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Abstract—The paper presentsa class binarization that
combines fuzzy classi ers and coupled map lattices. First,
a classication problem is divided into several two-class
problems following a extended version of a fuzzy round
robin class binarization scheme; next, a fuzzy classier is
generatedusing any machinelearning techniquefor eachtwo-
classproblem (we use evolution of fuzzy rules in this paper);
nally , the generatedfuzzy classi ers are integrated into a 2-
dimensional coupled map lattice. The answer of the classi er
to a sampleis determined by the dynamics of the lattice when
it is initialized with the answersgiven by eachfuzzy classi er.
Experiments are conducted with various publicly available
data sets.
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|. INTRODUCTION

Classi cation is a supervisedlearning technique that
takes labeleddatasamplesand generatesa model (classi-
er) thatclassi esnew datasamplesn differentprede ned
groupsor classed1]. Classi cation has beenextensiely
studiedin machinelearningand datamining [1], [2], [3],
and hasreceved specialattentionof soft-computingtech-
niguessuchasfuzzy Logic [4], [5], [6], neuralnetworks[7],
[8], andevolutionaryalgorithmg[9], [10], [11]. Dueto high
interpretability of fuzzy rule basedclassi ers (FRBC) and
the ability of evolutionaryalgorithms(EA) in nding good
solutions,someresearchwork hasfocusedin developing
evolutionary techniquesfor generatingFRBC [12], [13],
[91, [14], [6], [11].

Becauseseveral machine-learningechniqueshave been
designedor solving two-classclassi cation problems,but
not for solving multi-class problems, some techniques
(class binarization techniques)have been developed for
transforminga multi-classprobleminto several two-class
problems[15]. For each of thesetwo-classproblems,a
classi er is trained using a speci ¢ learning mechanism,
for examplea neuralnetwork or evolution of fuzzy rules.
Finally, thoseclassi ersarecombinedfollowing the applied
binarizationscheme Although usedwith relative success,
thesetechniquesdependon the correctoperationof each
of their two-classclassi ers. If oneof thosetwo-classi ers

fails, the performanceof the full classi er is highly af-
fected.

The main purposeof the work presentedn this paper
is to develop a fuzzy class binarization techniqueusing
a coupledmap lattices[16]. By using such coupledmap
lattice structurewe are increasingthe robustnessof the
classi er while increasinghe performanceachieved by the
classi er. Here, the answerof the classi er to a sample
is determinedby the dynamicsof the lattice when it is
initialized with the fuzzy classi cation given by eachtwo-
classfuzzy classi er. This paperis divided in six sections.
Section2 gives a simple overview of coupledmap lattice
theory; Section3 describeshe currentclassbinarization,
bothcrispandfuzzy; Section4 presentshe proposeduzzy
classhinarizationtechniquebasedon coupledmaplattices;
Section5 shovs someexperimentsperformedalong with
the analysisof results.Section6 dravs someconclusions.

Il. COUPLED MAP LATTICES

Coupledmap lattice (CML ) theory grew out of studies
on collective movementsof coupledoscillators[16], [17].
A CML canbe de ned in ary d-dimensionalspace(d =
1;2;::) but in this paper we consideronly 2-dimensional
CML of sizeN M.

De nition 1: A 2-D Coupled Map Lattice is a 2-
dimensionalatticeof sizeN M suchthateachsitex(i; j )
evolvesaccordingto equationl.

X[ e = (1 ") (e (35 )))+ f (y1)
S Nygij) y2Nx (i )

1)

where, Ny ;) is a collection of sites which de nes

the neighborhoodof site x(i; j), S Ny(;) indicatesthe
numberof neighborsf is a non-linearfunction that deter
mines the coupling value of a site, and" is a parameter
that determinesthe coupling level or spatial correlation
betweensites. By varying the coupling parameter’ and
the structureof the neighborhoodN,;; y it is possibleto
simulate systemsthat interact locally up to systemsthat
interactglobally [17].

Severalnon-linearfunctionshave beenusedinto a CML.
In the following discussiorwe usethe well-known logistic



function:

f(x)=1 x? )

where,0 2 is a suitableparametethat allows to
modify the dynamicsof the systemand introducechaotic
behaior into the CML. In orderto introducechaosto the
CML, shouldbe setto a value higherthan 1:82.

I1l1. Fuzzy CLASS BINARIZATION

A classbinarizationtechniquetransformsa multi-class
classi cation probleminto several two-classclassi cation
problems[15]. Basically there are two fuzzy classbina-
rization stratgies: Unordered,and round robin.

A. FuzzyUnordered ClassBinarization

Fuzzy unorderedclass binarization transformsan m-
classesprobleminto m two-classproblems,where the i-
th classi er that is generatedusing the samplesof class
i as negative samplesand samplesof the other classes
(=1..m, j6 i) aspositive samplesA new sampleis classi-
ed accordingto algorithm1. We have successfullyapplied
this binarizationtechniquewith amaximumdefuzzy cation
techniquein [12], [18], [19].

