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Abstract

This work presents the use of local fuzzy
prototypes as a first approximation to ob-
tain accurate local semantics-based Takagi-
Sugeno rules. A two-stage evolutionary al-
gorithm considering the interaction between
input and output variables has been devel-
oped. Firstly, it performs a local iden-
tification of prototypes, and then, a post-
processing stage is considered to refine
them. The proposal has been tested with a
real-world problem achieving good resulis.

Keywords: TS fuzzy models, fuzzy proto-
types, genetic fuzzy rule-based systems.

1 Introduction

In Takagi-Sugeno (TS) Fuzzy Rule-Based Systems
(FRBSs) [11], the learning of the premises and con-
sequents 1s usually performed separately, obtaining
the opttmum consequents for a previously learned
premise set without considering the interaction be-
tween input and output variables.

Fuzzy clustering is one of the most useful tech-
niques, detecting the possible groupings and estab-
tishing some hypothesis about the structure present in
the data. However. some authors state several draw-
backs: they are very sensitive to the presence of out-
liers and the cluster centers or estimates for the pa-
ramelers are poor [9].

Recently, these kinds of learning techniques have been
taken into account as prototype-identification algo-
rithms, summarizing a dataset by a number of rep-
resentative prototypes. However, they still comes
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with the same drawbacks. Some works particularize
this concept by considering these prototypes as being
Mamdani fuzzy rules, wich can be intended as a set of
fuzzy subspaces grouping data with similar behavior
(1]. In this way, fuzzy rule generation methods also
can be seen as identification algorithms of fuzzy rule
prototypes, i.e., fuzzy model builders whose main pur-
pose is to extract the most suitable set of fuzzy rules
from an object (input-output data) according to an op-
timization measure. Additionally, they organize re-
sults and summarize them by interest criteria, in order
to provide a more compact and useful representation
of the resulting structures.

Two main approaches are used to obtain FRBSs. A
global semantics-based approach where a global col-
lection of fuzzy sets is considered by all the fuzzy
rules and, a local semantics-based approach where
each fuzzy rule has associated its own local fuzzy sets.

[n this paper, our main objective is to obtain highly ac-
curate fuzzy models although it involves 1o lose inter-
pretability to some degree. Thus, we propose the use
of local semantics-based Mamdani fuzzy rules as local
fuzzy prototypes to obtain accurate local semantics-
based TS rules, considering the interaction between
input and output variables and taking into account the
fuzzy nature of these kinds of rules. To do so. we
present a two-stage Genetic FRBS (GFRBS} follow-
ing the MOGUL paradigm [5], a methodology to ob-
tain GFRBSs under the lierative Rule Learming {IRL).

The paper s organized as follows. Next section de-
scribes the general TS fuzzy model structure. Sec-
tion 3 discusses the main differences between the
global and the local fuzzy prototype identifieation.
Section 4 presents the proposed GFRBS. Experimen-
tal results are shown in Section 5. Finally, some con-



cluding remarks are pointed out in Scction 6.

2  Preliminaries: TS FRBS Architecture and
Main Features

[n | 11], Takagi and Sugeno presented a mathematical
100l to procure a fuzzy modcl of a system. The fuzzy
model is based on rules usually presenting the follow-
ing structure:

Ri 1 XyisAy and . and X, is Aj,
ThenY = pj - X1+ ...+ Pin - Xu + pio.

where X; are the system input variabies and, ¥ is the
system output variable that determines a local {inear
input-output relation by means of the real-valued co-
efficients p;;. The output of an FRBS considering a
knowledge base composed of in TS rules is computed
as the weighted average of the individual rule outputs,
yi—i=1,....m—:

"
iy v

with A; = T{A({x)..... An(x,)) being the matching
degree between the antecedent part of the i-th rule and
the current system inputs —xy....,x,—, and with T
being a t-norm. -

As seen, these partial relations are combined by ag-
gregation, taking into account their dominance in their
respective area of application and the conflict existing
in the overlapped areas [[1]. [n this way, TS fuzzy
systems present the following interesting features: fo-
cality, smooth switching and existence of mathemati-
cal tools for svstem design.

