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Brief Papers

Constructing Fuzzy Models with Linguistic Integrity from Numerical
Data-AFRELI Algorithm

Jairo Espinosa and Joos Vandewalle

Abstract—This paper presents an algorithm to extract rules re- of a well-known limitation of the human brain to represent a
lating input/output data and including prior knowledge. The rules  |imited number of categories on a given domain. A clear con-
are created in the environment of fuzzy systems. The fuzzy sets geqence of this limitation is reflected in language where the
describing the system are constructed within a framework ofin- . " .
guistic integrity to guarantee its interpretability in the linguistic number of linguistic Iabgls thata huma.n being can ge.nerate tF’
context. Two algorithms are presented in this paper. The main al- represent some categories, normally will not exceed nine and it
gorithm is the autonomous fuzzy rule extractor with linguistic in- ~ will typically be seven [1].
tegrity (AFRELI). This algorithm is complemented with the use On the other hand’ the numerical accuracy is very important

of the FuZion algorithm created to merge consecutive member- , yhe jmnlementation of policies and control actions oriented to
ship functions, while guaranteeing the distinguish ability between

fuzzy sets. Comparisons with other proposed methods show a goOdobtain a desired result from the system. This issue of accuracy

tradeoff between accuracy and interpretability. is very critical when the models are used in a dynamic way,
Index Terms—Data mining, function approximation, fuzzy mod- where the predicted value is fed back and the small errors will be
eling, knowledge extraction. propagated and reflected as errors in the long term prediction.

Classical algorithms for rule extraction have been proposed.
Initially the so-called neuro-fuzzy algorithms [2], [3] have been
oriented to minimize the numerical error, but parameters such as

ODELS are key elements for humans or human bé#itial description and number of membership functions, must

havior. Models enable human beings to predict thge provided by the designer. These algorithms are optimized
impact of their actions. Causality is an intrinsic assumptio#sing gradient descent techniques. The use of these techniques
that makes models useful. Causality is reflected in language@metimes generates fuzzy sets with “too much” or “absolutely
as IF-THEN rules (IFcause-happensTHEN a consequence Nno” overlap, thereby making the interpretation of the model
is foreseen. A set of these IF-THEN rules is nothing morecumbersome.
than the linguistic representation of the mental model createdTo overcome the drawback of the initial selection of the fuzzy
inside the brain about a certain system by means of experierseis, several methods have been proposed, some of them based
The development of new systems to gather massive amoumitsocal error approximation [4], [5] and some others based on
of data (instrumentation and computers) has expanded elustering techniques [6]-[8]. These methods generate multidi-
capacity to interact with nature beyond our five senses. Bmensional fuzzy sets and project them into the input spaces. The
in the other hand our brain and senses are unable to extfigtjections again exhibit unsatisfactory overlap making the in-
“knowledge” out of massive amounts of numerical data. Thigrpretation and the labeling of the fuzzy sets a difficult task.
situation motivates the development of computer techniquesThis paper presents the algorithm autonomous fuzzy rule ex-
that can extract the knowledge and represent it in a linguisti@actor with linguistic integrity (AFRELI); the algorithm is able
way using IF-THEN rules. to fit input/output data while maintaining the semantic integrity

There is a well-known tradeoff between numerical accura¢interpretability) of the rule base. The issue of interpretability
and linguistic interpretability. This tradeoff is the consequenagas mentioned by Janegt al. in [9, end ch. 12], where they

only mention some basic ideas about how to constrain the opti-
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gorithm used a similarity measure as a criteria to reduce the
number of fuzzy sets in the antecedents of the rules, but no other
constraints were imposed to the fuzzy sets to guarantee their se-
mantic integrity. The AFRELI algorithm presented in this paper

is a two-step approach. The first step uses clustering and pro-
jection techniques to find a good initial position for the fuzzy
sets in the input domains. The second step reduces the com-—
plexity of the model using the concept of semantic integrity as

a framework. The FuZion algorithm is introduced as a tool to
carry out the complexity reduction process. A rule base is con-
structed using the reduced representation of the fuzzy sets and
the consequences are initialized and calculated with a method
that improves generalization and avoids the problems due to the
lack of excitation in some rules. Finally, the consequences of the
rules are represented by two fuzzy sets with different strength.
The number of terms in the consequences of the fuzzy rules is
reduced again using the FuZion algorithm.

