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1 Introduction

Classification of various data, structures or objects is one of the essential problems in number of
different research fields. The research presented in this paper is motivated by possibilities of using
fuzzy equivalence relations to classify the data into the specific classes. We use the properties
of intuitionistic fuzzy relations and we apply them in order to construct the intuitionistic fuzzy
equivalence relations on real data. During construction of such relations, we encountered some
problems, which are mentioned in the following parts of this paper.
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2 Preliminaries

Fuzzy sets were introduced by professor Lotfi A. Zadeh in 1965 [21]. Later as a natural extension
of fuzzy sets, intuitionistic fuzzy sets (shortly IFSs) were introduced by Krassimir Atanassov
[2]. Since then, many new properties and applications of this mathematical structures have
been designed and implemented. In this section we define the mathematical functions and their
properties which are used in this paper.

2.1 Fuzzy sets
Definition 2.1. Let X be the universe. A set A is called a fuzzy set, if it holds

A= {{z, pa(x))lz € X},

where j14 : X — [0, 1]. Function i is called the membership function of fuzzy set A.

Definition 2.2. Let X = {x1,22,...,x,} and Y = {y1, Y2, ..., Ym} be the finite sets. Then fuzzy
relation R between the sets X and Y is defined by the fuzzy relation matrix

MR(%,.%) MR($17?J2) NR($17ym)
R: . . . .

/LR(xn7y1) MR('T’VHyQ) B ﬂR(‘/E’rwym)
Then ug: X xY — [0,1].

Definition 2.3. Let X,Y, Z be finite sets. Suppose that R is a fuzzy relation on the Cartesian
product X XY, S is a fuzzy relation on the Cartesian product Y x Z and T is a fuzzy relation
on the Cartesian product X X Z. Then the max — min composition of fuzzy relations R and S is
defined by the following way

MT(xv Z) = Sug min(uR(xa y)7 HS(y7 Z))
ye

We will shortly write
T =RoS.

Remark 1. There are special operations defined on fuzzy sets—t-norms and t-conorms, which
are used to define various types of intersections and unions on fuzzy sets. The most used t-norm
is minimum t-norm. By using this t-norm the intersection of two fuzzy sets is also the fuzzy set,
which is equal to the minimum of the membership functions of input fuzzy sets at each point.
In addition, t-norms and t-conorms are used to define various types of compositions of fuzzy
relations (see for example [16]).

Remark 2. In this paper we will use one more type of composition of fuzzy relations, so called
min — max composition. Such composition P is defined for fuzzy relations R and S' as follows

pp(z,z) = inf max(ur(z,y), sy, z)).
yey

We will shortly write
P=RoS.
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Definition 2.4. Ler X = {x1,xs,...,2,} be a finite set and let R be the fuzzy relation on
Cartesian product X x X. If fuzzy relation R satisfied the properties of

o reflexivity, i.e., ur(x;,x;) = 1 holds for each z; € X,
o symmetry, i.e., jig(z;,x;) = pr(x;, x;) holds for each v;, x; € X,
o transitivity, i.e., min[ugr(x;, ), pr(z;, x)] < pr(x;, x) holds for each x;, x;, ky € X,

then R is called fuzzy equivalence relation. If fuzzy relation R satisfied the properties of reflexivity
and symmetry, then R is called fuzzy tolerance relation.

Remark 3. In general, to determine transitivity, any t-norm can be used, and therefore the term
t-transitivity is generally used.

While verification of the first two conditions is simple, further verification of the third condition
is not. If for some fuzzy relation reflexivity holds, then all diagonal elements of its matrix are
equal to 1. If some fuzzy relation is symmetric, then for its matrix R = R’ holds, where RT
is a transposition of the matrix R. If we have fuzzy tolerance relation and we need to verify
the transitivity of this relation, we should use properties resulting from the following Theorem
(see [16]):

Theorem 1. Let X = {x,2,,...,2,} be a finite set, let R be the fuzzy tolerance relation on
Cartesian product X x X and let o represent the max — min composition of two fuzzy relations.
Let us denote R? = Ro R and R* = R*"! o R. Then if

Rk’ — Rk—l
then the fuzzy relation R*~! is the fuzzy equivalence relation.

