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ABSTRACT

This paper proposes a fuzzy clustering model for fuzzy data with outliers. The model is based on Wasserstein
distance between interval valued data, which is generalized to fuzzy data. In addition, Keller s approach
is used to identify outliers and reduce their influences. The authors also define a transformation to change
the distance to the Euclidean distance. With the help of this approach, the problem of fuzzy clustering of
fuzzy data is reduced to fuzzy clustering of crisp data. In order to show the performance of the proposed
clustering algorithm, two simulation experiments are discussed.

INTRODUCTION

Clustering is a division of a given set of objects
into subgroups or clusters, so that objects in the
same cluster are as similar as possible, and objects
in different clusters are as dissimilar as possible.
Fromamachinelearning perspective, clustering is
an unsupervised learning of a hidden data concept
(Berkhin, 2002). In conventional (hard) cluster-
ing analysis, each datum belongs to exactly one
cluster, whereas in fuzzy clustering, data points
can belong to more than one cluster, and associated
with each datum is a set of membership degrees.
Fuzzy data are imprecise data obtained from
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measurements, human judgements or linguistic
assessments. In cluster analysis, when there is
simultaneous uncertainty in the partition and data,
a fuzzy clustering model for fuzzy data should be
applied (D’Urso & Giordani, 2006).

In recent literature, there are several works
regarding the fuzzy clustering of fuzzy data.
Hathaway et al. (1996) and Pedrycz et al. (1998)
introduced models that convert parametric or non-
parametric linguistic variables into generalized
coordinates before performing fuzzy c-means
clustering. Yang and Ko (1996) presented a fuzzy
k-numbers clustering model that uses a squared
distance between each pair of fuzzy numbers.
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Yang and Liu (1999) extended the Yang and Ko
(1996) work and proposed a fuzzy k-means clus-
tering model for conical fuzzy vectors. Yang et
al. (2004) proposed a fuzzy K-means clustering
model for handling both symbolic and fuzzy data.
Hung and Yang (2005) proposed an alternative
fuzzy k-numbers clustering model which is based
on exponential-type distance measure. D’Urso
and Giordani (2006) proposed a weighted fuzzy
c-means clustering model which considers fuzzy
data with a symmetric LR membership function.

In this paper, we first propose a new distance
measure for comparison of fuzzy data. On ac-
count of the fact that all the a-cuts of fuzzy data
are intervals, we obtain the distance between
two fuzzy data from the distances between their
o-cuts. To this purpose, a special case of Was-
serstein distance is utilized. The choice of a-cuts
is motivated by the fact that, fuzzy data with dif-
ferent shapes can be used. After introducing our
distance, we use it for fuzzy clustering of fuzzy
data. Moreover, with the help of Keller’s (2000)
approach, an additional weighting factor is added
for each datum to identify outliers and reduce
their effects. In other approach, by definition of a
transformation, triangular fuzzy data are changed
to crisp data. With this novel approach, after ap-
plying the transformation, any fuzzy clustering
model for crisp data can be used. Furthermore,
for determining the optimal number of clusters,
there is no need to define a cluster validity index
for fuzzy data. The ones existing in literature for
crisp data can be applied.

The rest of the paper is organized as follows.
First, the concept of LR-type fuzzy data is intro-
duced. Some related works regarding metrics for
fuzzy data are then reviewed. We propose a dis-
tance measure for ; L(1)=0 or (L(x) >0, Vz and
L( + o0) = 0)(Zimmerman,2001). Then, a fuzzy
number 4 is of LR-typeifforc, /> 0;7>01in R,
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L(C_m) for z <,

p)={ ! (1)

R(a:—c) for z > ¢,

r

where, ¢, [, r are the center, left and right spreads
of A4, respectively. Symbolically we can write A
=(c, I, 7).

In LR-type fuzzy numbers, the triangular
fuzzy numbers (TFNs) are most commonly used.
An LR-type fuzzy number A is called triangular
fuzzy number if L(x) = R(x) = 1 | x, characterized
by the following membership function:

1—(6;33) for x <e,
pa =1 ' @
1—( ) for z >ec.
r
RELATED WORKS

In the recent literature, there are some distance
measures for fuzzy data. We review some of them
in this section.

Definition 1. Considering two crisp sets A, B C
RX and a distance d(x, y) where, € A and y € B,
the Hausdorff distance is defined as follows:

d,(A,B)=
max {sup inf d(z,y),supinf d(z, y)}
zed YEB yeB zeA

According to the concept of a-cuts, the Haus-
dorff metric d,, can be generalized to fuzzy num-
bers F', G, where (F or G): R — [0, 1]:



10 more pages are available in the full version of this document, which may
be purchased using the "Add to Cart" button on the publisher's webpage:
www.igi-global.com/chapter/fuzzy-clustering-model-fuzzy-data/67480

Related Content

The Application of ICT in the Area of Value Co-Creation Mechanisms Support as a Determinant
of Innovation Activities

Dorota Jelonekand Iwona Chomiak-Orsa (2018). International Journal of Ambient Computing and
Intelligence (pp. 32-42).
www.irma-international.org/article/the-application-of-ict-in-the-area-of-value-co-creation-mechanisms-support-as-a-

determinant-of-innovation-activities/205574

A Particle Swarm Optimization Algorithm for Web Information Retrieval: A Novel Approach

Tarek Alloui, Imane Bousseboughand Allaoua Chaoui (2015). International Journal of Intelligent Information
Technologies (pp. 15-29).
www.irma-international.org/article/a-particle-swarm-optimization-algorithm-for-web-information-retrieval/139468

Harnessing the Power of Big Data: Enhancing Financial Forecasting and Analysis
Menka Sharma, Larisa Mistrean, Sanjay Taneja, Timilehin Olasojiand Sunaina Sardana (2026).
Intersecting Al, Neurofinance, and Behavioral Finance for Decision Making (pp. 121-140).
www.irma-international.org/chapter/harnessing-the-power-of-big-data/405825

Arabic Biomedical Community Question Answering Based on Contextualized Embeddings
Yassine El Adlouni, Noureddine En Nahnahi, Said Ouatik El Alaoui, Mohammed Meknassi, Horacio
Rodriguezand Nabil Alami (2021). International Journal of Intelligent Information Technologies (pp. 1-17).
www.irma-international.org/article/arabic-biomedical-community-question-answering-based-on-contextualized-
embeddings/286622

Visual Graphetics and Language Ideology: Typographic Design for the Greek-Cypriot Dialect
Aspasia Papadima (2016). International Journal of Signs and Semiotic Systems (pp. 35-51).
www.irma-international.org/article/visual-graphetics-and-language-ideology/185500



http://www.igi-global.com/chapter/fuzzy-clustering-model-fuzzy-data/67480
http://www.irma-international.org/article/the-application-of-ict-in-the-area-of-value-co-creation-mechanisms-support-as-a-determinant-of-innovation-activities/205574
http://www.irma-international.org/article/the-application-of-ict-in-the-area-of-value-co-creation-mechanisms-support-as-a-determinant-of-innovation-activities/205574
http://www.irma-international.org/article/a-particle-swarm-optimization-algorithm-for-web-information-retrieval/139468
http://www.irma-international.org/chapter/harnessing-the-power-of-big-data/405825
http://www.irma-international.org/article/arabic-biomedical-community-question-answering-based-on-contextualized-embeddings/286622
http://www.irma-international.org/article/arabic-biomedical-community-question-answering-based-on-contextualized-embeddings/286622
http://www.irma-international.org/article/visual-graphetics-and-language-ideology/185500

