to psychological characteristic of human de-
cision making. Therefore,it is practical to make use of fuzzy consistent matrix method to de-
fine dynamic weights.
2.3 Fuzzy Decision Making Method
Fuzzy decision making realizes transformation from fuzzy determination to accurate de-
termination. For the present,maximal membership principle and fuzzy centroid approach are
the methods used frequently for fuzzy decision making. Maximal membership principle only
considers the maximal component in membership vector and pays no attention to other com-
ponents so that some information is not taken into account in the decision making. Therefore,
it is possible to produce large error,even obtain wrong conclusions. Fuzzy centroid approach
makes use of the information provided by all components in membership vector sespecially fit
to continuous universe situation. However ,for a discrete universe,a clear and unambiguous
answer is not gained by fuzzy centroid approach directly. Consider the above situation, we

Propose max-relational membership principle for decision making in our AFS.
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Definition 2.3 Assume F;is a discrete function set, ¥ is a mapping, 7:F; X F; — [0,
17, if 7 satisfies

1) Normality for any f € F,,7(f,f) = 1.

2) Symmetry for any f,g € F;,Y(f,g) = Y(g, /).

3) Transitivity for any f,2,h,s € Fr, if 7(f,s) =7(g,5),Y(g,s) =7 (h,s) then 7V (f,
s) = Y(h,s),
then the value of 7 is called relational gradel®.

Relational grade is the propinquity of discrete functions (or vectors,sequences). Assume
B = (by,++,b,)" in Fig. 1 is a vector to be compared, Bj,(f = 1,+**,q) are reference vectors

Bigie=1 (bas vbizsh =< by) T

1, if i==k,
“ o, if ik
Clearly B stands for a fuzzy subset over discrete domain v = {v;,***,v,}, but B;y(i = 1,°-,q)

where biro

stand for distinct sets including only one element v,

Definition 2. 4 According to definition 2. 3,we define
9
Y(B,By) = %2&(1@
=1

as relational grade between fuzzy vector B and reference vector B;,. Where

min min 4;, + g max max 4,
i i kb

ei(k) = — u

Ay + pmax max 4,
i k

is relational coefficient in £th component for B and B;,. Where 4, = |6, — by, | is absolute dif-
ference in kth component for B and B;y; 0 is resolution coefficient and is a positive real number
between 0 and 1.

It is necessary to note that the above calculating formula for relational coefficient may be
simplified as

AS + pAB
Ay + pAB°

§ (k) =
Where
AS = min(min b,,1 — max b,), AB = max (1 — min b,,max b,).
Max-relational membership principle indicates; If there is 2 € {1,:*,¢} such that
Y(B,By) = max{Y(B,B,),*,Y(B,By,)}

then the accurate decision may be considered as y = v,.

If we consider different importance for each element in decision process,we may weight
relational coefficients and thus obtain weighted relational grade 7,,(B,B).

7.(B,Byp) = > wéi(k) = W'E.

k=1

Where Z = [£:(1),£:(2),++,&,(g)]"is relation vector, W = (w,,+,w,)"is weight vector and

satisfies

q
Ewk = 1-
k=1
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In this case;if there is 2#€ {1,+,q} such that
Vw(B,yBy) = max {V,(B,B;;), 3V (B,B,}
then distinct decision is y = v,.
3 Application Examples

H. Nakanishi et al. compare six fuzzy reasoning methods with respect to three real-life
examplest, Now,we apply AFS to these examples and compare its experiment results with
those obtained by above six fuzzy reasoning methods in reasonlng preclslon,the number of
valid input samples and the degree of difficulty for realizing.

In reference [1],the samples of each example are divided into two groups, one is train-
ing set and the other is test set. Training sets are used to detérmine fuzzy reasoning rules and
test sets are used to compare reasoning precision and application scope for varied methods.
We follow the division in reference [1] and use training set to train artificial neural networks
in AFS. The training process is as follows: 7

1) Classify all output data in training set by fuzzy clustering approach (such as k- mean
algorithm) and thus form m classes;

2) Train m forward neural networks with m class samples respectively and the m trained
FNNs are considered m fuzzy reasoning rules.