3 Local vs Global Fuzzy Rule Prototype
Identification

As seen, two different approaches can be considered
to obtain Mamdani fuzzy rules, those based on global
and local semantics. obtaining global or local fuzzy
prototypes respectively. Each of them presents differ-
ent advantages and drawbacks in terms of accuracy
and interpretability.

The approaches based on global semantics, as a con-
sequence of the inflexibility of the concept of linguis-
tic variable, present the following drawbacks: there
is a lack of flexibility because of the rigid partition-
ing of the spaces: the fuzzy partition input spaces is

hard when the input variables arc dependent them-
sclves; the partitioning of the spaces 15 inefficient and
docs not scale when the input-output mapping virnes
in complexity within the space; the size of the fuzzy
rule base dircetly depends on the number of varables
and linguistic terms 1n the system.

These drawhacks are solved hy local semantics-hased
approaches presenting interesting advantages: the ex-
pressive power of the rules that present their own
specificity 1n terms of the [uzzy sets involved in them
and, the number of rules is adapred 1o the complexity
of the problem. However, an important drawhack of
this local approach is that these kinds of systems are
less interpretable than the global ones.

In this paper we will focus on developing more ac-
curate fuzzy models, so we propose the use of local
semantics-based Mamdani rules as local fuzzy proto-
types for local identification of TS fuzzy rules. The
local fuzzy prototypes are based on fuzzy rules pre-
senting the following structure, where A; and B; are
fuzzy sets specific to each fuzzy rule:

R - If Xy isAjyand ... and X, is Ajy Then Y is B;
4 Structure of the Proposed GFRBS

In this section, we present a two-stage GFRBS (o gen-
erate local semantics-based TS FRBSs. [t is based
on the existence of a set of input-output traiming data

en} withey = (ex),.. . exd.ev),

EN - {€|,...,€,l, .-
N being the data sel size, and n being the number of
input variables,

The local identification of prototypes induces compe-
tition among rules by onty considering the quality of
the approximation performed by each rule. To do so.
the proposed method has been integrated in MOGUL
[5) by using an IRL-based approach. However. the
global coopcration among rules should be considered
in order to increase the gencralization power of the
system modeled. Following the MOGUL approach, a
post-processing stage is considered for this purpose.
[n this way, the iearning method substantially reduces
the search space size by dividing the genetic learning
process into two stages.

4.1 Local Process for Identifying Prototypes

To obtain the set of local semantics-based Mamdani
fuzzy rules (fuzzy prototypes) we have used a method
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described in [3]. Since this method s based on lo-
cal covering mcasurcs to induce competition among
rules, considering the completeness and consistency
propertics [31, it is rccommendable to improve the be-
havior of the generated fuzzy rule bases. In our casc,
completeness is verified demanding that cach example
is covered to a degree £ € W', On the other hand, to
verify the consistency, the posirive and negative exam-
ple concepts [5] are considered. Thereby, the accuracy
of a simple {uzzy rule (with global or local nature),
R;, on the set of examples, Ey, is measured by using a
muliicriteria fitness function:

F(R:) =Yg, (Ri)-Go(R:) - gua(R7),

designed to take into account three different criteria
[S]: high frequency value (\Wg,(Ri)), high average
covering degree over positive examples (G(R;)) and
small negative example set (g.(R)). This method
may be briefly summarized in the followng steps:

a) Perform a strong fuzzy partition for each variable
{(uniform triangular-shaped membership functions).

b) Generate for each ey the global fuzzy rule best
covering it. Then, evaluate all the global fuzzy rules
and select the rule with the highest value in the fitness
function (F(R;)).

c) The most promising global fuzzy rule is locally
tuned to identify the local fuzzy prototype best group-
ing the data located in the corresponding subspace.
This process 1s computed by means of the (I+1)-
Evolution Strategy ({1+1)-ES) described in [3] con-
sidering as fitness function F/(R;) = F(R;) - LNIR(R;)
where LNIR(R;) is a penalty function to avoid exces-
sive proximity among prototypes.

d) Finally, the obtained prototype is added to the final
set of fuzzy prototypes. The data covered by this set
lo a certain degree are removed and not considered for
future iterations. The iterative process ends up when
no more uncovered training data remains.