The paper is structured as follows. Section Il presents the
structure of the fuzzy model using the concept of semantic in-—
tegrity to justify the selection of the parameters, Section Il in-
troduces the AFRELI algorithm, Section IV presents the FuZion
algorithm to preserve the semantic integrity of a given domain,
Section V shows some application examples, and, finally, Sec-
tion VI gives the conclusions.

Il. STRUCTURE OF THEFUZZY MODEL
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distinguished. The defined modal value of a membership
function is defined as the-cut witha = 1

Ni(a:l)(x)v t=1,...,N. ()
Justifiable number of elemeniEhe number of sets should

be compatible with the number of “quantifiers” that a
human being can handle. This number should not exceed
the limit of 7 £ 2 distinct terms [1]. The simple choice of
the shape of the membership functions does not guarantee
this property. To assure that this requirement is satisfied
the FuZzion algorithm is presented further in this paper.
This algorithm reduces the number of sets present on each
input or output domain.

Coverage Any element from the universe of discourse
should belong to at least one of the fuzzy sets. This con-
cept is also mentioned in [3] ascompleteness.
Normalization Due to the fact that each linguistic label
has semantic meaning, at least one of the values in the
universe of discourse should have a membership degree
equal to one. In other words, all the fuzzy sets should be

normal.

Based on these criteria the selecteémbership functions
will be triangular and normafu (z), pz(x), ..
a specific overlap ot /2. This means that the height of the in-

. pn(2)) with

tersection of two successive fuzzy sets is

A fuzzy inference system has many degrees of freedom
(shape and number of membership functiodisnorms, ag-
gregation methods, etc.). This fact gives high flexibility to the
fuzzy system, but also demands systematic criteria to make

1
het(p; N pixr) = > 3

these choices. For the present case, some choices are made $le choice of thesnp and theor operation can be moti-
taking into account the concept of optimal interface design [13hted by the need of construct a continuous and differentiable

and semantic integrity [14].
* Optimal interface design

nonlinear map. This property is important if optimization of the
antecedent terms is needed. In this caseand oroperations

— Error-free reconstructionin a fuzzy system, a numer- using productand probabilistic sumwill be preferred because

ical value is converted into a linguistic value by meantheir

derivatives are continuous.

of fuzzification. A defuzzification method should guar- The aggregation method and the defuzzification method will
antee that this linguistic value can be reconstructed inb@ discussed in the next sections.

the same numerical value

Vo € [a,b]: LTUL(@)] == 1)
where the interva]a, b] is the universe of discourse. The
use of triangular membership functions with overlaf
and centroid defuzification will satisfy this requiremen

(see proof: [13]). time

Ill. AFRELI A LGORITHM

The AFRELI is an algorithm designed to obtain a good
compromise between numerical approximation and linguistic
{neaning. This particular tradeoff has been referenced for long

in science (for a compilation of remarks, see [15]). The

e Semantic integrity: This property guarantees that tgain steps of this algorithm are as follows:

membership functions will represent a linguistic con-
cept. The main conditions for semantic integrity are the *°
following. °

— Distinguishability Each linguistic label should have se-
mantic meaning and the fuzzy set should clearly define a *
range in the universe of discourse. Therefore, the member- *
ship functions should be clearly different. The assumption *
of the overlap equal td/2 makes sure that the support of

clustering;

projection;

reduction of terms in the antecedents (FuZion, see Sec-
tion 1V);

consequence calculation;

further antecedent optimization (optional step);

reduction of terms in the consequences and rule modifica-
tion (FuZion, see Section V).

each fuzzy set will be different. The distance between tligg. 1 shows a flow diagram with the description of the algo-
modal values of the membership functions is also very inmithm. The details of the AFRELI algorithm are presented in the
portant to make sure that the membership functions canfodlowing lines.



