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Compact and Transparent Fuzzy Models and
Classifiers Through Iterative Complexity Reduction

Hans RoubosStudent Member, IEEEBNnd Magne Setnedember, IEEE

Abstract—n our previous work we showed that genetic algo-
rithms (GAs) provide a powerful tool to increase the accuracy of
fuzzy models for both systems modeling and classification. In addi-
tion to these results, we explore the GA to find redundancy in the
fuzzy model for the purpose of model reduction. An aggregated
similarity measure is applied to search for redundancy in the rule
base description. As a result, we propose an iterative fuzzy identifi-
cation technique starting with data-based fuzzy clustering with an
overestimated number of local models. The GA is then applied to
find redundancy among the local models with a criterion based on
maximal accuracy and maximal set similarity. After the reduction
steps, the GA is applied with another criterion searching for min-
imal set similarity and maximal accuracy. This results in an auto-
matic identification scheme with fuzzy clustering, rule base simpli-
fication and constrained genetic optimization with low-human in-
tervention. The proposed modeling approach is then demonstrated
for a system identification and a classification problem. Results are
compared to other approaches in the literature. Attractive models

Different approaches have been proposed to obtain fuzzy
models from data. Most approaches, however, utilize only
the function approximation capabilities of fuzzy systems and
little attention is paid to the qualitative aspects. This makes
them less suited for applications in which emphasis is not
only on accuracy, but also on interpretability, computational
complexity, and maintainability [7]-[11].

We focus on the design of interpretable fuzzy rule based
models and classifiers from data with low-human intervention.
A modeling scheme is presented that combines three previously
studied tools for rule based modeling: 1) fuzzy clustering; 2)
similarity driven simplification; and, 3) evolutionary optimiza-
tion. Moreover, we show that different tools to initialize, tune,
and manipulate fuzzy models can be favorably combined to
obtain compact fuzzy rule based models of low complexity

with respect to compactness, transparency and accuracy, are the with still good approximation accuracy.

result of this symbiosis.

Index Terms—Fuzzy classifier, genetic algorithm (GA), Iris

data, rule base reduction, Takagi—Sugeno (T-S) fuzzy model,

transparency and accuracy.

. INTRODUCTION

F

First, fuzzy clustering [3] is applied to obtain an initial rule
based model from sampled data. Since rules obtained and tuned
by data-driven techniques often contain redundancy in terms
of similar (overlapping) fuzzy sets, similarity driven rule base
simplification is applied to detect and merge compatible fuzzy
sets in the model and to remove “don’t-care” terms [12]. Fi-
nally, since these methods are based on the separate identifica-

UZZY SETS and fuzzy logic, introduced in 1965 by Zadeljon and manipulation of the models premise and consequent
[2], are applied in a wide variety of disciplines. Fuzzy modparts, a constrained real-coded genetic algorithm (GA) is ap-

eling is one of those disciplines that is often used in Systerpfied to simultaneously fine-tune (optimize) all parameters in
identification and control, fault diagnosis, classification and dgne resulting rule base. In our previous work [1 ], it was shown
cision support systems [3], [4]. Like many nonsymbolic modhat such a GA was able to strongly improve the models perfor-
eling methods such as neural networks, fuzzy models are Upance by small alterations to the rules.

versal approximators [5]. However, fuzzy models differ from gy combining these tools in an iterative loop with a redun-
nonsymbolic methods, mainly in that they can represent knowjancy search, we propose a powerful fuzzy modeling scheme
edge in an inspectable manner using fuzzy if-then rules [6]. TRigh complexity reduction. The algorithm starts with an initial
facilitates validation and correction by human experts and P'Rodel, obtained here by means of fuzzy clustering in the product
vides a way of communicating with the users. Fuzzy modedpace of measured inputs and outputs. Successively, rule base
can be built by encoding expert knowledge into linguistic rulegimpiification and GA-based optimization are applied in an it-
giving a transparent system with knowledge that can be magtive manner. The GA performs a multi-criterion search for
tained and expanded by human experts. However, knowledggdel accuracy while trying to exploit the possible redundancy
acquisition is not a trivial task. Experts are not always avaih the model. In the next iteration, this redundancy will be used
able and their knowledge is often incomplete, episodic and timg; the rule reduction and rule base simplification tools to reduce
varying. Hence, there is an interest in data-driven fuzzy mogpq simplify the rule base. The result is a compact fuzzy-rule

eling.
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base of low complexity with high accuracy. When the iterations
terminate, a final GA-based optimization is performed to in-
crease accuracy and transparency as opposed to the GA objec-

five in the iterative loop, which tries to exploit redundancy.
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Fig. 1. Transparency of the fuzzy rule base premise.

