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Abstract

In this paper we introduce a fuzzy approach for
image retrieval based on color features. Our
method deals with two problems related to im-
precision: the vagueness in the color description
and the representation of fuzzy data in database
models. To face the first problem, the concept
of dominant fuzzy color is introduced to describe
the image, using linguistic labels for represent-
ing the color information in terms of hue, satu-
ration and intensity as humans do. To deal with
fuzzy data in our database model, we use a general
approach which can support the manipulation of
fuzzy objects in an object-relational database sys-
tem. This allows the retrieval of images by per-
forming flexible queries on the database.

Keywords: Image retrieval, fuzzy color descrip-
tor, fuzzy databases.

1 Introduction

The recent emerging of large image databases
has motivated an increment of the research about
techniques for storing, indexing and retrieving vi-
sual information. Many practical applications,
such as picture archiving, medical databases man-
agement or multimedia search engines on the
Web, make this research field grow in an impres-
sive way [1].

The first approaches to image retrieval were based
on captions and textual descriptors collected by
humans. Nowadays, the image retrieval systems
improve the textual-based ones by means of fea-
tures, such as color, texture or shape, which are

automatically extracted from images [4]. In this
sense, a very important point to take into account
is the imprecision in the feature descriptions, as
well as the store and retrieval of that imprecise
data. To deal with this vagueness, some interest-
ing approaches introduce the use of fuzzy logic in
the feature representation, as well as in the re-
trieval process [5, 8, 9]. These fuzzy approaches
also allow to perform queries on the basis of lin-
guistic terms, avoiding one of the drawbacks of
the classical image retrieval systems, where the
queries have to be defined on the basis of images
or sketches similar to the one we are searching for.

In this paper, images will be described in terms of
their colors; concretely, a representation based on
dominant colors, corresponding to the most rep-
resentative colors in the image, will be used. To
deal with the problem of imprecision, novel def-
initions of fuzzy color and fuzzy HSI color space
will be introduced to describe the dominant col-
ors in terms of linguistic labels. Each label will
be related to concepts used by humans in the per-
ception of colors (hue, saturation and intensity),
allowing for queries in terms of color components.

On the other hand, we introduce an efficient so-
lution to store, index and retrieve fuzzy data (in
our case, dominant fuzzy colors). From the wide
variety of proposals for fuzzy data handling in
databases, we propose to use the Fuzzy Object-
Relational Database Systems (FORDBMS) model
introduced in [2]. This model evolves classic fuzzy
databases models to incorporate object-oriented
features for a powerful representation and han-
dling of data, fuzzy or not. This paper shows
how this FORDBMS is suitable for easy image
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representation and retrieval, using the fuzzy de-
scriptors obtained by means of the algorithm also
presented in this paper.

The rest of the paper is organized as follows. Sec-
tion 2 defines the dominant fuzzy color descrip-
tor and section 3 introduces the fuzzy object-
relational database system used to store and re-
trieve the fuzzy data. Examples of queries are
presented in section 4 and, finally, the main con-
clusions and future works are summarized in sec-
tion 5.

2 Dominant fuzzy color descriptor

In this section a methodology to extract domi-
nant fuzzy colors from images is presented. The
problem is solved in two stage: firstly, the domi-
nant colors are extracted using a crisp approach
(section 2.2); then, each color obtained in the pre-
vious stage is represented on the basis of a fuzzy
color space (section 2.3). The color space used is
presented in section 2.1

2.1 Color space

Although the RGB is the most used model to ac-
quire digital images, it is well known that it is not
adequate for colour image analysis. Instead, other
colour spaces based on human perception (HSI,
HSV or HSL) seem to be a better choice for this
purpose [3]. In these spaces, hue (H) represents
the colour tone (for example, red or blue), satu-
ration (S) is the amount of colour (for example,
bright red or pale red) and the third component
(called intensity, value or lightness) is the amount
of light (it allows the distinction between a dark
colour and a light colour).

In this paper, the HSI colour space will be used.
Geometrically, it is represented as a cone, in which
the axis of the cone is the grey scale progression
from black to white, distance from the central axis
is the saturation, and the direction is the hue (fig-
ure 1).

