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Abstract— The paper presents a class binarization that
combines fuzzy classifiers and coupled map lattices. First,
a classification problem is divided into several two-class
problems following a extended version of a fuzzy round
robin class binarization scheme; next, a fuzzy classifier is
generated using any machine learning technique for each twoclass problem (we use evolution of fuzzy rules in this paper);
finally, the generated fuzzy classifiers are integrated into a 2dimensional coupled map lattice. The answer of the classifier
to a sample is determined by the dynamics of the lattice when
it is initialized with the answers given by each fuzzy classifier.
Experiments are conducted with various publicly available
data sets.
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I. I NTRODUCTION
Classification is a supervised learning technique that
takes labeled data samples and generates a model (classifier) that classifies new data samples in different predefined
groups or classes [1]. Classification has been extensively
studied in machine learning and data mining [1], [2], [3],
and has received special attention of soft-computing techniques such as fuzzy Logic [4], [5], [6], neural networks [7],
[8], and evolutionary algorithms [9], [10], [11]. Due to high
interpretability of fuzzy rule based classifiers (FRBC) and
the ability of evolutionary algorithms (EA) in finding good
solutions, some research work has focused in developing
evolutionary techniques for generating FRBC [12], [13],
[9], [14], [6], [11].
Because several machine-learning techniques have been
designed for solving two-class classification problems, but
not for solving multi-class problems, some techniques
(class binarization techniques) have been developed for
transforming a multi-class problem into several two-class
problems [15]. For each of these two-class problems, a
classifier is trained using a specific learning mechanism,
for example a neural network or evolution of fuzzy rules.
Finally, those classifiers are combined following the applied
binarization scheme. Although used with relative success,
these techniques depend on the correct operation of each
of their two-class classifiers. If one of those two-classifiers

fails, the performance of the full classifier is highly affected.
The main purpose of the work presented in this paper
is to develop a fuzzy class binarization technique using
a coupled map lattices [16]. By using such coupled map
lattice structure we are increasing the robustness of the
classifier while increasing the performance achieved by the
classifier. Here, the answer of the classifier to a sample
is determined by the dynamics of the lattice when it is
initialized with the fuzzy classification given by each twoclass fuzzy classifier. This paper is divided in six sections.
Section 2 gives a simple overview of coupled map lattice
theory; Section 3 describes the current class binarization,
both crisp and fuzzy; Section 4 presents the proposed fuzzy
class binarization technique based on coupled map lattices;
Section 5 shows some experiments performed along with
the analysis of results. Section 6 draws some conclusions.
II. C OUPLED M AP L ATTICES
Coupled map lattice (CML) theory grew out of studies
on collective movements of coupled oscillators [16], [17].
A CML can be defined in any d-dimensional space (d =
1, 2, ..) but in this paper, we consider only 2-dimensional
CML of size N × M .
Definition 1: A 2-D Coupled Map Lattice is a 2dimensional lattice of size N ×M such that each site x(i, j)
evolves according to equation 1.
X
ε

x(i, j)t+1 = (1 − ε) f (xt (i, j))+
f (yt )
s Nx(i,j) y∈N
x(i,j)
(1)
where, Nx(i,j) is a collection of sites which defines
the neighborhood of site x(i, j), s Nx(i,j) indicates the
number of neighbors, f is a non-linear function that determines the coupling value of a site, and ε is a parameter
that determines the coupling level or spatial correlation
between sites. By varying the coupling parameter ε and
the structure of the neighborhood Nx(i,j) it is possible to
simulate systems that interact locally up to systems that
interact globally [17].
Several non-linear functions have been used into a CML.
In the following discussion we use the well-known logistic
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function:
f (x) = 1 − αx2

(2)

where, 0 ≤ α ≤ 2 is a suitable parameter that allows to
modify the dynamics of the system and introduce chaotic
behavior into the CML. In order to introduce chaos to the
CML, αshould be set to a value higher than 1.82.
III. F UZZY C LASS B INARIZATION
A class binarization technique transforms a multi-class
classification problem into several two-class classification
problems [15]. Basically, there are two fuzzy class binarization strategies: Unordered, and round robin.

Fig. 1. Neighborhood definition for a three-class classification problem.