namic systems model and the Iris classification problem—boh Identification from Data
known from the literature—and the results are compared toGjen i input-output data pairz

. . yx }, the typical identi-
other published methods. Section V concludes the paper.

fication of the TS model is done in two steps: 1) the fuzzy rule

antecedents are determined and 2) then least squares parameter
Il. DATA-DRIVEN MODELING estimation is applied to determine the consequents [3], [14]. In

A. The Takagi-Sugeno Fuzzy Model the examples in this paper, the antecedents of the initial fuzzy

rule bases are obtained from fuzzymeans clustering in the

f Rtlrj]le based T‘"ch's offtze TS t_ype [1t3] are lesngi.'?lly suita foduct space of the sampled input-output data. Following the
or the approximation of dynamic Systems. in adailion, acctly, o 4ch i [3], [15], each cluster represents a certain region in

rate and mfterpretable TS fuzzy classifiers can be made as systems input-output state-space and corresponds to arule in
discussed in [1]. The rule consequents are usually taken to

antor I functi f the inout tR& rule base. The fuzzy sets in the rule antecedent are obtained
constant orfinear functions ot the Inputs by projecting the cluster onto the domain of the various inputs.

R;:If x1is A;; and ...z, iS A;,, then C. Transparency and Accuracy

gi = Gaer+ o Gnn +Gitngr), ©=1,...,M. (1) Theinitial rule base constructed by fuzzy clustering typically
- i . fulfills many criteria for transparency and good semantic prop-
Herex = [z1,2,...,2,]" is the input vectory; is the output g rties [g]: 1) moderate number of rules; 2) distinguishable sets;
oftheithrule,andd;, ..., A;, are fuzz_y sets defined in the an-3) normal fuzzy sets; and 4) coverage of input patterns (see
tecedent space by membership functipns, («;) : R — [0,1].  Fjg 1) The approximation capability of the rule base as ob-
Gij are the consequent parameters ahes the number of rules. ained from fuzzy clustering, however, remains suboptimal. The
The overall output of the fuzzy rule base model is computed byyiection of the clusters onto the input variables and their ap-
aggregating the individual contributions of the rules proximation by parametric functions like, e.g., triangular fuzzy
M sets, introduces a structural error since the resulting premise par-
g = Zpi ()i @) tition (_Jliffer§ _fror_n the cluster partition matrix. Also, the sepa-
-t ) rated identification of the rule antecedents and the rule conse-
quents prohibits interactions between them during modeling. To
wherep;(z) is the normalized firing strength of thiéh rule improve the approximation capability of the initial model, a GA
based optimization method is applied.
[1=, Aij(xy) The transparency and compactness of the initial rule base are
Ei\il H?:l Aij(;) 7

often also subject to improvement. The distinguishability of the

rules and the terms (fuzzy sets) resulting from the projection de-
In the fo”owing, we will app|y the frequently used triangulapends, among Others, on the difficult determination of the cor-
membership functionﬁij to describe the fuzzy Semj in the rect number Of C|USteI’S (rules) in the data an theil’ pOSition in

rule antecedents the product space. To reduce the rule base complexity, we iter-
atively seek for rule base redundancy and apply rule base sim-

waab.c) = max<0’ min<$ —a c— a:)) @ plification, as explained in the next section.

pi(x) i=1,2,....M. (3)

b—a' c—b
lll. RULE-BASE REDUCTION AND SIMPLIFICATION
This choice was made for reasons of simplicity. The proposed = . . ] o
approach, however, is as well applicable for other type of meft: Similarity Driven Rule Base Simplification
bership functions, e.g., trapezoids, Gaussians, or piecewise exfhe similarity driven rule base simplification method was
ponentials. proposed in [12]. A similarity measure is used to quantify the
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Fig. 2. Similarity driven rule base simplification.

redundancy among the fuzzy sets in the rule base. Similar fumZy Genetic Multicriteria Optimization

sets, representing compatible concepts are merged in order 9, jmnrove the approximation capability or classification ca-
obtain a generalized concept represented by a new fuzzy sgkijiry of the rule base, we apply a GA optimization method
that replaces the similar ones in the rule base. This redugg$,quced in [1]. Also other model properties can be optimized
the number of different fuzzy sets (linguistic terms) used in tk@ applying multicriteria functions, like, e.g., search for redun-
model. The similarity measure is also used to detect “don’t Car&ancy [16].