IEEE TRANSACTIONS ON FUZZY SYSTEMS, VOL. 8, NO. 5, OCTOBER 2000

EXPERT
=

6(0)

INPUT-QUTPUT DATA

Y

CONSEQUENCE
CALCULATION
USING RLS

CLUSTERING
USING MOUNTAIN
CLUSTERING AND
FUZZY C-MEANS

! {optional) 1
CLUSTER ! REFINEMENT ]
! USING CONSTRAINED 1
| GRADIENT DESCENT 1

{ Ty

FuZion IN THE

INITIALIZATION
USING THE

"REDUCED"

FUZZY MODEL

PROJECTION

FuZion IN THE
CONSEQUENCES

1

LABELING OF THE
CONSEQUENCE
FUZZY SETS

ANTECEDENTS

!

LABELING OF THE
ANTECEDENT
FUZZY SETS

{ Y

RULE BASE GENERATION OF

RULES WITH TWO
CONSTRUCTION LINGUISTIC
L1xL2x..xLo CONSEQUENCES
rules

]

Fig. 1. Flow diagram of AFRELI algorithm.
1) CollectN points from the input$l/ = {u1,...,ux})
and the outputY = {y1,...,yn})
uy
.

whereu;, € R™ andy,, € R represents the inputs and the
output at instank. Construct thdieature vectors;, €
R+ with

U

Ty = " (5)
U,
Yk

2) Using theN feature vectors find” clusters by using
mountain clustering method [7], [8] to initialize the cen-

ters and number of clusters and refine them using fuzzy

C-means [16]

Xc= . .
~n—+1 ~n+1 ~n+1
43 ) Lo

Xc e jRntixc  (6)

Itis very important to remark that the usembuntain
clusteringwill be limited to low-dimensional problems,
its inherent advantage is that it can produce good ini-
tial points and number of clusters. For high-dimensional
problems, the alternative is to use only fuzzy C-means

and to overestimate the number of clusters. The sub-

sequent steps (Fuzion) will then reduce the number of
terms.
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3) Project theC prototypes of the clusters into the input
spaces. Assuming that the projected value of each proto-
type is the modal value of a triangular membership func-
tion

m] = ¥ (7)
wherei = 1,...,C,j =1,...,n.

4) Sort the modal values on each domain such that

mi < mgﬂ V3. (8)

5) Add two more modal values for each input to guarantee

full coverage of the input space

Jj_ : J

my = min u 9
O 1N K ©)
Mgy = | 08X U (10)

6) Construct the triangular membership functions with

overlap of1/2 as :
-
m; — My

wherei¢ = 1,...,C and the trapezoidal membership
functions at the extremes of each universe of discourse

7 —m

3
j ?

1l (27) = max [0, 1nin<

o ——
pd(z?) = max [O, min <%, 1)] (12)
my —my
i (o [ 2 =me
gy (#7) = max |0, min —— 1 (13)
Moy — Me

7) Apply FuZion algorithm (see Section IV) to reduce
the number of membership functions. This FuZion
algorithm will reduce the number of fuzzy sets in each
domain. This algorithm does some kind of one-dimen-
sional clustering among the modal values of the fuzzy
sets.

8) Associate linguistic labels (e.g., BIG, MEDIUM,
SMALL, etc.) to the resulting membership functions.
This association will depend on the type of variable and
the opinion of the designer. In fact the association of a
fuzzy set with a label will be the result of the agreement
between the fuzzy set proposed by the algorithm and
the “sense” that this set creates in the mind of the user.
Construct the rule base with all possible antecedents (all
possible permutations) using rules of the form in the
equation shown at the bottom of the next page. Equiv-
alently, the evaluation of the antecedents for each rule
can be expressed in terms of operators. We use the min

operator
puur) = min{pg (wg) , pf (U)o (up)} - (14)
and theproductoperator
paun) = g (ug) - pif (u) oo (ui). (15)
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Observe that if the number of fuzzy sets for the inpist
L; and there are inputs the number of potential rules is

L1 xLox---xL,.