When training is over, we input the input variable data of test sample to AFS,and ob-
tain actual output y at output terminal of AFS. '

Let RMSE be root-mean-square error between actual outputs and expected outputs,i. e.
N
RMSE = [ 3 Gy — 50"

Where y’s are expected outputs and y’s are actual output.

The reasoning precision Pr is computed as a relative value with respect to Sugeno’s
P&PG method, Pr=RMSE/RMSE,.
Where RMSE, is the RMSE of Sugeno’s P &. PG.
3.1 Example A——Nonlinear System

There are 25 training samples and 25 test samples in example A. Each sample datum'is
(x),%5,23,2435) s where 2,(i = 1,++,4) is input variables and ¥y is output variable. We classi-
fy training samples into m = 6 classes by means of fuzzy clustering ,and train six neural net-
works to realize m fuzzy reasoning rules. Then test samples are inputted to AFS. When dy-
namic adaptive threshold # = 0. 13, the reasoning precision (Pr) together with the number of
valid input samples (n) of seven methods are shown in Table 1. :

Table 1 Reasoning results of example A

Sugeno’s Mamdani's Sugeno’s Sugeno’s Turksen’s . Turksen’s
. P&PG P PG IVCRI IVAAR ARS
Pr 1 1.16 1.58 1.17 1. 45 1. 45 0.78
n 25 24 24 25 25 20 ¢32.9

3.2 Example B——Human Operation of a Chemical Plant

There are 35 samples in training set and test set respectively. Each sample datum is (x,,
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Ty Xy La3 ). We classify training samples intom = 5 classes. When @ = 0. 20, the reasoning
results of seven methods are shown in Table 2.

Table 2 Reasoning results of example B

Sugeno’s Mamdani’s Sugeno’s Sugeno’s Turksen’s  Turksen’s
PRPG P PG IVCRI IVAAR S
Pr 1 0. 90 1.53 2.59 0. 94 1.42 0. 83
n 35 34 34 35 34 33 35

3.3 Example C— Daily Data of a Stock in Stock Market

There are 50 training samples and 50 test samples in example C. Each sample is (x1,Z25
Ty Xy s X5 L6r X7 TgsTerT10 ;). By means of fuzzy clustering method ,the training samples are
divided into m = 4 groups. When § = 0. 20, the reasoning results of seven reasoning methods
are shown in Table 3.

Table 3 Reasoning results of example C

Sugeno’s Mamdani’s Sugeno’s Sugeno’s Turksen’s Turksen’s
P&PG P PG IVCRI IVAAR L
Pr 1 0. 66 0. 84 1. 34 0.99 0. 669 0. 55
n 50 50 50 50 50 48 50

3.4 Discussion

The reasoning results of various reasoning methods have been shown in Table 1, Table 2
and Table 3, we compare their reasoning precision ,number of valid input samples and the de-
gree of difficult for realizing as following.

1) Reasoning precision.

For three real-life examples, our AFS is superior to all other methods to a different ex-
tent. If the same number of valid input samples are considered , the precision of example A
raised by from 22% (as compared with Sugeno’s P&PG) to 46% (compared with Turksen’s
IVCRD); the precision of example B raised by from 17% to 60% ; the precision of example C
raised by from 16. 5% (compared with Mamdani’s) to more than fifty percent (compared
with Sugeno’s PG).

2) Number of valid input samples.

From above tables,the number of valid input samples of AFS equals to the number of
test samples,i. e.in AFS,the reasoning can be carried out for all sample data points.

3) The degree of difficulty for realizing.

The six methods introduced in referencelIneed determining fuzzy reasoning rules from
training sets. The approach to obtain fuzzy rules is to make clustering for all output data in
training set first and then determine the membership functions of input variables z; (i = 1,**»
¢) and output variable y from clustering results. This process is very tedious. While in AFS,it
is enough to train the neural networks only.

4 Conclusion
According to previous discussion and analysis ,we have following conclusions :

1) In constructing AFS, we not only combine neurocomputing with fuzzy computing
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close,but also propose many new techniques such as fuzzy consistent matrix technique for re-
alizing dynamic adaptation and max-relational membership principle for fuzzy decision mak-
ing.

2) Application examples of AFS indicate that our AFS has many advantages such as ap-
propriate precision, better reasoning ability and flexibility to cope with all sample data

points,and thus is more perspective.
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