Remark 4. Let 1 be the fuzzy tolerance relation on Cartesian product X x X. From the previous
Theorem it follows

e If R? = R, then relation R satisfied the property of transitivity and therefore R is the fuzzy
equivalence relation.

e If R? # R, then relation R does not satisfy the property of transitivity. But if we need to
generate the fuzzy equivalence relation from the relation R, we should use the max — min
composition of this relation with itself. After the finite number of steps we obtain the fuzzy
equivalence relation. In addition, it was proved that the number of steps is always smaller
or at most equal to the dimension n of the matrix R.

One of the ways to use the fuzzy equivalence relations is to use them for the classification of
the data. From mathematical point of view, classification is equivalent to the decomposition of
the set. For this purpose we define some more structures.

Definition 2.5. Let X be a set and let A1, A,, ... A; be the system of crisp nonempty sets. Then
the system of sets A1, As, ... A is called the decomposition of a set X, if the following properties

are satisfied:
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There is the relationship between the relation of equivalence and the decomposition of a set,
as mentioned in following Theorem (see [16]).

Theorem 2. Let X be a finite set and let R be the equivalence relation defined on X. Each
decomposition of the set X defines the equivalence relation and on the other side, each equivalence
relation defines the decomposition of the set X.

Definition 2.6. Let X be a set and let o € [0, 1]. Then the a-cut of fuzzy set A is defined as the
set with the following property:

A ={z € X, pa(w) = a}.

In the next example we present decomposition of the set X with the use of fuzzy equivalence
relation.

Example 1. Let X = {x, 29, x3, 24} be a set and let R be the fuzzy equivalence relation defined
on X by the following matrix

1 03 09 09
03 1 03 0.3
09 03 1 1
09 03 1 1

Let a = 0.9. Then we could construct binary matrix R(*%) from matrix R by using the value « in
the following way

1011
posy_ |0 100
1011
1011

From the binary matrix R(*?) we get the following decomposition of the set X

A9 — {H{@1, 23, 24}, {w2}}.

By choosing different values of o we can get different decompositions of the set X. In this
example we get three different decompositions of the set X

-’4(1) = {{1’1}, {mQ}a {fL’g,ZL‘4}}, A(O.g) = {{x2}a {IL‘l,ZE37ZL’4}}, A(Olg) = {{I17$2,$3,$4}}.

These decompositions of the set X could be shown by dendrogram (see Figure 1). It is well know,
that by choosing different values of «, one could get different number of sets, which represent the
clusters of classifications. In this paper we will use this idea.
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Figure 1. Dendrogram related to the Example 1

2.2 Intuitionistic fuzzy sets

Remark 5. In the rest of the paper the properties of intuitionistic fuzzy set will be used. Therefore
in some of the following parts of the paper notations similar to the Section 2.1 will be used.

Definition 2.7. Let X be the universe. An intuitionistic fuzzy set A is a set
A= {(z, pa(x),va(z))|z € X}
of the functions py : X — [0,1],v4 : X — [0, 1] such that
0 < pa(z)+valx) <1

Function 4 is called the membership function and function v, is called the non-membership

function. F denotes the family of all intuitionistic fuzzy sets (shortly IFSs).

Definition 2.8. Let A = (pua,va), B = (up, vp) be intuitionistic fuzzy sets. Then it holds

A =B <= (ua=pup) & (va =vp),
A< B <= (pa < pp) & (va = vp),
ANB = ((uaAps), (vaVvs)),
AN/ B = ((uaV pp), (vaAvp)).

In addition
(0,1) <A< (1,0),

which means, that element (0, 1) is the smallest element and element (1,0) is the greatest element

of the set F.

Remark 6. In this text operations A and V represent operations min and max respectively. In
general any t-norm and t-conorm could be used instead of these operations.

Definition 2.9. Let R = (7; j)xm be a matrix. If all elements of matrix R belong to F, then R is

called an intuitionistic fuzzy matrix.
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It is obvious, that intuitionistic fuzzy matrix 2 represents the intuitionistic fuzzy relation
between two sets, for example X and Y. In the following text we will work with the intuitionistic
fuzzy relations defined on the Cartesian product X x X exclusively.

