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Abstract

In this paper we introduce a new fuzzy histogram
approach based on fuzzy naturals. In our pro-
posal, histograms are functions on a fuzzy color
space, where the occurrences of a given fuzzy
color are counted by means of a new definition of
fuzzy natural number (represented by means of a
probability distribution onN). This approach to
histograms avoids the well-known disadvantages
of the ordinary sigma-count. We illustrate the po-
tential application of the proposal by applying it
to the problem of dominant color selection.

Keywords: Fuzzy colors, Fuzzy histograms.

1 INTRODUCTION

In some image processing applications it is important to
take into account the particular perception of colors of a
certain user. However, there is a semantic gap between
the human perception of colors and the data stored in a
pixel, i.e., the three (or more) components corresponding
to the primary colors in a given color space (e.g., red green
and blue for RGB). To face this problem, several authors
have proposed to employ fuzzy sets [10, 11]. In these ap-
proaches, colors in an image are linguistic labels repre-
sented as fuzzy subsets of triplets of a certain color space
[19, 21]. This is important in order to determine the seman-
tic interpretation of colors for human-machine interaction,
or to take into account the similarity between colors in a
color space as perceived by the user [18].

In the scope of image analysis and processing, the his-
togram is the basis for numerous techniques for image
restoration, enhancement, segmentation, retrieval, etc [16].

1This work has been partially supported by the Andalusian
Government under the TIC1570 and TIC249

The histogram of an image is a functionh(ck) = nk where
ck = [x, y, z] is a color andnk is the number of pixels in
the image having the colorck. It is common to normal-
ize a histogram by dividing each of its values by the total
number of pixels, obtaining an estimate of the probability
of occurrence of a colorck.

Working with fuzzy colors suggests to extend the notion
of histogram to ”fuzzy histogram” in order to manage the
imprecision in (i) color description by means of fuzzy col-
ors and, consequently, in (ii) fuzzy color counting. In this
sense, a fuzzy histogram will give us information about the
frequency of each fuzzy color.

In the literature there are several proposals which define
histograms over a set of fuzzy colors [6, 9, 15]. One draw-
back of most of these proposals is that they work only with
intensities. In addition, the counting of fuzzy colors is per-
formed by using the sigma-count (i.e., the sum of member-
ship degrees). However, the sigma-count is not a suitable
measure of cardinality in many applications, as it has been
recognized by several authors [8, 12]. Proposals based on
the sigma-count summarize the counting in a single num-
ber, so they do not represent the imprecision of the count
itself.

To solve the problems above, after introducing a formaliza-
tion of the concept of fuzzy color space, in this paper we
propose to ”count” the occurrences of a given fuzzy color
by means of the new definition of fuzzy natural numbers
introduced in [4]. In this definition, a natural number is
represented by means of a probability distribution onN.

The rest of the paper is organized as follows. Section 2 for-
malize the concepts of fuzzy color and fuzzy color space.
In section 3 the fuzzy natural numbers are introduced. On
the basis of the fuzzy naturals, the fuzzy histogram over
fuzzy colors is defined in section 4. An application to dom-
inant color selection is presented in section 5 to illustrate
the potential applications and performance of the new def-
inition of fuzzy histogram. Some examples are showed in
section 6 and, finally, the main conclusions are summarized
in section 7.
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2 FUZZY MODELLING OF COLORS

In this section, the notions of fuzzy color (section 2.2) and
fuzzy color space (section 2.3) are introduced as an exten-
sion of the classical concepts of color and color space (sec-
tion 2.1).

2.1 COLOR AND COLOR SPACES

For representing colors, several color spaces can be used.
In essence, a color space is a specification of a coordinate
system and a subspace within that system where each color
is represented by a single point. The most commonly used
color space in practice is RGB because is the one employed
in hardware devices (like monitors and digital cameras). It
is based on a cartesian coordinate system, where each color
consists of three components corresponding to the primary
colors red, green, and blue.

Nevertheless, it is well known that RGB it is not always
the most adequate space for color image analysis. Further-
more, the color components of this space do not have an in-
tuitive interpretation according to the human perception of
color. Instead, other color spaces based on human percep-
tion (HSI, HSV or HSL) seem to be a better choice [16]. In
these perceptual spaces, the hue component (H) represents
the color tone (for example, red or blue), saturation (S) is
the amount of color (for example, vivid red or pale red) and
the third component (called intensity, value or lightness) is
the amount of light (it allows to distinguish between a dark
color and a light color). Therefore, if linguistic labels are
needed for color description, this kind of color spaces are
more suitable than RGB, linear combination of RGB (like
CMY, YCbCr, YUV, etc.) or perceptually uniform color
spaces (like CIELa*b*, CIELuv, etc.).