This description guarantees the “full” description of the
system because every possible condition will be repre-
sented in the rule base. Observe that the number of rules
will grow very fast as the number of inputs increases.
This fact is a limitation in the sense that the comprehen-
sion of a set of rules with a large number of antecedents
is difficult. Moreover, there is a storage problem since
a large number terms has to be stored in the computer’s
memory. On the other hand, it does not represent a lim-
itation in terms of execution time because the use of the
described type of triangular membership functions will
guarantee that at mogt rules will be evaluated during
the inference process.

Propagate thé&/ values of the inputs and calculate the
consequences of the rules as singletdfis. These
singletons can be calculated as the solution of a least
squares problem. Observe that the output of the fuzzy
system can be calculated as

W) — iy ()T 16
T = ) (0

WhereL is the number of rules ang;(w«;) can be cal-
culated as shown in the (14) or (15) (depending on the
selectedaND operator). The system can then be repre-
sented as the weighted sum of the consequences

L
Flu) =Y wi(w)m (17)
=1
where
wy (U'k) ZILZI LL[(U/k) ( )

expressingv¥ as the strength of the rulevhen the input
is ug. Taking all the values the problem can be seen as

1 1 1 =
Y1 wé w% T w% Y1 €1
Y2 wy wy o WL 2 €2

N N N~
y]\r wl w2 ... wL yL C]\r

S— ~~ A
Y w 4 E
(19)
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The aim here is to reduce as much as possible the norm
of the error vectolF. Using the quadratic norm

win || B2 = min Y = Wol.. (20)
The solution to this problem will be
6= (WIw)=tw?y. (21)
This solution will be valid if and only if
rank WX W) = dim(4). (22)

The condition given in (22) implies that all the rules have
to receive enough excitation during training. In practice,
this is not always guaranteed so the application of this
method with arill-conditionedmatrix W7 W will gen-
erate catastrophic results for those rules with low exci-
tation and a significant bias in the rules with sufficient
excitation. The result will be a fuzzy system with signif-
icant errors in the points present in the training set and
very poor generalization for points outside the training
set.

Some ideas has been proposed to avoid this problem,
among others the pruning of the “unexcited” rules using
the information given by orthogonal transformations
(see [17]). However, the elimination of “unexcited”
rules is a dangerous solution because the generalization
capabilities of the model are compromised due to the
fact that the system can be excited by an input corre-
sponding to one of the pruned rules.

This problem can be solved by using an adaptive
strategy that adapts only the consequence of those rules
that has been excited and for the rules without excitation
a good initialization value is taken. The strategy for
adaptation will be recursive least squares (RLS) [18].
RLS guarantees that the adaptation will only affect the
excited rules. The RLS algorithm looks like

Ok +1) = 6(k) +y(M)y(k + 1) = Wr6(F)]  (23)

with W, = {wk, wh, ..., wk} and
v(k) = Pk + 1)Wiyy (24)
1
Plk+1)=[I —v(k)Wy1]P(k) (26)

with the initial value P(0) = «l, where« is large.

The initial value ofé(0) can be assigned using the prior
knowledge of the expert, if available. A very interesting
fact of this strategy is that if expert knowledge exists it
will be preserved as long as the data does not falsify it.

IF uj, is 17 AND w2 is 7 AND ... AND w7} is i THEN gy = %
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entries are thé consequences of the rules but sorted in
such a way that

Fig. 2.