However, the HSI representation has two well
known problems: the imprecision of the hue when
the intensity or the saturation are small, and
the non-representativity of saturation under low
levels of intensity. An often practical solution

Figure 1: HSI colour space

to solve this problem in crisp approaches is to
perform a partition of the color space based on
the chromaticity degree of each point. Following
this idea, here we propose to split the HSI space
into three regions: chromatic, semi-chromatic and
achromatic (figure 1) on the basis of thresholds TI

and TS on the components I and S respectively.
A color c = [h, s, i] will be achromatic if i ≤ TI

(black zone in figure 1), semi-chromatic if i > TI

and s ≤ TS (grey zone in figure 1), and chromatic
if i > TI and s > TS (white zone in figure 1). In
this paper, the thresholds have been fixed empir-
ically to TI = MAXI/5 and TS = 1/5. Let us re-
mark that another solution to this problem, based
on a fuzzy approach, will be introduced later in
this paper.

The imprecision problem described above has to
be taken into account when we define a distance
in the HSI space. This distance between two color
stimuli c1 = [h1, s1, i1] and c2 = [h2, s2, i2] can be
defined on the basis of the differences between its
components:

4H(c1, c2) =

{ |h1−h2|
π if |h1 − h2| ≤ π

2π−|h1−h2|
π otherwise

4S(c1, c2) = |s1 − s2|
4I(c1, c2) = |i1−i2|

MAXI
(1)

Let us remark that 4H ,4S ,4I ∈ [0, 1]. Based
on the previous distances, the equation 3 will be
used to measure the difference between colours
(for the sake of simplicity, we have removed the
parameters (c1, c2) in the notation 4H , 4S and
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4I). Notice that 4C(c1, c2) ∈ [0, 1].

To calculate the HSI values from the RGB coor-
dinates, the following transform is applied:

H = arctan
(√

3(G+B)
2R−G−B

)

S = 1− min {R, G, B}/ I
I = (R + G + B)/ 3

(2)

2.2 Dominant crisp color extraction

Dominant colors provide a powerful tool for de-
scribing the representative colors in an image, al-
lowing for efficient indexing of large databases.
Many crisp approaches to dominant color extrac-
tion have been proposed in the literature, for ex-
ample those based on histogram analysis or clus-
tering techniques [3].

In this paper we will perform a clustering ap-
proach using the Batchelor&Wilking algorithm
[6], where the number of clusters is unknown a pri-
ori. To face the problem of imprecision in the HSI
color space, we propose to perform the clustering
procedure separately for the chromatic, semichro-
matic and achromatic areas. Thus, for each zone,
the clustering method is initialized with one clus-
ter consisting of all pixels and then an iterative
split procedure is performed until a stopping cri-
terion is met. This stopping criterion is based on a
parameter θ ∈ [0, 1] related to the maximum dis-
tance to be achieved between points within each
cluster (in this paper we have fixed θ = 0.3).
To measure the distance between points, equa-
tion (3) is used. As results, we obtain a set of
N = Nc + Ns + Na clusters (with Nc, Ns and Na

being the number of clusters generated for the
chromatic, semichromatic and achromatic areas
respectively) where the centroid of each cluster,
calculated as the mean value, defines a dominant
color. To avoid noisy or less relevant colors, we
will discard those clusters with a number of points
less than a threshold Td (which in this paper has
been fixed to the 2% of the image size). In the
following, the set of dominant colors will be noted
as DCS, with

DCS = {dc1,dc2, . . . ,dcN} (4)

and dck = [hk, sk, ik] being a dominant crisp color
represented in the HSI color space.

2.3 Fuzzy color based representation of
dominant colors

Given a dominant color, the next step is to rep-
resent it on the basis of a set of linguistic la-
bels corresponding to fuzzy sets. Thus, given a
color fuzzy set, which is three-dimensional, it will
have associated a label related to the perception
of that color (for example, the label ”light pale
red”, which give us information about the inten-
sity, saturation and hue of the color). Let us re-
mark that the use of fuzzy sets, and the associated
linguistic labels, allows to represent the dominant
colors in the same way that humans do, that is,
using concepts like hue, saturation, and intensity.

2.3.1 Fuzzy HSI color space

We introduce the following definitions:

Definition 1 A fuzzy HSI color C̃ is a linguistic
label whose semantics is represented by a fuzzy
subset of [0, 2π]× [0, 1]× {0, . . . , 255}.

Definition 2 A fuzzy HSI color space H̃SI is a
set of fuzzy HSI colors that define a partition of
[0, 2π]× [0, 1]× {0, . . . , 255}.