IV. C LASSIFICATION USING C ELL O RGANIZED
R ECOGNITION AL GORITHMS (C ORAL )

CORAL combines both fuzzy unordered and fuzzy
round robin class binarization schemes in one binarization
A. Fuzzy Unordered Class Binarization
scheme. In this way, CORAL transforms a M-class problem
into M 2 two-class problems by defining two classifiers
Fuzzy unordered class binarization transforms an mclassif ieri,j for each pair of different classes hi, ji and one
classes problem into m two-class problems, where the iclassifier classif ieri for each different class. Every classith classifier that is generated using the samples of class
fier classif ieri,j is trained with only samples of class i and
i as negative samples and samples of the other classes
class j by considering class i as the negative class (class
(j=1..m, j6=i) as positive samples. A new sample is classij is consider the positive class). Therefore, CORAL trains
fied according to algorithm 1. We have successfully applied
a classifier classif ieri,j following the round robin trainthis binarization technique with a maximum defuzzyfication
ing strategy. Now, every classifier classif ieri is trained
technique in [12], [18], [19].
with samples of class i as negative and samples of other
classes as positive. Then, a classifier classif ieri is trained
Algorithm 1 Fuzzy Unordered Classification
following the unordered training strategy.
C LASSIFY( classif ier[1..m], sample )
Notice that, it is possible to organize the two-class clas1 winners = ∅
sifiers in a two dimensional lattice x, such that, x(i, j) =
2 for i = 1 to m do
classif ieri,j i 6= j and x(i, i) = classif ieri. Such lattice
3 winners = winners∪{ µnegative (classif ieri , sample) }has the following properties:
4 return D EFUZZY( winners )
• A classifier in row i considers class i as negative.
• A classifier in column j (exception done with the
diagonal element) considers class j as positive.
B. Fuzzy Round Robin Class Binarization
• A classifier in the diagonal position i considers class
i as negative.
Fuzzy round robin class binarization transforms an mm(m−1)
Therefore,
elements in the same row or in the same column
class problem into
two-class problems by defining
2
are
correlated.
Using these properties, it is possible to define
one classifier classif ieri,j for each pair of classes hi, ji.
the
neighborhood
of a site x(i, j) (two-class classifier) as
Each classifier is generated using only the samples of
follows
(equation
3):
the two corresponding classes. A new sample is classified
according to algorithm 2.
Nx(i,j) = {x(i, k)|k = 1, 2, .., M and k 6= j} ∪
(3)
Algorithm 2 Fuzzy round robin classification
{x(k, j)|k = 1, 2, .., M and k 6= i}
C LASSIFY( classif ier[1..m − 1][i + 1..m], sample )
Sites in the same row or column of a given site belong
1 for i = 1 to m do
to the neighborhood of such site. The size of the neigh2 vote[i] = 0
borhood is 2 (M − 1) where M is the number of classes.
3 for i = 1 to m − 1 do
Figure 1 shows the neighborhood definition for a three-class
4 for j = i + 1 to m do
classification problem.
5 vote[i] = vote[i] + µi (classif ier[i][j], sample)
In order to use this lattice for classifying a data sam6 return D EFUZZY( N ORMALIZE(vote) )
ple sample, some state concept and dynamics should be
associated to it. The state of a site x(i, j) on any time

t ≥ 0 indicates the confidence degree that such site has
on classifying the data sample into class i. The initial state
of site x(i, j) is defined as the membership degree of the
sample to class i generated by the classifier associated to
such site, see Equation 4:
x0 (i, j) =



µi,classif ieri (sample)
i=j
µi,classif ieri,j (sample) i =
6 j

DATA SET
IRIS
WINE
GLASS

CLASSES
3
3
6

(4)

DIM.
4
13
9

SAMPLES
150={50, 50, 50}
178={59, 71, 48}
214={70, 76, 17, 13, 9, 29}

TABLE II
F UZZY L OGIC O PERATORS

Now, the state of a site x(i, j) evolves on time according
to equation 5:
x (i, j) = (1 − ε) xt (i, j) +
t+1

TABLE I
T EST BED

ε
2(M −1) ∗

OPERATOR
Not
¬p
Average And
p∧q
Restricted Sum Or
p∨q

TRUTH-VALUE
¬p = 1 − p
p ∧ q = 2∗p∗q
p+q
p ∨ q = min {1, p + q}





M
M
 X

X


f (xt (i, k)) +
f (1.0 − xt (k, j))