11) (Optional Step) If further refinement is required to im-

% e 1 S g2 <o <YL (27)
The triangular membership function of thith conse-
quence is
/,/ N?(y) = max [0, 1nin< ? — yj_l , ? — yj—l—l )} (28)
L7 Yi — Yi—1 Yi — Yitl
§ g - and the two membership functions of the extremes
=1

1 ()

= max [0, 1nin<

If expert knowledge is not available, the alternative N%(y)
will be to construct the smallest possible fuzzy model V=it Y— 20+ L1
with full coverage of the working space. Such a ‘“re- = max [O,min <~ - - — )} .
duced” fuzzy model will have two membership func- Yo —¥r-r YLt yr-1
tions on each input covering the universe of discourse, as
it is shown in Fig. 2. The “reduced” model has rules
wheren is the number of inputs. In this model any input
vector will excite all the rules making the estimation of
the 2 consequences a well conditioned problem solv-
able by means of the formula (21). Once this “reduced”
model is obtained the modal values of the membership )
functions of each of thé rules of the “full” model will
be propagated. The output value generated by the “re-
duced” model will be thénitial consequence of the rule
of the “full” model. This procedure copies the “reduced”
model into the “full” model. In this way the “reduced”
model is used to generate the initial values for the con-
sequences of the rul@§0). This method guarantees that value of the neighboring singletons.
the “full m_odel will be_at Ieas_t as good as the “reduced” 14) Associate linguistic labels to the resulting membership
model. This property is very important because the “re- functions.
duced” model is the best multilinear model that can be 5y \yjith the partition of the output universe, fuzzify the
built with the given data, so there is a guarantee thatthe =, 5, o5 of the singletons. Observe that each singleton will
full .fuzzy model will b? "?‘t Igast as good as the best have a membership degree in at least one set and in as
multilinear model and this is, in fact, an upper bound for much as two.
the modeling error. ) Relate the fuzzified values with the corresponding rule.
This means that each rule will have one consequence or
two weighted consequences where the weights are the
nonzero membership values of the fuzzified singleton.
This description of the consequences of the rules using
two linguistic fuzzy sets and two strength values im-
proves the interpretability of the consequence with re-
spect to the case where the consequence is only de-
scribed by a singleton. The advantage of this description
is that interpretability is improved without a loss in nu-
merical precision. This strategy was independently pro-
posed previously in [19] and [20].

Input membership functions for the smallest fuzzy model.

y— 291+ y—mﬂ (29)

-+ -G

(30)

This description of the outer membership functions
guarantees that their centers of gravity will be exactly
on its modal value. This guarantees that the condition
of error-free reconstruction for optimal interface will be
achieved.

Apply Fuzion algorithm (see Section IV) to reduce the
number of membership functions in the output universe.
The FuZion process reduces groups of neighboring
singletons to triangular membership functions whose
modal value is representative for a group of singletons
and is optimal in a sense that the modal value of the
“FuZioned” membership function is placed at the mean

prove the approximation, constrained gradient descent
methods can be applied to improve the location of the
modal values of the antecedent membership functions.
The main constraint applied in the optimization phase is
the “distinguishability” that is represented as the min-
imum acceptable distance between consecutive modal
values. The use of gradient descent methods will move
the system parameters toward a “local minimum” close
to the initial values.

Because the improvement obtained by this step will
not be very significant this step is considemgational
and will only be recommended when the numerical per-
formance of the model does not satisfy the user require-

ments. IV. FUZION ALGORITHM

12) Convert the singletons to triangular membership func- The FuZion algorithm is a routine that merges triangular

tions with overlapl/2 and modal values equal to the poimembership functions whose modal values are “too close”
sition of the singletory;;. Consider the vector whose to each other. This merger process is needed to preserve the
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Original Membership Functions

INITIALIZE M,N, m(j)

\

CALCULATE THE
DISTANCES d(j)
BETWEEN MODAL
VALUES
Eq. (33)

s
d()<M?
For any |

l ves

FIND ALL d()}<M

\

MERGE ALL
CONSECUTIVE d(j)<M
USING Eq.(33)

\

UPDATEN

Membership functions after FuZion

Fig. 3. Effect of the FuZion algorithm.