Definition 2.10. Let X = {z1,xs, ..., x,} be a finite set. An intuitionistic fuzzy relation R on X
is called

o reflexive, iff R(x;,x;) = (1,0) holds for each x; € X,
o symmetric, iff R(z;,x;) = R(x;, ;) holds for each x;,x; € X,

o transitive, iff sup min|R(z;, z;), R(z;, vx)] < R(x;, xy) holds for each x;, x;, k, € X.
T ex

Definition 2.11. Let X be a finite set and let R be the intuitionistic fuzzy relation on X. If
intuitionistic fuzzy relation R is reflexive, symmetric and transitive, then R is called intuitionistic
fuzzy equivalence relation. If intuitionistic fuzzy relation R satisfies the properties of reflexivity
and symmetry, then R is called intuitionistic fuzzy tolerance relation.

Definition 2.12. The intuitionistic fuzzy relation matrix R could be written using two matrices
R = [R,, R,|. Then the first matrix R,, contains the membership degrees of elements of Cartesian
product X x X and the second matrix R, contains the non-membership degrees of elements of
Cartesian product X x X.

Definition 2.13. Let X be a finite set and let R = [R,,, R,], S = [S,,, S, and T = [T},,T,] be the
intuitionistic fuzzy relations on X. Let o represent the max — min composition and let ¢ represent
the min — max composition of two fuzzy relations. Then the max — min composition (denoted by
%) of intuitionistic fuzzy relations R and S is defined in the following way

T=R%S=[R,085,,R,05,.

Theorem 3. Let X be a finite set, let R be the intuitionistic fuzzy tolerance relation on X and let
x represent the max — min composition of two intuitionistic fuzzy relations. Denote R?> = R R

and R* = RF! « R. Then if
Rk — Rk—l
then the intuitionistic fuzzy relation R*~! is the intuitionistic fuzzy equivalence relation.

Similar conclusion as in Remark 4 holds for this Theorem as well.

Definition 2.14. (see [2]) Let X be a finite set and let (o, 3) € F. Then («, [3)-cut of the
intuitionistic fuzzy set A is given by the following formula

AP =z € X, pa(x) > a,va(x) < 8}

Definition 2.15. (see [6]) Let X be a finite set and let R be the intuitionistic fuzzy equivalence
relation on X. Let a be any element of X. Then the IFS defined by

all = {(z, (apr)(2), (avg)(2))|r € X}
where
(apr)(x) = pra,x) and (avg)(z) = vr(a, )

for each x € X, is called an intuitionistic fuzzy equivalence class of a with respect to R.
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Theorem 4. (see [6]) Let X be a finite set and let R be the intuitionistic fuzzy equivalence relation
on X. Let a be any element of X. Then for any («, 5) € F the IFS defined by

R*?(a) = [a]
is the equivalence class of a with respect to the intuitionistic fuzzy equivalence relation R(®*).

Theorem 5. (see [6]) Let X be a finite set and let R be the intuitionistic fuzzy equivalence relation
on X. Let a,b be any element of X. [a] = [b] denotes the equivalence classes of a and b with
respect to the intuitionistic fuzzy equivalence relation R(*#). Then

[a] = [b] iff (a,b) € R©@P),

3 Processing of the data

Based on the properties mentioned in the previous section, it is clear that intuitionistic fuzzy sets
could be used to classify real data. At the same time several questions arise. For example, do
we get different results by using fuzzy relations and intuitionistic fuzzy relations? If we have
an intuitionistic fuzzy tolerance relation R = [R,, R,| based on known data and we want to
create the intuitionistic fuzzy equivalence relation with the use of max — min composition x of
relation R with itself, is the number of required compositions of the matrix 17, with itself and the
number of required compositions of the matrix R, with itself, the same number? For answering
these questions, author decided to use the data from their previous works. In the first part of
this section, part of data from tire tread image database are processed. In the second part of the
presented paper, the data from InterCriteria Analysis will be processed. We also offer discussion
related to obtained results.