To obtain the TS consequents, once the set of local
fuzzy prototypes is obtained and considering the same
antecedents, the existing partial linear input-output re-
lation is computed using the data located in each input
subspace by means of the (¢, A)-ES presented in [2] to
minimize the Mean Square Error (MSE).
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4.2 Post-Processing Stage

Two diflerent processes are considered at this stage
to minimize the final MSE, the genetic simplificarion
process and the genetic tuning process:

a) Genetic Simplification Process.

This process, described in (3], is based on a standard
binary-coded Genetic Algorithm (GAY and also con-
siders the completeness property (7). [Uhas the aim of
selecting the subset of rules best cooperating among
the rules generaled in the previous stage.

b) Genetic Tuning Process.

This method 1s an adaptation to local semantics of that
in [2] to tune TS FRBSs based on glebal semantics. It
is based on a hybrid GA-ES algorithm in which cach
individual represents a complele knowledge base. An
{1+ 1)-ES is considered as a genetic opcrator (o locally
tune a percentage 0 of the best individuals in cach gen-
eration. In this method, the variation interval 1s inde-
pendently estimated for each fuzzy set.

5 Experimental Results in the Estimating
the Length of Low Voltage Lines

To analyze the behavior of the proposed TS GFRBS
(M-TS) we have chosen the problem of estimating
the length of low voltage lines for an electric com-
pany [4], with two variables, 396 training and 99 test
elements. Several methods are considered for com-
parison, two local and five global semantics-based
methods. The local semantics-based methods are:
the Gustafson-Kessel fuzzy clustering method (FMID)
{I, 6] and a method to perform function approxi-
mation with a generalized regression neural network
(GrNN) [I2]. On other hand, the global semantics-
based methods are: the first approach to learn global
semanlics-based TS FRBSs (Ts) [11], a single-stage
GFRBS (LT1) [8], a2 neural FRBS (ANFIS) [7], a two-
stage GFRBS (M-TS) [2] and Fuzzy C-Means com-
bined with a validation index (SY-Fcm) [10].

The initial linguistic partitions are comprised by five
linguistic terms with triangular-shaped fuzzy sets.
The same values for all the related paramelers have
been considered (i.e., 0.6 as crossover probability in
all the genetic approaches). The values of the param-
eters considered for M—TS are the following: Local
process for identifying prototypes: € = 1.5, 0 = 0.05



and £ = (0.1 in the litness function; ¢ = 0.9 and 104
iterations for the (1+01)-ES; g = 15, A = 100, vy =
02}.! =3 6= 0.7, q = 5, 7= (rf,rd,rd) = (2,0,0),
£ = (L, Gg.Ca) = (a1, 1), (ng,ng) = (0,0) and 500
iterations for the (u, A}-ES; Genetic simplification pro-
cess:t= LS, N=61,P. =06, P, =0.1and 500 gen-
erations; Genetic wning process: N = 61, P. = 0.6,
Pr=0.1,a=035b=>5 d=0.001[, 1000 genera-
tions, 25 (1+1)-ES 1iterations, ¢¢ = 0 and ¢ = 0.9 {the
updating amount of the Rechenberg’s 1/5-success
rule in the (1+1)-ES). The results obtained by the an-
alyzed methods are shown in Table 1.

Table 1: Results obtained in the electrical problem

| Method | #R/Complex. MSEy, MSEy
i TS 4 170644 158949
Lt 4 169761 160110
M-TS 20 132917 167826
ANFIS 20 108279 923650
SY-FCM 5 508426 464130
FMID 5 181040 164670
GRNN | (396 x 2) neur. 170460 198140
M-TS 26 124022 137752

In view of these results, the proposed method obtains
the best results, with improvements of about a 13.34%
in test and a 27.32% in training over TS. More-
over, M-TS present a good balance between approx-
imation and generalization, even considering a higher
number of rules. This fact denotes the good fuzzy par-
titioning that this method achieves.

6 Concluding Remarks

Our proposal shown the most accurate results in
approximation and specially in generalization when
solving a real-world problem. The obtained model
presents a moderate number of rules and can be in-
terpreted from a local point of view. Moreover, this
method shows an appropriate convergence.
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