Fig. 4. Flow diagram of FuZion algorithm.
distinguishabilityand thejustifiable humber of elementsn

each domain to guarantee the semantic integrity. The effect of 3) Calculate the difference between successive

the algorithm can be observed in the Fig. 3. A fundamental modal values as
parameter of this algorithm is the minimum acceptable distance
between modal values and is given BY. It is important to di=mj;1 —my, j=1,...,N-1 (33)

analyze the impact of the parametef in the characteristics )

of the model. As the value o/ decreases, the number of ~4) While3d; < M do.

acceptable membership functions per domain will increase, ) Find all the differences smaller thad.
increasing the number of rules, increasing the complexity of 6) Merge all the modal values corresponding to

the model, improving the approximation capabilities of the consecutive differences smaller thahusing
model, but compromising the semantic integrity of the model. b ‘
On the other hand, as the value &f increases the number Mpew = % (34)

of membership functions per domain decreases, reducing the
number of rules and increasing the approximation error.
M is the parameter that must be used to balance the tradeoff  \yhereq andb are, respectively, the index of the first and

D=b—a+1 (35)

between interpretability and precision. Typical values Adr the last modal value of the fusioned sequence Brid
will be between 5-25% of the coverage of the universe of dis-  the number of merged membership functions.
course to guarantee the semantic integrity. 7) UpdateN.
The FuZzion algorithm is described in the following lines and 8) Calculate the difference between the new successive
Fig. 4 shows a flow diagram of the following algorithm. modal values as
1) Take the triangular membership functigng«), (), .
..., un{(z) with 1/2 overlap and the modal values dj=mjy1—my, j=1... . N-1 (36)
9) end while
. 10) end.
m; = pja=1)(z), 1=1,...,N (31) )
with
V. EXAMPLES
my<me <o < my- (32) The present section shows three examples of applications of

the AFRELI and FuZion algorithm, the first two examples are

2) Define the minimum distance acceptable between thpproximations of nonlinear static maps and the last is the pre-

modal valuesy/. diction of a chaotic time series.
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Mestvership Functions for lnput X alter FuZion wih M7 & Membership Functions lor Input Y after FuZion wih M- 7%

Fig. 8. Example 1: membership functions after FuZion with= 7%.

Membership functions for the output Output Membership functions with inguistic meaning

o

-10  _10

Fig. 5. Example 1: functiorf (x, y) = sin(x/7) sin(y/x).

02

Projected Mermbership Functions for Input X Projected Mermbership Functions for Input Y

06 06

02 02

© 8 € 4 =2 o =2 4 € 8 1o -0 8 5 -4+ =2 o 2 4 6 8§ 10

Fig. 6. Example 1: projected membership functions.

Membership Functions for Input X after FuZion Membership Functions for fnput Y after FuZion

08 08|

06 06|

uuuuuuuuuuuuuuuuuuuuuuuuuuuuu

02 02|

Fig. 7. Example 1: membership functions after FuZion with= 10%.

@) (b)

Fig. 9. Example 1: (a) Singletons. (b) Membership functions with linguistic
meaning.

Surface generated by the fuzzy system

=10 -10

Fig. 10. Example 1: surface generated by the fuzzy system.

A. Example 1: Modeling a Two-Input Nonlinear Function
In this example we consider the function

flz,y) = Sin(—

™ ™

universe of discourse seven (7) membership functions are ob-
T\ . (Y tained (see Fig. 8). The output membership functions are shown
) Sln(‘—) @7 . . .
in Fig. 9. Fig. 10 shows the identified surface. In total, 25 rules

were extracted. Some of the extracted rules are

441 points regularly distributed were selected from the interval
[—10,10] x [-10,10]. The graph of the function is shown in
Fig. 5.