One very convenient way of defining and repre-
senting a fuzzy HSI color space is to employ a
fuzzy hue space, a fuzzy saturation space and a
fuzzy intensity space, consisting of fuzzy hues,
fuzzy saturations and fuzzy intensities, respec-
tively. We introduce these concepts in the fol-
lowing definitions:

Definition 3 A fuzzy hue (resp. saturation, in-
tensity) is a linguistic label whose semantics is
represented by a fuzzy subset of [0, 2π] (resp.
[0, 1], {0, . . . , 255}).

Definition 4 A fuzzy hue (resp. saturation, in-
tensity) space is a set of fuzzy hues (resp. satura-
tions, intensities) that define a partition of [0, 2π]
(resp. [0, 1], {0, . . . , 255}).

By using these concepts, a fuzzy HSI color C̃ can
be defined and represented in practice by a triple
[C̃H , C̃S , C̃I ], where C̃H , C̃S , and C̃I are a fuzzy
hue, a fuzzy saturation and a fuzzy intensity, re-
spectively. This way, the fuzzy sets representing
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4C(c1, c2) =





4I if pi or pj are achromatic
1√
3

[42
I +42

S +42
H

]1/2
if pi and pj are chromatic

1√
2

[4I
2 +4S

2
]1/2

otherwise

(3)

the fuzzy HSI colors that form a fuzzy HSI color
space can be obtained by combining the corre-
sponding fuzzy sets representing fuzzy hues, sat-
urations and intensities in a suitable way. For the
sake of simplicity, we shall employ the name of
the linguistic label to name also the correspond-
ing fuzzy set.

This procedure has several advantages. First, less
linguistic labels have to be defined. Second, we
can represent and work with every component of
the fuzzy HSI color individually (for example, we
could query for colors with red hue). Finally, the
linguistic labels associated to fuzzy HSI colors can
be obtained by combining the corresponding lin-
guistic labels associated to fuzzy hues, intensities
and saturations.

In general, the representation of C̃ as a fuzzy sub-
set of [0, 2π]× [0, 1]×{0, . . . , 255} can be obtained
as follows:

C̃(h, s, i) = min{C̃H(h), C̃S(s), C̃I(i)} (5)

In the previous equation, the problem of im-
precision in semichromatic (undefined hue) and
achromatic (undefined hue and saturation) zones
should be taken into account. The definition of
these zones in a fuzzy HSI color space will depend
on the linguistic labels defined for saturation and
intensity. In this work we have employed the fuzzy
spaces for hue, saturation, and intensity, that are
shown in figure 2. Trapezoid functions have been
used to define the fuzzy sets memberships. Let us
remark that the size of the kernels is different in
the Hue and Saturation components.

With these fuzzy spaces, the achromatic (resp.
semichromatic) zone in the corresponding fuzzy
HSI color space will correspond to fuzzy colors C̃
verifying C̃I =”Dark” (resp. C̃S =”VeryLowS”
and C̃I 6=”Dark”).

In order to deal with the problem of imprecision
in semichromatic and achromatic zones, we in-
troduce ”undefined” as a linguistic label for both
the fuzzy hue and fuzzy saturation spaces, rep-
resented by the fuzzy sets [0, 2π] and [0, 1] re-
spectively. Then, equation 5 will be adapted as
shown in equation 6, and the corresponding rep-
resentation of C̃ via a triple of fuzzy hue, fuzzy
saturation and fuzzy intensity will have the la-
bel ”undefined” for hue in the semichromatic and
achromatic zones, and also for saturation in the
achromatic zone.

2.3.2 Possibility distribution of fuzzy
colors

Since a crisp color can accomplish with several
fuzzy colors, when going from a crisp color space
to a fuzzy one, we obtain possibility distributions
of fuzzy colors. Let us note Πc the distribution
associated to a crisp HSI color c = [h, s, i], i.e.,
Πc =

∑
C̃∈H̃SI

C̃(h, s, i)/C̃. Notice that these are
special distributions, since they verify that the
intersection of the support of all the fuzzy colors
whose possibility degree is greater than 0 is not
empty, since they are obtained by calculating the
accomplishment degree between the crisp color c
and the fuzzy HSI colors.