terms, i.e., fuzzy sets in which all elements of a domain have arpe model accuracy is measured as the mean square error for
membership close to 1. Similarity driven simplification differs stem approximation (8) and in terms of the number of misclas-
from rule reduction in that it is driven by the similarity amongifications for a classifier (9). To reduce the model complexity,
fuzzy sets defined on the domain of the same antecedent Vs accuracy objective is combined with a similarity measure
able and notin the product space of the inputs. Thus, the modglg,e Ga objective function. Similarity is rewarded during the
term set can be reduced without necessarily any rules beingitgzative process, that is, the GA tries to emphasize the redun-

moved. dancy in the model (see Fig. 3). This redundancy is then used to
where remove unnecessary fuzzy sets in the next iteration. In the final
A, B fuzzy sets to be compared;

S _ step, fine-tuning is combined with a penalty for similar fuzzy
|- denotes the cardinality of a set; _ sets in order to obtain a distinguishable term set for linguistic
thenandu  operators represent the intersection and uniofgepretation. The GA seeks to minimize the following multi-

~ Trespectively. _ criteria function
We apply a similarity measure based on the set-theoretic oper-

ations of intersection and union J=(0+A5")-J" (7)
S(A,B) = |AN B (5) where.J* is either the mean squared error (MSE) for system
’ |AU B| approximation problems
where A and B are the fuzzy sets to be comparédldenotes . K 9
the cardinality of a set, and the and U operators represent J* =MSE = K Z (yx — Tx) (8)
the intersection and union, respectively. For discrete domains k=1
X =A{z;]5=1.2,...,m}, this can be written as wherey is the true output ang is the model output, or for

classification problems
> jmilpalz;) A pp(z)]

o () K K

S feale) V (e, rok (z =i -3 (e # >) ©

whereA andv are the minimum and maximum operators, re- k=1 k=1

spectively.S is a symmetric measure {0, 1]. If S(4,5) = 1, Wwhere the classifications error is included, witthe class¢ the

then the two membership functiont and A; are equal and predicted class, and a weight factor. The MSE was needed in

S(i, j) becomes 0 when the membership functions are nonovgrevious optimization schemes without redundancy measures to

lapping. differentiate between various solutions with the same number
Similar fuzzy sets are merged when their similarity excee@®$ classification errors; and it was found to speed up the con-

a user defined thresholl € [0, 1]. In the examplesy = 0.5 vergence of the GA [1]. Moreover, it helps to find fuzzy rules

is applied. The optimal choice of this parameter depends w#th consequents in the neighborhood of the class labels which

the number and type of membership functions and is, thefgproves the interpretability and prevents the optimization for

fore, problem specific to some extent; however, generally weaking a black-box model based on interpolation between rules

noticed to values in the range [0.4—0.7] may be a good choi@aly.

Different settings result in more or less conservative fuzzy-setFinally, S* € [0, 1] is the average of the maximum pair-wise

merging. Merging reduces the number of different fuzzy sesémilarity that is present in each input, i.€7 is an aggregated

(linguistic terms) used in the model and, thereby, increases gigilarity measure for the total model

transparency. If all the fuzzy sets for a feature are similar to the n

universal set, or if merging led to only one membership function g1 Z <max (S (Aij, Aik)))

for a feature, then this feature is eliminated from the model. The gy m—1

method is illustrated in Fig. 2. kel 2,....m, Jj#k (10)

S(A,B) =
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Fig. 3. Search for redundancy.

L. 2. @ model coding is givenin [1], however, a few aspects of the fuzzy
model coding are now explained for clearness of the examples
Initial model Initial model that will follow.

g

S v The complete fuzzy model is coded on a chromosome that
GA multi-objective Rule base : :
optimization (A>0) simplification consist of a vector aV elementgvy, va,. .., vk, ..., un]. With
Y a population sizd., we encode the parameters of each fuzzy
(Model) GA multi-objectivel_, Rule base model (solution) in a chromosomg,! = 1,...,L, as a se-
optimization (A<0) [ | simplification| - ’
quence of elements describing the fuzzy sets in the rule an-
GA optimization GA multi-objective tecedents followed by the parameters of the rule consequents.
optimization (>0) For a model ofM fuzzy rules, triangular fuzzy sets (each given
by three parameters),adimensional premise and + 1 pa-
rameters in each consequent function, a chromosome of length
Rule base simplification N = M(3n + (n+ 1)) is encoded as

and GA optimization S = (antl, ey antM, 91, ey 9]\4) (11)
Fig. 4. Two modeling schemes resulting from a combination of tools. wheref; contains the consequent paramep:—;gsaf rule R;, and
ant; = (a;1,b;1,¢i1 - - -, Qin, bin, Cin, ) CONtAINS the parameters