Using mountain clustering and fuzzy C-means algorithm, 26
clusters were found. After the clusters were found their center
values were projected into the input domains. Fig. 6 shows the
projected membership functions. The Fuzion algorithm is ap-
plied with A/ equal to the 10% of the universe of discourse on
each domain, observe that with this valueldffive (5) mem-
bership functions are generated as shown in Fig. 7. Whehfthe
parameter in the FuZion algorithm is chosen equal to 7% of the

IF z is Negative Large AND
y is Negative Large
THEN 2 is Negative with strength
0.01 AND Zero with strength 0.99
IFz is Negative Medium AND
y is Negative Large
THEN z is Zero with strength 0.92
AND Positive with strength 0.08.
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Projecied Membetship Function for input x(t-18) Projectad Membership Function fos input x(t-12} TABLE I
\ ' EXAMPLE 2: PERFORMANCE FORPREDICTION SIX STEPSAHEAD. THE RESULTS
FROM PREVIOUS WORKS WERE TAKEN FROM [3]
o o Method Training | Non-dimensional
o] s X wwsm W fe sna e % Cases error index
N b AFRELI 500 0.0493
oz 4 AFRELI
VooV o NN N (with optional step) 500 0.0324
Pt Mo Encton o st -5 — ANFIS 500 0.007
1 1 AR model 500 0.19
N A o Cascaded
\ correlation NN 500 0.06
o - T " . Backpropagation
" g MLP 500 0.02
6th order
" polynomial 500 0.04

Fig. 11. Example 2: membership functions after projection and FuZion.

TABLE 1l

: i AMPLE 2: PERFORMANCE FORPREDICTION 84 STEPSAHEAD (THE FIRST
Observe that the obtained rules exhibit on each rule a cleag, ROWS) AND 85 (THE LAST FOUR ROWS). RESULTS FOR THEFIRST

dominance of one of the consequences, when this case appegisn MeTHoDS ARE OBTAINED BY SIMULATION OF THE MODEL OBTAINED

it will be possible to eliminate the consequence with the smalFor F’RE(DICTIO)N SiX STEPSAHEAD. RESULTS FORLOC?LIZED ;?ECEPTIVE
. . . H : H : FIELDS (LRFS) AND MULTIRESOLUTION HIERARCHIES (MRHS) ARE FOR

Strength WlthOUt a major ImpaCt n the numerlcal apprOXImat.lon. NEURONS TRAINED TO PREDICT 85 STEPSAHEAD. THE RESULTS FROM

However, this step is a decision that must be left to the designer PREVIOUS WORKS WERE TAKEN FROM [3]

because it is case dependent.

Method Training | Non-dimensional
B. Example 2: Predicting Chaotic Time Series Cases error index
This example shows the capability of the algorithm to captur AFRELI 500 0.1544
the dynamics governing the Mackey—Glass chaotic time seri AFRELI
Figs. 13, 14. These time series were generated using the f (with optional step) 500 0.1040
lowing delay differential equation: ANFIS 500 0.036
0.20(t — 7) AR model 500 0.39
z(t) = TFolat—1) 0.1z(t) (38) Cascaded
correlation NN 500 0.32
wherer = 17. The numerical solution of this differential equa- Backpropagation
tion was obtained using fourth-order Runge—Kutta method, wit MLP 500 0.05
a time step of 0.1 and initial conditior(0) = 1.2. The simula- 6th order
tion was run for 2000 s and the samples were taken each seco polynomial 500 0.85
To train and test the fuzzy system, 1000 points were extractt LRF 500 0.10-0.25
t = 118 to 1117. The first 500 points were used as training se MRH 500 0.05

and the remaining as validation set. First, a six step ahead pre-
dictor is constructed using past outputs as inputs of the model

where
[2(t — 18)x(t — 12)z(t — 6)2(t)] (39) 1) desired output;