This kind of possibility distributions in a fuzzy
HSI color space can be represented by three pos-
sibility distributions, in the corresponding hue,
saturation and intensity spaces. In particular,
Πc can be represented by the three distributions
Πc

H =
∑

h̃∈H̃
h̃(h)/h̃, Πc

S =
∑

s̃∈S̃
s̃(s)/s̃, and

Πc
I =

∑
ĩ∈Ĩ

ĩ(i)/̃i. Πc can be obtained from
them as follows: each triple [h̃, s̃, ĩ] of labels ap-
pearing in the respective distributions Πc

H , Πc
S ,

and Πc
I with degree greater than 0, defines a

fuzzy color C̃ such that C̃H = h̃, C̃S = s̃, and
C̃I = ĩ. Then Πc can be obtained using equa-
tion 6 since Πc(C̃) = C̃(h, s, i), C̃H(h) = Πc

H(h̃),
C̃S(s) = Πc

S(s̃), and C̃I(i) = Πc
I (̃i).
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C̃(h, s, i) =





C̃I(i) If C̃ is achromatic,
min{C̃S(s), C̃I(i)} If C̃ is semichromatic,
min{C̃H(h), C̃S(s), C̃I(i)} If C̃ is chromatic.

(6)

2.3.3 Dominant fuzzy colors

On the basis of the fuzzy HSI color space defined
in the previous section, we introduce the concept
of dominant fuzzy color in an image as follows:

Definition 5 A dominant fuzzy color is fuzzy
HSI color that appears frequently in the image.

This definition is imprecise in nature, i.e., “dom-
inant” is an imprecise concept defined on the set
of fuzzy colors. This imprecision comes from an-
other imprecise concept, “frequently”, appearing
in the definition.

Many approaches are possible to calculate how
dominant is a fuzzy color in an image. Our ap-
proach in this paper is to obtain such information
from the crisp dominant colors in the following
way:

Definition 6 Let DCS = {dc1, . . . ,dcN}
be the set of dominant crisp colors where
dck = [hk, sk, ik]. The fuzzy subset of dominant
fuzzy colors for an image will be

D̃CS =
⋃

k∈{1,...,N}
D̃CSk (7)

where

D̃CSk =
∑

C̃∈H̃SI

C̃(hk, sk, ik)/C̃ (8)

and C̃ is a fuzzy color of the fuzzy HSI color space
H̃SI, C̃(hk, sk, ik) is calculated according to equa-
tion 6, and the union is performed using the max-
imum.

3 Fuzzy object-relational database
system

Multimedia libraries are, actually, very large
databases used concurrently by many users, man-
aging a great amount of data, and requiring fast
query resolution. This fact leads to the need for

Figure 2: Fuzzy HSI color space

database management systems (DBMS), applied
to multimedia libraries management, to ensure
high performance, scalability, availability with
fault tolerance and distribution.

Nowadays, market leader DBMSs offer these
required features transparently. However, the
database models implemented by them, generally
the relational model, are not suitable to manage
fuzzy data, which is necessary for this kind of
image description algorithms. In order to solve
this drawback, some database models and DBMSs
implementing them has been proposed. Never-
theless, the existing fuzzy DBMSs are in gen-
eral research prototypes which do not match the
high performance and the other necessary require-
ments for this kind of applications.
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The strategy of implementation of our FORDMS
model [2] is based on the extension of a mar-
ket leader O-RDBMS (Oracle) by using its ad-
vanced object-relational features. This strat-
egy let us take full advantage of the host O-
RDBMS features (high performance, scalability,
etc.) and the ability for representing and handling
fuzzy data provided by our extension, making this
FORDBMS very convenient for support systems
for flexible content based retrieval of images.

3.1 Fuzzy datatype support

Our FORDBMS is able to handle and represent a
wide variety of fuzzy datatypes, which lets model
any sort of fuzzy data easily. These types of fuzzy
data are the following:

• Atomic fuzzy types (AFT), represented
as possibility distributions over ordered
(OAFT) or non ordered (NOAFT) domains.

• Fuzzy collections (FC), represented as fuzzy
sets of objects with conjunctive (CFC) or dis-
junctive (DFC) semantics.

• Fuzzy objects (FO), whose attribute types
could be crisp or fuzzy, and where each at-
tribute is associated with a degree to measure
its importance in object comparison.