wheren is the number of inputs ang; the number of sets of the antecedent fuzzy sets;,j = 1,...,n, according to
for each input variable. The weighting functiondetermines (). n the initial populatiors® = {s9,...,52}, s) is the initial
whether similarity is rewardefh < 0), or penalizedA > 0). model, ands, .. ., s are created by random variation (uniform
The absolute value of determines the trade-off between thejistribution) arounds? within the defined search space.
similarity objective and the accuracy. Normally, some experi- The upper and lower limits of the search space are deter-
ence is necessary to decide about a good value, however, figed by two user defined bounds and -, that determine
final results seems to be not highly sensitive for the exact valyge maximum allowed variation around the initial chromosome
For the examples, generally good results were obtainedWith 50 for the antecedent and the consequent parameters, respec-
values in the rangf9, 2]. tively. The first boundg; is intended to maintain the distin-
guishability of the models term set (the fuzzy sets) by allowing
the parameters describing the fuzzy séfsto vary only within

When an initial fuzzy model has been obtained from data,atbound otta | X;| around their initial values, whetd;| is the
is successively simplified and optimized in an iterative fashiofength (range) of the domain on which the fuzzy ségsare de-
Combinations of the GA with the rule base simplification defined. By a low value ofy;, one can avoid the generation of do-
scribed above can lead to different modeling schemes. The tm@ain-wide and multiple overlapping fuzzy sets, which is a typ-
different approaches shown in Fig. 4 will be compared. ical feature of unconstrained optimization. The second bound,

The first scheme consist of the initial model constructioa., is intended to maintain the local-model interpretation of the
and fine-tuning based on the multi-objective criterion while theules by allowing thejth consequent parameter of thha rule,
second scheme includes the iterative complexity reduction. The, to vary within a bound ofta;(max;(¢;q) — min; ()

C. Proposed Fuzzy Modeling Scheme

second scheme is as follows: around its initial value.
1) Initialization: Obtain an initial fuzzy model.
2) Complexity reductionRepeat until termination: V. EXAMPLES
a) similarity driven rule base simplification; A. Example: Nonlinear Plant

b) GA optimization with redundancy objectivetodel
accuracy while exploiting redundancy
3) GA fine tuning with transparency objectiveodel accu-

We consider the 2nd order nonlinear plant studied by Wang
and Yen in [19], [18], [20]

racy with well separated fuzzy sets y(k) = g(y(k — 1), y(k — 2)) + (k) 12)
Step 2 terminates when the rule base can not be further redum
or simplified.
A real-coded GA [17] is applied for the simultaneous opti- g(y(k — 1), y(k - 2))
mization of the parameters of the antecedent membership func- y(k — Dy(k —2)(y(k — 1) — 0.5)

tions and the rule consequents. The complete GA and fuzzy - 1+ 2k — Dy2(k —2) ) (13)
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2 ' ' f ; ; ! ! TABLE |
A : : : LINEAR TS Fuzzy MODELS FOR THEDYNAMIC PLANT TYPE
g h‘ ! I .
= ‘ } Ref. No. of rules No. of sets | MSE train | MSE eval
! : : [18]7 36 (initial) 12 B-splines | 1.9-107% [ 2.9.107%
-2 L . - . . - . 24 (optimized) 12 B-splines | 2.0-107% | 6.4.10*
Y 50 100 150 200 250 300 350 400 T 5 (initial) 10 triangulars | 5.8-10°% | 25-10°3
1F————+ T T T T T 4 rules (optimized) 4 triangular 1.2. 10—3 4.7- 10—4
: : : This paper | 5 (initial) 10 triangulars | 4.9-107° | 2.9-1073
Fig. 6 5 rules (optimized) | 10 triangulars | 1.4-107% | 5.9.1074
Fig. 6 5 rules (optimized) | 5 triangulars | 8.3-10* | 3.5.1074
* The low MSE on the training data is in contrast to the MSE for the evaluation

data which indicates overtraining.
t These results are not based on the original data, but on newly generated data.

E “ \1 i Second, a TS model with linear consequents was obtained by
: v scheme 2. The initial model was obtained with five clusters, re-
50 100 150 200 250 300 350 400  sulting in a model with five rules and ten-fuzzy sets. The model
k was reduced in two steps: 1) simplification reduces ffep® to
, _ 3+ 5 fuzzy sets and 2) simplification reducese- 3 sets. The
Fig.5. Inputu(k), unforced system(k), and outpuy(k) of the plantin (12).