Algorithm 1 Fuzzy UnorderedClassi cation
CLAssSIFY( classif ier[1::m], sample )

1 winners=;

2fori= 1tomdo

3 winner s = winner sff
4 return DEFUZZY( winner s )

B. FuzzyRoundRobin ClassBinarization

Fuzzy round robin classbinarizationtransformsan m-
classprobleminto w two-classproblemsby de ning
one classi er classif ier; for eachpair of classedi; ji.
Each classi er is generatedusing only the samplesof
the two correspondingslassesA new sampleis classi ed
accordingto algorithm 2.

Algorithm 2 Fuzzyroundrobin classi cation
CLAssIFY( classif ier[1:m  1][i + 1::m], sample)
lfori= 1tom do

2 vote[i]= 0

3fori=1tom 1do

4 forj =i+ 1tomdo

5 vote[i] = vote[i] + ; (classif ier[i][j ]; sample)
6 return DEFUZZY( NORMALIZE(VOte) )

Fig. 1. Neighborhoodde nition for a three-classlassi cation problem.

IV. CLASSIFICATION USING CELL ORGANIZED
RECOGNITION ALGORITHMS (CORAL)

CORAL combines both fuzzy unorderedand fuzzy
round robin classbinarizationschemesn one binarization
schemeln thisway, CORAL transformsa M-classproblem
into M2 two-class problemsby de ning two classi ers
classif ier;; for eachpair of differentclassedi; j i andone
classi er classif ier; for eachdifferentclass.Every classi-
er classif ierj; is trainedwith only samplesf classi and
classj by consideringclassi asthe negative class(class
j is considerthe positive class).Therefore, CORAL trains
a classi er classif ier;; following the round robin train-
ing stratgy. Now, every classi er classif ier; is trained
with samplesof classi as negative and samplesof other
classesspositive. Then,a classi er classif ier; is trained
following the unorderedraining strateyy.

Notice that, it is possibleto organizethe two-classclas-
si ers in atwo dimensionallattice x, suchthat, x(i; j) =
classif ierij i 6 j andx(i; i) = classif ier;. Suchlattice

negaiiv e (Classif ier; ; sample) thasthe following properties:

A classierin row i considersclassi asnegative.

A classier in columnj (exception done with the

diagonalelement)considersclassj as positive.

A classi er in the diagonalpositioni considersclass

i asnegative.
Therefore glementsn the samerow or in the samecolumn
arecorrelatedUsingthesepropertiesit is possibleto de ne
the neighborhoodof a site x(i; j) (two-classclassi er) as
follows (equation3):

fx(i; K)jk = 1;2;::;;M andk 6 jg[
fx(k;j)jk = 1;2;::;;M andk 6 ig

Nx(ij ) = 3)

Sitesin the samerow or column of a given site belong
to the neighborhoodof such site. The size of the neigh-
borhoodis 2(M 1) whereM is the numberof classes.
Figurel showstheneighborhoodie nition for athree-class
classi cation problem.

In order to use this lattice for classifying a data sam-
ple sample, some state conceptand dynamicsshould be
associatedo it. The stateof a site x(i; j) on ary time



t 0 indicatesthe con dence degree that such site has
on classifyingthe datasampleinto classi. Theinitial state
of site x(i; j) is de ned asthe membershipdegree of the
sampleto classi generateddy the classi er associatedo
suchsite, seeEquation4:

i =
i 6

i;classif ier (Sample)
i;classif ier j; (Sample)

Now, the stateof a site x(i; j ) evolvesontime according
to equation5:

Xo(i; ]) = (4)

e (1) = (1 )% (@0) + g 3
f (x¢(i; K)) + f (10 xi(k;j))
k=1, k=1
K6 j k6 i
(5)

wheref (x) is the logistic function, seeequation2. We
dividedthe neighborhoodn two groups row-neighborhood
and column-neighborhooecausethe state of them is
consideredlifferentfor the sitein evolution: On one hand,
the stateof a site of the row-neighborhoods useddirectly
becausesuch site considersclassi as negative, like site
x(i; j) ; Ontheotherhand,the stateof a sitein the column
neighborhoods negated(fuzzy negation)becausesuchsite
considersclassj as negative, oppositeto the site x(i; j ).
Finally, the classi cation of a datasampleis determinecdy
a defuzzyoperatorthat is appliedto the stateof the sites
in the diagonalafter somenumberof iterationsM AX of
the CML. Algorithm 3 shavs the CORAL classi cation.