There is a wide variety of associated operators,
for all previous datatypes, to ease the creation,
storage, manipulation, and flexible condition def-
inition on them.

3.2 Database modelling of image
characterization

Since the retrieval system is supported by a
database, an specific database datatype is needed
to enable easy storage, handling, and condition
definition mechanisms for this kind of image de-
scription data. The fuzzy datatypes shown be-
fore are very useful for modeling this datatype,
because of its flexible modeling capabilities, data
handling mechanisms, and flexible condition oper-
ators. The image descriptor datatype is modeled
as shown in fig. 3.

As it has been proposed in previous sections,
the basis of this dominant color based character-
ization are the linguistics labels, defined in fig.
2, which are represented by trapezoidal possi-
bility distributions defined over hue, saturation
and intensity domains. These linguistic labels
are modeled using an OAFT derived datatype for
each HSI color component, creating the datatypes
AHue, ASaturation and AIntensity respectively.

In order to represent the fuzzy subset of domi-
nant colors D̃CS, we store the possibility distri-
butions D̃CSk corresponding to those fuzzy colors
that are compatible with a crisp dominant color
dck ∈ DCS. D̃CS can be obtained from the set of
D̃CSk as shown in equation 7. Since each D̃CSk

is a possibility distribution obtained from a crisp
color dck, it can be described by three possibility
distributions on H̃, S̃, and Ĩ, as shown in section
2.3.2. In practice, we store these three distribu-
tions as a CFC, resulting in the datatypes Hue,
Saturation and Intensity. Each D̃CSk is then
modelled as a FO by joining the three possibility
distributions on H̃, S̃, and Ĩ as three attributes,
which results in the DominantColor datatype.

Finally, an image is represented by the set
{D̃CS1, . . . , D̃CSN} , with N being the number
of crisp dominant colors. The usage of a CFC of
FOs is proposed for modelling this kind of image
characterization, resulting in the DominantCol-
orSet datatype.

3.3 Fuzzy datatype operators

The current section describes the most significant
operators for the defined fuzzy datatypes, which
are used to define conditions based on dominant
color presence in image retrieval queries.

3.3.1 Fuzzy inclusion operator

The operator FInclusion(A,B) calculates the in-
clusion degree A ⊆ B, where A and B are in-
stances of CFC. The calculus is done using a mod-
ification of the Resemblance Driven Inclusion De-
gree introduced in [7], which computes the inclu-
sion degree of two fuzzy sets whose elements are
imprecise.
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Figure 3: UML diagram for DominantColorSet datatype

Definition 7 (Resemblance Driven Inclusion
Degree). Let A and B be two fuzzy sets defined
over a finite reference universe U , µA and µB the
membership functions of these fuzzy sets, S the
resemblance relation defined over the elements of
U , ⊗ be a t-norm, and I an implication operator.
The inclusion degree of A in B driven by the
resemblance relation S is calculated as follows:

ΘS(B|A) = min
x∈U

max
y∈U

θA,B,S(x, y) (9)

where

θA,B,S(x, y) = ⊗(I(µA(x), µB(y)), µS(x, y))
(10)

We propose a modification that substitutes the
minimum aggregation operator in equation 9 by
a weighted mean aggregation operator, whose
weight values are the membership degrees in A
of the elements of U , divided by the cardinal of
A. This modification is made in order to obtain
a less extreme resemblance inclusion degree, since
it takes into account the importance of each in-
cluded element. The Modified Resemblance Inclu-
sion Degree is defined in equation 11.

ΘS(B|A) =
∑

x∈U

µA(x)
|A| ·max

y∈U
θA,B,S(x, y) (11)

The implementation of FInclusion(A,B) uses
the minimum as t-norm, and as implication op-
erator the one defined in equation 12.

I(x, y) =
{

1 if x ≤ y
y/x otherwise

(12)

3.3.2 Fuzzy equality Operator

The operator FEQ(A,B) calculates the resem-
blance degree between two instances of a fuzzy
datatype.

When A and B are two instances of CFC, this re-
semblance degree is calculated by means of the
Generalized Resemblance between Fuzzy Sets pro-
posed in [7], which is based on the concept of dou-
ble inclusion.