resulting TS model with linear consequents has only five rules
using2 + 3 fuzzy sets Fig. 6. The identification and validation
The goal is to approximate the nonlinear compongntk — results as well as the prediction error are presented in Fig. 7.
1),y(k — 2)) of the plant with a fuzzy model. In [19], 400 sim- The approximation properties are very similar to those in
ulated data points were generated from the plant model (1R)8], but much fewer rules and fuzzy sets were necessary which
200 samples of identification data were obtained with a randamssulted in a very compact and transparent model. The accuracy
input signak:(k) uniformly distributed if—1.5, 1.5], followed is also similar to the four-rule TS model in [1]. This model has
by 200 samples of evaluation data obtained using a sinuseigke rule less but is not based on the original data, which may
input signak(k) = sin(27k/25) (Fig. 5). explain the difference. The linear consequent TS model extrap-
This example was also used in [1] and a comparison with théates well and the difficult part in the low region is nicely ap-
results of [19], [18], [20] was made. Here we apply the newlgroximated. The local submodels and the overall model output
proposed modeling scheme on the original data (not in [1Bre shown in Fig. 8. The submodels approximate the local be-
show the results for the linear TS model and compare these wiévior well. In addition, the “real” surface as given by the orig-
the results in [18]. Here, various information criteria were usddal model is shown and it is clear that the TS model approxi-
to successivelpick rules from a set of 36 rules in order to obmates the regions were data is supplied (system regions). Once
tain a compact, but accurate model. The initial rule base wagain, the reduced and optimized TS model with five rules and
obtained by partitioning each of the two input§: — 1) and five sets is comparable in accuracy to the initial TS model with
y(k — 2) by six equally distributed fuzzy sets. The rules wergive rules and ten fuzzy sets.
picked in an order determined by an orthogonal transform. TheFrom the results summarized in Table |, we see that the pro-
best results obtained in each case are summarized in Table |. feged modeling approach is capable of obtaining good results
reasons of completeness, we also added the results of [1] in téing fewer rules and fuzzy sets than other approaches reported
table. in the literature. Moreover, simple triangular membership func-
We applied both the modeling approach proposed in Seipns were used as opposed to cuBisplinesin[19],[18], [20],
tion I1I-C. The GA was applied with a population sizeé:= 40; and Gaussian-type basis functions in [19], [20]. By applying the
number of chromosomes: = 10; domain parameters; = GA after each rule base simplification step, not only accurate,
25% anda, = 25% and number of generatioffs = 400 in  but also compact and transparent rule based models were ob-
the final optimization; and” = 200 in the complexity reduc- tained.
tion step. The threshold = 1 for redundancy searches and
A = —1linthe final optimization. The threshold for set mergin@®. Example: Iris Data
wasé = 0.5 andé = 0.8 for removing sets similar to the uni-

versal set ("don't care” terms), é)&lttern recognition studies [21], [22], [11], [1]. It contains 50

First, a TS model with linear consequents was consider .
) O ! measurements of four features from each of the three species
based on scheme 1 (Fig. 4). An initial model of only five ruIeFr.

i i i iraini 1 -
was constructed by clustering. The MSE for both training antéjsr:rifnstas’;:Egﬁ(;j\;goilr?ggdgls virginica [23]. The mea
\I\//Iacl)l;jeegl/oer; dtﬁ:aa rvg;ﬁ g?]mtﬂirizﬁ d;\git:n e:erlltlaer (va?/lj‘lrtz ILTer[1ﬁ There is a large variety of methods applied to this data set and

. e . e requency, accuracy and complexity varies a lot. Ishibuchi et al. [22]
signal) is twice as good as on the identification data, |nd|cat|r}g

the generality of the obtained model. By GA optimization, th&;‘ﬁt\zf:tﬂﬁge f?i,zirfy S;i;lsgfrﬁri Zit:: dngzlxizszgl;iisﬁsngggg
MSE was reduced by 71% from9 - 102 to 1.4 - 102 on the  gviIng

training data and by 80% from9 - 10-2 0 5.9 - 10—+ on the the Iris classification problem for leaving-one-out validation.
evaluation data.

The Iris data is a common benchmark in classification and

1The original Iris data was recently republished in [24].
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Fig. 6. Local linear TS model derived in five steps: 1) initial model with five
clusters (5 ruleg- 10 sets), 2) set merging (5 rul¢s sets), 3) GA-optimization
(5 rules+ 8 sets), 4) set-merging (5 rules5 sets), 5) final GA-optimization (5 Fig. 8. Local linear modelstdp), TS model (niddle, and real-surface
rules+ 5 sets). (bottom).
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Fig. 9. lIris data: (1)ris setosax, (2) Iris versicoloro, and (3)Iris virginica V.
One of the compact and accurate fuzzy models is given by Sh 1 1