3.1 Processing of the data from tire tread image database

There are many real word problems, in which the classification of the objects into some specific
classes is needed. This type of classification problem was used in the building of the database
of tire tread prints which contains images of tire treads downloaded from various web pages
([18]). This set is comprised of images with different positions of tires. Therefore it is important
to process the images in such way that the best possible position of tire tread sample will be
obtained. On the behalf of this idea there was created number of methods (see [11-13, 19]) of
classifying images into the chosen number of classes. In this part of the paper we use the results
of classification of the images on the basis of intuitionistic fuzzy sets and we apply the conditions
of intuitionistic fuzzy equivalence relations to obtain new results.

For pre-processing of the images we developed the specific algorithm (see [11]). After using
this algorithm each image is represented by 16 coordinate vector. To calculate the value of
membership and non-membership function of each coordinate of the image vector we used the
procedure that was described in the paper [9]. Now each image is described by two 16 coordinate
vectors (vector with its membership degrees and vector with its non-membership degrees).
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We need to classify images into seven classes. For each of these seven classes we choose so
called templates. Template images represent their classes. Three images from each class were
selected as the templates. Therefore, we used 21 template images. To build the database of
templates we used the same approach as mentioned in the paper [11]. The idea is to take any
new image from the tire tread database and determine the intuitionistic fuzzy equivalence relation
between this image and the template database. Then by using («, 5)-cuts of the created relation,
we classify new image into the specific class.

During the processing of the data we realized that the greatest problem of this idea is method
of calculation of the intuitionistic fuzzy relation elements. To describe the different types of
intuitionistic fuzzy relation element construction and to discuss the specific problems related to
these approaches, one of the images from the tire image database was randomly chosen. In this
part of the paper we present some approaches that we used.

e In the paper [16] the way of calculation of the elements of fuzzy relation from the data
represented by vectors was presented. Author used the cosine based similarity measure to
calculate the similarity between each two vectors. The created matrix represents the fuzzy
relation, which is reflexive and symmetric, but not transitive. We wanted to use the similar
approach. We took 22 vectors which describe the membership part of all 22 images and we
created the matrix of type 22 x 22 with the use of cosine based similarity measure. This way
we obtained the fuzzy relation R,. In the next step we took 22 vectors which describe the
non-membership part of all 22 images and we create the matrix of type 22 x 22 wit the use
of cosine based similarity measure. Then we compute the elements of the fuzzy relation 7,
as 1 — “calculated values”. It is obvious, that the created relation R = [R,,, R, ] is reflexive
and symmetric. To verify the obtained results, we compute matrix R = R, ® R, where
¢ represents the classical matrix summation and we found out, that some elements of the
matrix R are greater than 1. Therefore created matrix R = [R,,, R, does not represent the
intuitionistic fuzzy relation.

e In the next step we try to use idea of cosine based similarity measure in another way. Since
the formula sin®(z) 4 cos?(z) = 1 is well known, we modified the elements of relations R,
and R, from previous point to satisfy the mentioned formula. We could conclude that the
results similar to the previous point were obtained. The verification matrix R = R,® R,
contains some elements greater then 1.

To construct the intuitionistic fuzzy relations between the image vectors, we decided to use
another type of (fuzzy) similarity and distance measures. Some results are listed below.

If we take 22 vectors (the membership part vectors and in the next step the non-membership
part vectors) and as an example we compute the pairwise Euclidean distance between them, we
get the matrix which also contains the values greater then 1. Therefore we need to normalize
these elements into the interval [0, 1]. After the normalization we need to modify one of the
matrices E’u, Rl, into the correct form. For example, if we use some of the similarity measures,
then we get Ru(xi, x;) = 1 and also }?il,(xi, x;) = 1. Therefore we need to modify the values
of elements of non-membership matrix. In this situation we used the formulas R, = }A%M and
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R,=1-R,. By using this procedure we obtain the matrices for which holds that each element
of the matrix R = R, & R, is equal to 1.

Then we compose matrix 17, with itself and also matrix R, with itself. When using various
images from described dataset as inputs, the number of compositions of the relation 1, with
itself and the number of compositions of the relation R, with itself is equal. Furthermore, output
from created equivalence relations 7, and R, were equivalent dendrograms. Therefore it is not
necessary to use intuitionistic fuzzy relations, since they are equal to fuzzy relations.