Definition 8 (Generalized resemblance between
fuzzy sets). Let A and B be two fuzzy sets defined
over a finite reference universe U , over which
a resemblance relation S is defined, and ⊗ be a
t-norm. The generalized resemblance degree be-
tween A and B restricted by ⊗ is calculated by
means of the following formulation:

iS,⊗(A,B) = ⊗(ΘS(B|A),ΘS(A|B)) (13)

Therefore, the implementation of the operator
FEQ(A,B), when A and B are instances of CFC,
aggregates the results of FInclusion(A,B) and
FInclusion(B,A) using a t-norm. However, we
substitute the t-norm by the arithmetic mean ag-
gregation operator in order to get a more flexible
comparison.

If the operator FEQ(A,B) is applied when A and
B are instances of the class DominantColor, then
the resemblance degree between these objects is
calculated as the average of the resemblance de-
gree of their attribute values.

Definition 9 (Object Resemblance Degree). Let
o1 and o2 be two objects of the class C, obj.ai the
value of the i-th attribute of the object obj, n the
number of attributes defined in the class C, and
FEQ the resemblance operator.

OR(o1, o2) =
1
n

n∑

i∈A
FEQ(o1.ai, o2.ai) (14)
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0.55 0.50 0.42 0.39 0.36

Table 1: Color inclusion query results

Query 0.91 0.75 0.75 0.60 0.51

Table 2: Image resemblance query results

4 Retrieving images by dominant
color criteria

The described framework makes database systems
able to answer queries based on the set of domi-
nant colors within an image, so users can define
queries containing dominant color based condi-
tions. These sentences can be expressed as simple
and standard SQL sentences which can be pro-
cessed directly by the DBMS.

Dominant color based conditions are, in fact,
fuzzy conditions defined on the fuzzy set of domi-
nant colors used as a descriptor for the images in a
database. This conditions are based on the fuzzy
inclusion operator and/or fuzzy equality operator
for CFC defined before.

Therefore, the user can define a fuzzy set of domi-
nant colors which must be included in, or resemble
to, the descriptor of each image in the database.
This fuzzy set can be defined by using the linguis-
tic labels defined for each HSI color component,
which makes possible to define queries using nat-
ural language color descriptors. Also, this way of
dominant color definition makes possible the def-
inition of different conditions over each HSI color
component, or avoiding any restriction on a color
component by using the linguistic label unknown.

4.1 Query examples

The described query definition mechanism of
dominant color based conditions makes possible
the expression of different queries based on the

inclusion, or resemblance, of fuzzy sets of domi-
nant colors.

4.1.1 Dominant color inclusion query

For instance, we would want to obtain, from a
flag database, the flags including any kind of yel-
low, which includes pale dark yellow, light bright
yellow, etc.

The previous condition is defined applying the in-
clusion operator on the image descriptor and a
fuzzy set of dominant colors, which includes only
one dominant color defined using the linguistic
label yellow for the hue component, and the lin-
guistic label UNKNOWN for the saturation and
intensity components.

The results, whose compatibility degree is greater
than 0.35, of this query, which has been applied
on a database containing 161 images of country
flags, are shown in table 1. The compatibility
degree of each resulting image is the maximum
of the compatibility degrees associated with each
dominant color within the image. For each dom-
inant color the compatibility degree is calculated
as a combination of its adjustment with the fuzzy
color {yellow, unknown, unknown}.

4.1.2 Dominant color resemblance query

Also, we would be interested in getting images
with a dominant color pattern similar to the one
associated with a sample image. This condition
can be defined by using the fuzzy equality opera-
tor for CFC to compute the resemblance degree

EUSFLAT - LFA 2005

683



between the fuzzy set of dominant colors which
describes each image in the database and the one
which describes the example image.

For instance, we would be interested in getting,
from a database containing about 700 color im-
ages, the images with colors similar to the one
showed in the first column in table 2. The query
results, whose compatibility degree is greater than
0.5, are show in table 2.

5 Concluding Remarks and Future
Works

This paper has proposed a novel approach for re-
trieving images on fuzzy databases using color in-
formation. It has been shown that the extraction
of dominant color descriptors from images using
a fuzzy approach, combined with the ability of a
FORDBMS to represent and handle of complex
fuzzy data, provides a powerful platform for con-
tent based image retrieval.

Future Works will lead to incorporate new fuzzy
features, such as texture or shape, for image de-
scription, as well as to study and propose new
methods for fuzzy data indexation, flexible query
optimization, and flexible query parallelization
using FDBMS clusters.
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