al. [21] who used a GA with integer coding to learn a Mamda
type fuzzy model. Starting with three fuzzy sets associated w
each feature, the membership function shapes and types, = 2
the fuzzy rule set, including the number of rules, were evolve
using a GA. Furthermore, a fuzzy expert system was used
adapt the GA's learning parameters. After several trials wi 0
varying learning options, e_1four-ru|e model was obtained, whic > S6epal 1ergth 8 23 3sepa131’f~idtﬁ >
gave three errors in learning the data. Recently, Russo [11]
plied a hybrid GA-NN approach to learn fuzzy models. He
present a five-rule fuzzy model with 18 fuzzy sets and 0 mi:
classifications. In [1] we presented a two-rule (8 fuzzy sets) a
a three-rule fuzzy model (12 fuzzy sets), both having one mi= =
classification only.

We apply the proposed modeling schemes (Fig. 4). The fuz

c-means clustering was applied to obtain an initial TS mod 0 5 7 p 0 55 115 7 o3
with singleton consequents. In order to perform classificatio Petal length "~ Petal width ‘
the outputy;, of the TS model was used with the following clas-
sification rule: Fig. 10. |Initial fuzzy rule based model with three rules and 33
1. if05< e < 1.5 misclassifications.
=<2, iflo<y <25 (14)
3, if2.5 <y <35 0.5 for scheme 2, anil = —0.5 for the final optimization step.

The classes are for transparency reasons limited to a cerféire search- space parametegsand «, are varied and given
model-output range. An initial model with three rules wam Table Il. Note, that ifx, is O then the consequent values are
constructed from clustering where each rule described a cléissd.
(singleton consequents). The classification accuracy of theFirst, scheme 1 (Fig. 4) was applied. We consider the com-
initial model was rather discouraging, giving 33 misclasplete data set, i.e., there is not a separate test and evaluation data
sifications on the training data. The rule antecedents sets. This is mentioned in the manuscript. It is done for reasons
are shown in Fig. 10 and the estimated rule consequenfssimplicity and comparison with other methods as this is also
were {1.00,2.10,2.95}, which is close to the class labels ashe approach in some of the compared approaches. The result
expected. These are changed for transparency reasons isiexpected to be similar to the leave-one-out or resubstitution
{1, 2, 3}, before further optimization. error, which needs many repetitions for an accurate average re-
The GA was applied with the same parameter as in Sexult and highly depends on the chosen samples. Generally, for
tion IV-A. The weighto in the objective (9) was 1 and themore complex problems, or problems with a bad data distribu-
thresholdX for the redundancy searches is 0 for scheme 1 atidn, one should apply bootstrap methods to avoid overtraining.
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TABLE 1l

Fuzzy RULE-BASED CLASSIFIERS FOR THHRIS DATA DERIVED BY MEANS OF
ScHEME 1 (A, B, C) AND SCHEME 2 (D, E, F). RILES GIVES THE NUMBER OF
SETS FOREACH INPUT AND MISCLASSIFICATIONS THEPERFORMANCE AFTER
EACH RULE-BASE SIMPLIFICATION STEP

421

A

Rules

Misclassifications

0.25
0.25

0/-05
0/-0.5
0/-0.5

(3333}
{3333}
{3333}

{4}
{3}
{2}

0.25
0.25
0.5

Mmoo w g
o
(54

0.5/-05
0.5/-0.5
0.5/-0.5

{2133},{2032},{0032}
{2233},{2032},{0032}
{2032},{0032}

{4}.{3}.{4}
{3}.{3}.{4}
{1}.{3}.{4}

523

5 6 7
Sepal length

8

25 3 35 4 45
Sepal width

The results for three typical runs with different parameters a= =
presented in Table Il (A, B, C). The number of misclassificatio
is quickly reduced to 3 or 4. The obtained model is accurate a
is suitable for interpretation since the rules consequents are 0
same or close to the actual class labels, such that each rule ca 2 6 05 1 15 2 25

. .. Petal width
taken to describe a class. The fuzzy sets of the optimized mou..
B are shown in Fig. 11. The corresponding rules are

4
Petal length

Fig. 11. Optimized fuzzy rule based model with three rules and three

. . . . misclassifications (Table 11-B).
R :If z, is short and x> IS wide and x3 IS short ( )

and x4 IS narrow, then classis1 1 1
Ry: If x1 is medium and x5 IS narrow

and z3 is medium and x4 iS medium, then classis?2

. . . . = =2
R3: If 1 1S long and x5 IS medium and 3 IS long
and x4 1S wide, then class is 3. (15)
Second, scheme 2 was applied. The results for three typi 0— 2 5 005 1 15 2 25
runs with different parameters are presented in Table Il (D, Petal length Petal width