Algorithm 3 CORAL Classi cation Algorithm
CLASSIFY( classif ier[1:M ][1::M ], M AX , sample)
lfori=1toM do

2 forj=1toM do

3 X[illi] =Fuzzy(classif ier[i][j]; i; sample)
4fori=1to MAX do

5 X =ITERATE.CML( X )

6fori=1toM do

7 voteli] = x][il[i]

8 return DEFUZZY( NORMALIZE(VOte) )

V. EXPERIMENTATION

In order to test the proposedapproachwe used the
evolution of fuzzy rules proposedby Gomez et al in
[12] for evolving a fuzzy rule for each two-classclas-
si cation problemgeneratedvith CORAL. Basically the
evolutionaryalgorithmevolvesa heaptreerepresentinghe
conditionpartof thefuzzy rule. A heaptreeis a binarytree

TABLE |

TEST BED
| DATA SET | CLASSES | DIM. | SAMPLES |
IRIS 3 4 150 50, 50, 50g
WINE 3 13 17859, 71, 48y
GLASS 6 9 214570, 76,17,13,9, 2%
TABLE I

Fuzzy LoGIc OPERATORS

| OPERATOR | TRUTH-VALUE |
Not p p=1 p
Average And prq| prqg= zpf S
Restricted SumOr | p_q | p_q= min f1; p+ qg

thatis lled completelyon all the levels except possibly
the last level that is lled from left to right [20]. The
conclusiorpartis notencodedsinceonly two-classesle ne
the classi cation problemand one rule is being generated
for discriminatingthe positive class[12]. A datasampleis
classi ed aspositive with the truth-value(TV) of the fuzzy
rule R andclassi ed asnegative with TV equalto thefuzzy
negationof the TV of R (1 TV (R)).

A. ExperimentalSettings

Three benchmarkdata sets (publicly available), were
usedastestbed.Seetablel. A tenfolding cross-alidation
was appliedto eachdataset.In this way, the datasetwas
dividedinto 10 randomlyselectedgroups.Eachgroupwas
usedas testing data set of the classi er trained with the
additional 9 groups.The reportedresultsare the average
over theselO differenttests.

For evolving the fuzzy rule associatedvith eachtwo-
classproblemwe usedthe Simple Hybrid Adaptive Evo-
lutionary Algorithm (SHAEA) proposedby Gomezet al.
[21]. The SHAEA approachadaptsthe genetic operator
probabilitiesat the sametime it is nding the solution of
the problem.SHAEA wasexecutedfor 100iterationsusing
100individualsaspopulationandvariablelengthcrosseer,
single bit mutation, gene addition and gene deletion as
geneticoperatorsTheseoperatorsaredescribedby Gomez
et al in [12]. We usedthe fuzzy logic operatorsshowvn in
tablell, and ve fuzzy setsper attribute asshavn in gure
2.

We useda coupling parameterof " = 0:5 in order to
give more importanceto the site thanto its neighborsand
iteratedthe CORAL classi er 100 periodsof time using
the logistic function with parameter = 1.5.

B. Resultsand Analysis

Severalperformancenetricshave beende ned for deter
mining the quality of a classi er. Most of themaresumma-
rizedin a confusionmatrix. A confusionmatrix containghe



Fig. 2. Fixed Collectionof Fuzzy Sets

TABLE 11l
CONFUSION MATRIX

PREDICTED

ACTUAL | Positive | Negative
Positive PP PN
Negative NP NN

classi cation performance(actual versus predictedclass)
reachedy aclassi er systemover asetof sampleg1]. The
confusionmatrix for a two-class(Negative and Positive)
classi er is shovn in tablelll.

From the confusionmatrix, several performancemetrics
can be generated.One of the most important metric is
the accurag, which determineghe proportionof samples
classi ed correctly seeequation6:

PP+ NN ©)
PP+ PN+ NP+ NN

1) CORALDynamics: We took oneof the 10 classi ers
generatedfor the WINE data set and plotted the state
throughthe time of the classi er siteswhena datasample
was presentedto such classi er. We selectedthree data
samples,one per eachclass,with the condition that they
were not usedin the training processFigure 3 shavs the
evolution of the statefor sitesx(1; 1), x(2; 1), andx(3; 1)
of the CORAL classi er. We obsened similar behaior for
sitesx(1; 2), x(2; 2), andx(3; 2); andx(1; 3), x(2; 3), and
X(3; 3), respectiely.

Since the logistic function is not introducing chaosto
the CML, the stateof a site has a non-chaoticbehaior
with a two-statelimit orbit. This behaior indicatesthat
CORAL is able to reacha stablecondition. As expected,
oneof thesestatess approximatedvhen CORAL executes
an even number of iterations while the other state is
approximatedwhen CORAL executesan odd number of
iterations.Similar behaior was obsened for the two data
samplesbelongingto class2 and class3. Figure 4 shavs
the separatedevolution of the limit orbit statesfor each
diagonalsite and eachof the threedatasamplesused.