B

and the output will be:(z + 6). O(i) predicted output;
After applying the mountain clustering method, 57 clusters

were found. Some refinement on the position of the clusters waf(T)

obtained by using fuzzy C-means clustering method. After pro-Taples | and Il show some comparative results. In this ex-
jeCtion and FuZiOI’l the membership fUnCtionS ShOWI’] in F|g %ﬁ:‘np|e the impact of the use of the 0pti0na| Step of Optimiza_
were obtained. A model with 135 rules was obtained. tion can be observed. It is clear that the improvement of this op-
For reasons of comparison with other methods, the predictiggnal step is small (reduction of about 30% on the NDEI) but,

error was evaluated using the so called nondimensional erg@tourse, on certain applications this value could be significant.
index (NDEI) defined as Observe once more that the numerical performance is similar to
. : : other techniques but the obtained model is not only good from

NDEI — \/W >z (T(6) — O0))? the precision point of view, but also a significant value is added

o(T)

standard deviation of the target series.

(40) with the interpretability of the obtained rule base.
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Membership functions for the autp:

ut Gonsequences Membership Functions the Output after FuZion
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(a) Mackey—-Glass time series prediction 84 steps ahead Desired (Solid) and Predicted (Dashed)
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Fig. 12. Example 2. (a) Singletons. (b) Membership functions with linguisti 07} ' | y I ! e
meaning. ! | |
0.6 J
(a) Mackey-Glass time series 0.5 _: i
1.4 T T T T T T T T : ! ! ! ‘
131 R 04 2(I)0 3(I)0 4(I)0 550 6(;0 750 860 9(I)0 10I00 11I00
Time
1.2r j 1 (b) Prediction Errors
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Time
Fig. 14. Example 2. (a) Mackey—Glass time series (solid line) from118
002 ] to 1117 and 84 steps ahead prediction (dashed line). (b) Prediction errors.
tradeoff between numerical accuracy and interpretability. The
ol method exploits some successful elements proposed in other
methods to reduce the complexity of the model construction.
The algorithm generates automatically the fuzzy sets and the
interactive labeling process (with intervention of the designer)
guarantees an agreement between the fuzzy set and the assigned
-0.02r 1 label.
The method generates a rule base covering all the possible
50 700 750 800 850 900 950 1000 1050 1100 cases. This guarantees the completeness of the rule base, but the

Fig. 13. Example 2. (a) Mackey—Glass time series (solid line) from618
to 1117 and six steps ahead prediction (dashed line). (b) Prediction errors.

Time

VI. CONCLUSION

associated drawback is the exponential growth of the rule base
as the number of inputs increases. However, from the computa-
tional point of view this is only a storage problem because the
description of the fuzzy sets guarantees that @diyrules (v
number of inputs) are activated on each inference making the
inference process fast because only a limited number of rules is

The capabilities of fuzzy logic systems to approach nonlineavaluated.
functions have been shown abundantly in the literature. How-The completeness of the rule base plus the proposed initial-
ever, the comparative advantage of fuzzy systems in compa@ation methods using “expert knowledge” or the information
ison with other “universal approximators” is its linguistic in-given by the “reduced” model improves the generalization prop-
terpretability Fig. 12. The newly proposed AFRELI algorithnerties of the model and guarantees a lower bound on the quality
in combination with the FuZion algorithm guarantees a goaaf the model. The use of RLS guarantees also that the lack of
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excitation will not affect the performance of unexcited rules as[9] J.-S. Jang, C.-T. Sun, and E. Mizutaieuro Fuzzy and Soft Com-
does the classical LS method.

The numerical accuracy of the algorithm is directly related™!
with the choices of the paramet&f governing the FuZion al-
gorithm and the choices in the clustering algorithm. When théi1]
number of inputs is large, the use of mountain clustering method
will be limited. A practical solution is to use the fuzzy C-means[lz]
algorithm with an overestimated number of clusters.

Some improvements of the numerical performance of the

model can be obtained by making a “fine” tuning of the

[13

]

parameters of the antecedents by means of constrained gradimﬁ
descent techniques.

(1]
(2]
(3]
(4
(5]

(6]
(7]
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