F). The number of misclassification is quickly reduced to 1, 3
or 4. One intermediate model had 1 misclassification only b lg 12. Optimized and reduced fuzzy rule based model with three rules and

. our misclassifications (Table II-E).
was not very transparent due to overlapping sets, however, re-

sulted in a perfect rule-interpolation which shows the good %Biso be aggregated in the multi-objective model optimization

timization property of the GA. The rule base reduction is one S improve the fuzzy classifier.

two times applied and sgbsequently, the_model IS opt|m|ze_d %" The results obtained with the proposed modeling approach

transparency. The resulting models are highly reduced, while tfhe . .
. o . . 0{ the lIris data case illustrate the power of the GA for

misclassification error is not much increased. The fuzzy sets of,. ._. o .

- - -optimizing fuzzy rule based classifiers. By simultaneously
the optimized model E are shown in Fig. 12. The corresponding,. .. h d d/ fthe rul
rules are optimizing the antecedent and/or consequent parts of the rules,
according scheme 1, the GA found an optimum for the model
parameters in the neighborhood of the initializations, which
gave drastic improvements in the classification performance.
Moreover, compact fuzzy models with a low amount of inputs
and fuzzy sets were obtained by the proposed model reduction

(16) scheme 2.

The proposed iterative reduction scheme removed 7 sets
from the three-rule model, thereby, removing two inputs. By
comparing the reduced fuzzy model with the data in Fig. 9, oneWe have presented an approach to construct compact and
observes that the inputs with the highest information contetnansparent, yet accurate fuzzy rule based models and classifiers
are maintained. In addition, it is noted that most models frofrom measured input-output data based on iterative complexity
research show three or more misclassifications, indicating tlatluction. Methods for modeling, complexity reduction, and op-
there are a few samples that are difficult to classify correctlfmization are combined in the approach. Fuzzy clustering is
These are often close to the decision curve; e.g., in [1] Viiest used to obtain an initial rule based model. Similarity based
showed that our 1 misclassification had the typical propertiessimplification and multi-objective GA-based optimization are
another class and may be an outlier in the data. A good methben used in an iterative manner to decrease the complexity of
to describe the plausibility of the classification results is to ugke model while maintaining high accuracy. The proposed algo-
a certainty factor that describes the expectation that a data-péirm was successfully applied to two problems known from the
belongs to the different classes [25]. This certainty factor céiterature. The accuracy of the obtained models was comparable

Ry If x3is short and x4 iS narrow, then classis 1
Ry: If x3is medium and x4 iS narrow, then clussis 2

R3: If x3is long and x4 is wide, then classis 3.

V. CONCLUSION
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to the results reported in the literature, however, the obtainef8] J. Yen and L. Wang, “Application of statistical information criteria for
models use fewer rules and less fuzzy sets than other models re- 0ptimal fuzzy model construction|EEE Trans. Fuzzy Sysol. 6, no.

din the i C d 3, pp. 362-371, 1998.
ported in the literature. Compact and transparent, yet accurafﬁ)] L. Wang and J. Yen, “Extracting fuzzy rules for system modeling using
fuzzy TS models are the results.

a hybrid of genetic algorithms and Kalman filteElizzy Sets Systol.
101, pp. 353-362, 1999.
[20] J.Yenand L. Wang, “Simplifying fuzzy rule-based models using orthog-
onal transformation methodsEEE Trans. Syst., Man, Cybern, #l.
29, no. 1, pp. 13-24, 1999.
] Y. Shi, R. Eberhart, and Y. Chen, “Implementation of evolutionary fuzzy
systems,'1IEEE Trans. Fuzzy Syswol. 7, no. 2, pp. 109-119, 1999.
H. Ishibuchi and T. Nakashima, “Voting in fuzzy rule-based systems for
pattern classification problemsfuzzy Sets Sysvol. 103, pp. 223-238,
1999.
E. Anderson, “The Irises of the Gaspe peninsuBalletin American Iris
Society vol. 59, pp. 2-5, 1935.
[24] J. C. Bezdek, J. M. Keller, R. Krishnapuram, L. I. Kuncheva, and N. R.
Pal, “Will the real Iris data please stand up?EEE Trans. Fuzzy Syst.
vol. 7, no. 3, pp. 368-369, 1999.
[25] J. A. Roubos, M. Setnes, and J. Abonyi, Learning fuzzy classification
rules from labeled data, in International Journal of Information Sciences,
2001, to be published.