3.2 Processing of the data from InterCriteria Analysis

InterCriteria Analysis (shortly ICA) is a mathematical method that has been developed in Bulgaria
in 2014 (see [4]) with the aim to support decision making in multiobject multicriteria problems,
using the paradigms of intuitionistic fuzzy sets and index matrices. In the original formulation
of the problem, part of the criteria in an industrial multicriteria decision making problem exhibit
high complexity and cost of the measurement. In [4] authors designed and implemented a method
which identifies existence of strong enough correlations between cost unfavorable criteria and the
rest of the criteria with high enough precision. In ICA, the terminology ‘“positive / negative
consonance” or “dissonance” is used.

As input data of ICA a two-dimensional table with the measurements or evaluations of m
objects against n criteria is required. This method returns an n X n matrix with intuitionistic
fuzzy pairs, defining the degrees of consonance between each pair of criteria. The essence of the
method is in the exhaustive pairwise comparison of the values of the measurements of all objects
in the set against pairs of criteria, with all possible pairs being traversed, while counters being
maintained for the percentage of the cases when the relations between the pairs of evaluations
have been ‘greater than’, ‘less than’ or ‘equal’. In these days ICA is used not just for comparison
of criteria, but also for optimization of parameters (see [1,8,15,17]) and it was applied in number
of areas of life (see [7, 10, 14,20, 22)).

In this part of the paper the data, which were presented in [5] are used. By using ICA, the
relation R = [R,,, R, | was obtained. The computed matrices R, and R, are presented on Figure 2
and Figure 3. This example was chosen on the basis of small number of criteria — 12 criteria were
used, while there were some elements of the relation 12 for which the sum of membership and
non-membership degree is less then 1.
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Figure 3. Non-membership part of intuitionistic fuzzy relation

The matrices R, and R, represent the intuitionistic fuzzy relations, which are reflexive and
symmetric. Therefore in the first step we compose these matrices with themselves to find out if
they are transitive. The result was that these matrices are not transitive. To satisfy the equality
RZ = Rﬁ_l siX max — min compositions of the matrix R, with itself were needed. Similarly, to

satisfy the equality R*
needed.

In the next step we compare the dendrograms of the equivalence relations Rl’j_l and RE-L.
The results can be seen on the Figure 4. As it follows from this Figure, the dendrograms are not

the same.
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Figure 4. Dendrograms of membership and non-membership part of intuitionistic fuzzy relation

Depending on the problem which is being solved, one could deduce interesting conclusions.
When classifying data with the use of fuzzy equivalence relation there is possibility of classifying
an object to more then one class with the same degree. In such case, one could use intuitionistic
fuzzy equivalence relation, since the non-membership part of this relation could help with the
classification of the object to one specific class.

The paper [5] posed the question about choosing the criteria triples, which are in the strongest
consonance. From the membership part of intuitionistic fuzzy equivalence relation (Figure 4,
left) it is obvious that the criteria 11 and 12 are in the strongest consonance. The nearest criteria
to the criteria 11 and 12 are criteria 1, 9 and 6. From the non-membership part of intuitionistic
fuzzy equivalence relation (Figure 4, right) it is also obvious, that the criteria 11 and 12 are in
the strongest consonance. The nearest criteria to the criteria 11 and 12 are criteria 4 and 5 and
then criteria 1, 6, 7 and 9. From this observation we could conclude that the non-membership
part of intuitionistic fuzzy equivalence relation could improve the evaluation of mutual relations
of considered criteria.

4 Conclusions

In this paper, the properties of intuitionistic fuzzy equivalence relations were applied on real
data. We pointed out the problems that may occur when processing such data with the use of
intuitionistic fuzzy relations. We present the situation where there is not any difference between
use of fuzzy relations and intuitionistic fuzzy relations. We also show an example, where the
obtained results are different.

In future work, we would like to pre-process the data of tire tread images in different ways,
so that we could use the advantages of intuitionistic fuzzy relations on these data. We would like
to look deeper into the relationship between triples of criteria which follow from the obtained
dendrograms (Figure 4).
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