 k = 1,

k = 1,
k 6= j
k=
6 i
(5)
where f (x) is the logistic function, see equation 2. We
divided the neighborhood in two groups, row-neighborhood
and column-neighborhood because the state of them is
considered different for the site in evolution: On one hand,
the state of a site of the row-neighborhood is used directly
because such site considers class i as negative, like site
x(i, j) ; On the other hand, the state of a site in the column
neighborhood is negated (fuzzy negation) because such site
considers class j as negative, opposite to the site x(i, j).
Finally, the classification of a data sample is determined by
a defuzzy operator that is applied to the state of the sites
in the diagonal after some number of iterations M AX of
the CML. Algorithm 3 shows the CORAL classification.
Algorithm 3 CORAL Classification Algorithm
C LASSIFY( classif ier[1..M ][1..M ], M AX, sample )
1 for i = 1 to M do
2 for j = 1 to M do
3
x[i][j] =F UZZY( classif ier[i][j], i, sample)
4 for i = 1 to M AX do
5 x =I TERATE CML( x )
6 for i = 1 to M do
7 vote[i] = x[i][i]
8 return D EFUZZY( N ORMALIZE(vote) )
V. E XPERIMENTATION
In order to test the proposed approach we used the
evolution of fuzzy rules proposed by Gomez et al in
[12] for evolving a fuzzy rule for each two-class classification problem generated with CORAL. Basically, the
evolutionary algorithm evolves a heap tree representing the
condition part of the fuzzy rule. A heap tree is a binary tree

that is filled completely on all the levels except possibly
the last level that is filled from left to right [20]. The
conclusion part is not encoded since only two-classes define
the classification problem and one rule is being generated
for discriminating the positive class [12]. A data sample is
classified as positive with the truth-value (TV) of the fuzzy
rule R and classified as negative with TV equal to the fuzzy
negation of the TV of R (1 − T V (R)).
A. Experimental Settings
Three benchmark data sets (publicly available), were
used as test bed. See table I. A ten folding cross-validation
was applied to each data set. In this way, the data set was
divided into 10 randomly selected groups. Each group was
used as testing data set of the classifier trained with the
additional 9 groups. The reported results are the average
over these 10 different tests.
For evolving the fuzzy rule associated with each twoclass problem we used the Simple Hybrid Adaptive Evolutionary Algorithm (SHAEA) proposed by Gomez et al.
[21]. The SHAEA approach adapts the genetic operator
probabilities at the same time it is finding the solution of
the problem. SHAEA was executed for 100 iterations using
100 individuals as population and variable length crossover,
single bit mutation, gene addition and gene deletion as
genetic operators. These operators are described by Gomez
et al in [12]. We used the fuzzy logic operators shown in
table II, and five fuzzy sets per attribute as shown in figure
2.
We used a coupling parameter of ε = 0.5 in order to
give more importance to the site than to its neighbors and
iterated the CORAL classifier 100 periods of time using
the logistic function with parameter α = 1.5.
B. Results and Analysis
Several performance metrics have been defined for determining the quality of a classifier. Most of them are summarized in a confusion matrix. A confusion matrix contains the

TABLE IV
P ERFORMANCE OF CORAL, F UZZY U NORDERED (FUB) AND F UZZY
R OUND R OBIN (FRRB).
CORAL
FUB
FRRB

Fig. 2.

Fixed Collection of Fuzzy Sets
TABLE III
C ONFUSION M ATRIX

ACTUAL
Positive
Negative

PREDICTED
Positive
Negative
PP
PN
NP
NN

classification performance (actual versus predicted class)
reached by a classifier system over a set of samples [1]. The
confusion matrix for a two-class (Negative and Positive)
classifier is shown in table III.
From the confusion matrix, several performance metrics
can be generated. One of the most important metric is
the accuracy, which determines the proportion of samples
classified correctly, see equation 6:
AC =

P P + NN
P P + P N + NP + NN

(6)

1) CORAL Dynamics: We took one of the 10 classifiers
generated for the WINE data set and plotted the state
through the time of the classifier sites when a data sample
was presented to such classifier. We selected three data
samples, one per each class, with the condition that they
were not used in the training process. Figure 3 shows the
evolution of the state for sites x(1, 1), x(2, 1), and x(3, 1)
of the CORAL classifier. We observed similar behavior for
sites x(1, 2), x(2, 2), and x(3, 2); and x(1, 3), x(2, 3), and
x(3, 3), respectively.
Since the logistic function is not introducing chaos to
the CML, the state of a site has a non-chaotic behavior
with a two-state limit orbit. This behavior indicates that
CORAL is able to reach a stable condition. As expected,
one of these states is approximated when CORAL executes
an even number of iterations while the other state is
approximated when CORAL executes an odd number of
iterations. Similar behavior was observed for the two data
samples belonging to class 2 and class 3. Figure 4 shows
the separated evolution of the limit orbit states for each
diagonal site and each of the three data samples used.
Figure 4 shows that CORAL classifier should be allowed