ACKNOWLEDGMENT

The authors are grateful to Dr. Liang Wang, (co)author of[21
references [20], [19], [18], for unconditionally sharing his data

for this research. [22]

REFERENCES

[1] M. Setnes and J. A. Roubos, “GA-fuzzy modeling and classification:
Complexity and performance[EEE Trans. Fuzzy Systvol. 8, pp.
509-522, 2000.

[2] L.A.Zadeh, “Fuzzy setsIhformation and Contrglvol. 8, pp. 338—-353,
1965.

[3] R.Babwska,Fuzzy Modeling for Control Norwell, MA: Kluwer, 1998.

[4] R.lIsermann, “On fuzzy logic applications for automatic control, super-
vision, and fault diagnosisJEEE Trans. Syst., Man, Cybern, ¥ol. 28,
pp. 221-235, 1998.

[5] B. Kosko, “Fuzzy systems as universal approximatofEEE Trans.
Comput, vol. 28, no. 1, pp. 1329-1333, 1994.

[6] M. Sugeno and T. Yasukawa, “A fuzzy-logic-based approach to qualit
tive modleing,”|EEE Trans. Fuzzy Systol. 1, pp. 7-31, 1993.

[7] M. Setnes, R. Balika, and H. B. Verbruggen, “Rule-based modeling
Precision and transparenciZEE Trans. Syst., Man, Cybern, @I. 28,
pp. 165-169, 1998.

[8] J. Valente de Oliveira, “Semantic constraints for membership functic
optimization,”IEEE Trans. Fuzzy Systol. 19, pp. 128-138, 1999.

[9] O. Corddn and F. Herrera, “A proposal for improving the accuracy ¢
linguistic modeling,"EEE Trans. Fuzzy Systol. 8, pp. 335-344, 2000.

-~
emp—
—
[10] J. G. Martin-Blazquez, “From approximative to descriptive models,” il -‘ _
9th IEEE Int. Conf. of Fuzzy SystenSan Antonio, Texas, USA, May his current Ph.D. work on model-based process

7-10, 2000, pp. 829-834. IEEE. development of fed-batch fermentation processes. His research interests
M. Russo, “Genetic fuzzy learninglEEE Trans. on Evolutionary Com- include genetic algorithms and fuzzy systems for modeling, identification and
putation vol. 4, pp. 259—273, 2000. control, hybrid models and biotechnological processes.
M. Setnes, R. Baliika, U. Kaymak, and H. R. van Nauta Lemke, “Sim-
ilarity measures in fuzzy rule base simplificatiodZEE Trans. Syst.,
Man, Cybern. Bvol. 28, no. 3, pp. 376-386, 1998.
[13] T. Takagi and M. Sugeno, “Fuzzy identification of systems and its appli-
cation to modeling and control|EEE Trans. Syst., Man, Cyberwol.
15, pp. 116-132, 1985.

(23]

Hans Roubos (S'97) was born in 1973,
Sprang-Capelle, The Netherlands. He received
the M.Sc. degree in bioprocess engineering from
Wageningen University, The Netherlands, in 1997
and is currently working on the Ph.D. degree.

He was with the European FAMIMO project
at the Systems Control Engineering Group, Delft
University of Technology, The Netherlands, working
on MIMO fuzzy model-based predictive control
for eight months. In December, 1997, he started

(11]

(12]

Magne Setnes(S'94-M'95) was born in 1970,
Bergen, Norway. He received the B.Sc. degree in

[14] J.Yen, L. Wang, and C. W. Gillespie, “Improving the interpretability of robotics from the Kongsberg College of Engineering,
TSK fuzzy models by combining global learning with local learning,” Norway, in 1992. He received the M.Sc. degree
IEEE Trans. Fuzzy Syswol. 6, pp. 530-537, 1998. in electrical engineering from the Delft University

[15] M. Setnes, R. Baliika, and H. B. Verbruggen, “Rule-based modeling of Technology, The Netherlands, the Degree of
Precision and transparencyEEE Trans. Syst., Man, Cybern. ,&ol. Chartered Designer in Information Technology, and
28, no. 1, pp. 165-169, 1998. the Ph.D. degree from the Systems and Control

[16] J. A. Roubos and M. Setnes, “Compact fuzzy models through cor Engineering Group in 1995, 1997 and 2001,
plexity reduction and evolutionary optimization,”@th IEEE Int. Conf. respectively.
on Fuzzy System&an Antonio, Texas, USA, May 7-10, 2000, pp. Currently, he is with Heineken Technical Services,
762-767. Research and Development, the Netherlands. His interests include fuzzy sys-

[17] Z. Michalewicz,Genetic Algorithmst Data Structures= Evolution tems, computational intelligence technigues for modeling, control and decision

Programs 2nd ed. New York: Springer Verlag, 1994.

making.