Figure4 shovs that CORAL classi er shouldbe allowed

AC =

TABLE IV
PERFORMANCE OF CORAL, Fuzzy UNORDERED (FUB) AND Fuzzy
RoOuUND RoBIN (FRRB).

IRIS | WINE | GLASS

CORAL | 95.33 | 96.04 68.09
FUB 96.00 | 94.31 61.17
FRRB 94.66 | 95.49 60.02

to executean even numberof iterationsin orderto obtain
an optimal classi cationrate.As shovn, CORAL doesnot
requiresmary iterationsin orderto reacha good classi -
cation performancearound20 iterationsthe performance
is closeto optimum.

2) ComparingCORAL against FuzzyRoundRobinand
FuzzyUnordered Binarization Schemes: Table IV shavs
the performance(accurag) reachedby using CORAL
after 20 iterations, Fuzzy Unorderedbinarization (FUB)
and Fuzzy RoundRobin Binarization(FRRB). In general,
CORAL performs better than FUB and FRRB for these
datasets.

3) Rolustness:In orderto determinethe robustnessof
the proposedapproach,different level of damagewere
introducedinto the classi er generatedby CORAL for
the WINE data set. We simulatethe failure of a site by
initializing it with the value 0:5 insteadof usingthe fuzzy
classi er associatedo the site. In this way, a site x(i; j ) is
consideredailing whenits associatedlassi er is not able
to determinethe classof ary datasample.

We simulatedthe CORAL classi er when a single site
wasfailing: (1,1), (2,2), (3,3),and (2,1). Figure 5.ashavs
the evolution of the averageperformancereachedby the
failing CORAL classi ers.

As expectedthe performanceof the classier is not
stronglyaffectedwhenonesiteis failing. In somecasesthe
performanceof the classi er is the sameor betterthanthe
original classi er. Moreover, theworstperformanceeached
by theseclassi ersafter 20 iterationswas94.72(failing site
: (2,2)).

Also, we determinethe performanceof the CORAL
classi er when different groupsof three sites are failing:
diagonal sites, samerow sites, same column sites and
sites (1,2), (2,3) and (3,1). Figures5.b and 5.c showv the
evolution of the average performancereachedby these
failing CORAL classi ers.

Again, CORAL is ableto performwell whenthe amount
of damageintroducedis 33.3%. The worst performance
reachedby CORAL after 20 iterations was 85:88% of
accuray whenthe rst row of sitesis failing. Otherwise,
the accurag reachedwas higherthan 90:00%

4) Comparisonwith ResultsReportedin the Literature:
We took the resultsproducedby our approachand com-
paredthem againstsomeresultsreportedin the literature,
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TABLE V
COMPARATIVE PERFORMANCE OF THE PROPOSED APPROACH

Method | WINE [ IRIS [ GLASS |  Statistical Test |

CORAL 96.04 | 95.33 68.09 10-cross-walidation
CTree 94.11 | 93.73 - 10-cross-alidation
QDA 99.40 - - Leave-one-out
LDA 98.90 - 59.70 Leave-one-out

GAP-sel | 97.20 | 94.70 70.10 None

GAP-par | 93.30 | 96.00 | 67.30 None
kNN 95.50 - 72.00 Leave-one-out

SSV 98.30 - - 10-cross-alidation
FSM 96.10 - - 10-cross-alidation

seetable V.Resultsreportedfor QDA, LDA, C4.5, kNN,

SSVandFSMtakenfrom [22]. Resultsfor GAP takenfrom

[23], where the numberof fuzzy rules was close to the
numberof classesResultsfor CTree are taken from [12].

Table V shaws that our results(rst row) comparewell

with alternatve approachesAlthough all of theseresults
were obtainedwith different statisticalvalidation methods
(leave-one-out, or 10-cross-alidation) or not statistical
validation,the valuesreportedhereare anindicative of the
performanceof the proposedapproach.

VI. CONCLUSIONS AND FUTURE WORK

We proposeda techniquefor classbinarizationbasedon
CoupledMap Latticesandfuzzy logic thatusesevolution of
fuzzy rulesasproof of conceptTheresultsindicatethatthe
performanceof the proposedapproach(CORAL) is better
than other binarizationschemesAlso, the performanceof
the classi er is into strongly affectedwhendifferentlevels
of failuresare introducedto the lattice.

Our future work will determinethe effect of introducing
chaosinto the CORAL classi er by varying the logistic
function parameter betweenl and 2. Also, we plan
to train the CORAL classi er in an on-line and partially
unsupervisednannerusingthe CORAL systemdynamics.
Our idea is to updatedeachsite of a CORAL classi er
with unlabeleddatasampleghatareclassi edonsuchsites.
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