IRIS
95.33
96.00
94.66

WINE
96.04
94.31
95.49

GLASS
68.09
61.17
60.02

to execute an even number of iterations in order to obtain
an optimal classification rate. As shown, CORAL does not
requires many iterations in order to reach a good classification performance: around 20 iterations the performance
is close to optimum.
2) Comparing CORAL against Fuzzy Round Robin and
Fuzzy Unordered Binarization Schemes: Table IV shows
the performance (accuracy) reached by using CORAL
after 20 iterations, Fuzzy Unordered binarization (FUB)
and Fuzzy Round Robin Binarization (FRRB). In general,
CORAL performs better than FUB and FRRB for these
data sets.
3) Robustness: In order to determine the robustness of
the proposed approach, different level of damage were
introduced into the classifier generated by CORAL for
the WINE data set. We simulate the failure of a site by
initializing it with the value 0.5 instead of using the fuzzy
classifier associated to the site. In this way, a site x(i, j) is
considered failing when its associated classifier is not able
to determine the class of any data sample.
We simulated the CORAL classifier when a single site
was failing: (1,1), (2,2), (3,3), and (2,1). Figure 5.a shows
the evolution of the average performance reached by the
failing CORAL classifiers.
As expected the performance of the classifier is not
strongly affected when one site is failing. In some cases, the
performance of the classifier is the same or better than the
original classifier. Moreover, the worst performance reached
by these classifiers after 20 iterations was 94.72 (failing site
: (2,1)).
Also, we determine the performance of the CORAL
classifier when different groups of three sites are failing:
diagonal sites, same row sites, same column sites and
sites (1,2), (2,3) and (3,1). Figures 5.b and 5.c show the
evolution of the average performance reached by these
failing CORAL classifiers.
Again, CORAL is able to perform well when the amount
of damage introduced is 33.3%. The worst performance
reached by CORAL after 20 iterations was 85.88% of
accuracy when the first row of sites is failing. Otherwise,
the accuracy reached was higher than 90.00%.
4) Comparison with Results Reported in the Literature:
We took the results produced by our approach and compared them against some results reported in the literature,
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CORAL Dynamics for a data sample belonging to class 1 in the WINE data set.
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and 3 respectively).
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Fig. 5. Evolution of the accuracy of CORAL when 3 sites are failing. (a) none site failing, (b) Failing diagonal and rows, (c) Failing columns and
sites {(1,2), (2,3), (3,1)}

TABLE V
C OMPARATIVE PERFORMANCE OF THE PROPOSED APPROACH
Method
CORAL
CTree
QDA
LDA
GAP-sel
GAP-par
kNN
SSV
FSM

WINE
96.04
94.11
99.40
98.90
97.20
93.30
95.50
98.30
96.10

IRIS
95.33
93.73
94.70
96.00
-

GLASS
68.09
59.70
70.10
67.30
72.00
-

Statistical Test
10-cross-validation
10-cross-validation
Leave-one-out
Leave-one-out
None
None
Leave-one-out
10-cross-validation
10-cross-validation

see table V.Results reported for QDA, LDA, C4.5, kNN,
SSV and FSM taken from [22]. Results for GAP taken from
[23], where the number of fuzzy rules was close to the
number of classes. Results for CTree are taken from [12].
Table V shows that our results (first row) compare well
with alternative approaches. Although all of these results
were obtained with different statistical validation methods
(leave-one-out, or 10-cross-validation) or not statistical
validation, the values reported here are an indicative of the
performance of the proposed approach.
VI. C ONCLUSIONS

AND

F UTURE W ORK

We proposed a technique for class binarization based on
Coupled Map Lattices and fuzzy logic that uses evolution of
fuzzy rules as proof of concept. The results indicate that the
performance of the proposed approach (CORAL) is better
than other binarization schemes. Also, the performance of
the classifier is into strongly affected when different levels
of failures are introduced to the lattice.
Our future work will determine the effect of introducing
chaos into the CORAL classifier by varying the logistic
function parameter α between 1 and 2. Also, we plan
to train the CORAL classifier in an on-line and partially
unsupervised manner using the CORAL system dynamics.
Our idea is to updated each site of a CORAL classifier
with unlabeled data samples that are classified on such sites.
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