2.2 FUZZY COLOR

In order to manage the imprecision in color description, we
introduce the following definition of fuzzy color:

Definition 2.1 A fuzzy color˜C is a normalized fuzzy subset
of colors.

As previously explained, colors can be represented as a
triplet of real numbers corresponding to coordinates in a
color space. Hence, a fuzzy color can be defined as a nor-
malized fuzzy subset of points of a color space. From now
on, we shall note XYZ a generic color space with compo-
nents X, Y and Z1, and we shall assume that a color space
XYZ, with domainsDX , DY andDZ of the corresponding

1Al though we are assuming a three dimensional color space,
the proposal can be easily extended to color spaces with more
components.

color components is employed. This leads to the following
more specific definition:

Definition 2.2 A fuzzy color˜C is a linguistic label whose
semantics is represented in a color space XYZ by a normal-
ized fuzzy subset ofDX × DY × DZ .

Notice that it is possible to represent the same fuzzy color
by means of different fuzzy subsets on different color
spaces, provided they have the same expressive power. For
example, a fuzzy colorred could be represented as a fuzzy
subset with semantics “approximately [255,0,0]” if we em-
ploy the RGB color space and also as a fuzzy subset with
semantics “approximately [0,1,128]” if we use the HSV
space.

As in the case of colors, that can be described by means
of three precise component values, it is possible (though
not obligatory) to define a fuzzy color by means of fuzzy
subsets on the domain of each component. We introduce
the following definition:

Definition 2.3 A fuzzy color component˜CX (resp. ˜CY ,
˜CZ ) is a linguistic label whose semantics is represented by
a normalized fuzzy subset ofDX (resp.DY , DZ).

By using these concepts, a fuzzy color˜C can be defined
and represented in practice by a triple[ ˜CX , ˜CY , ˜CZ ], where
˜CX , ˜CY , and ˜CZ are fuzzy color components of˜C. This
way, the fuzzy subset representing a fuzzy color can be ob-
tained by combining the corresponding fuzzy color compo-
nents in a suitable way. Thus, for every crisp color[x, y, z],
its membership degree to˜C is defined as

˜C(x, y, z) =
∧

{ ˜CX(x), ˜CY (y), ˜CZ(z)} (1)

with
∧

being a t-norm, usually the minimum. From now
on, we shall noteI

˜C
the fuzzy subset of pixels with color

˜C

2.3 FUZZY COLOR SPACE

For extending the concept of color space to the case of
fuzzy colors, and assuming a fixed color space XYZ, with
DX , DY andDZ being the domains of the corresponding
color components, the following definition is introduced:

Definition 2.4 A fuzzy color spacẽXY Z is a set of fuzzy
colors that define a partition ofDX × DY × DZ .

As in the case of single colors, one very convenient way of
defining and representing a fuzzy color space is to employ
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a fuzzy space for each component. We introduce this idea
in the following definition:

Definition 2.5 A fuzzy space over the componentX (resp.
Y , Z) is a set of fuzzy color components that define a par-
tition of DX (resp.DY , DZ).

This procedure has several advantages. First, less linguis-
tic labels have to be defined. Second, we can represent and
work with every component of the fuzzy color individually
(this is specially interesting in perceptual color spaces like
HSI where, for example, we could query for colors with
red hue). Finally, the linguistic labels associated to fuzzy
colors can be obtained by combining the corresponding lin-
guistic labels of each component (for example, in the case
of HSI color space, the color label ”red-saturated-bright”
is obtained by combining hue, saturation and intensity la-
bels).

3 FUZZY NATURALS

In order to obtain an histogram, which give us information
about the frequency of each color in the image, we need to
count the number of pixels having a particular color. In our
case, we must count pixels having fuzzy colors. For this
purpose we employ the concepts of fuzzy natural.

In this section we explain the definition of fuzzy naturals
introduced in [4] (section 3.2). For defining fuzzy natu-
rals the definition of cardinality of a fuzzy set will be used
(section 3.1)

3.1 FUZZY CARDINALITY

The definition of fuzzy natural can be obtained directly
from the definition of cardinality of a fuzzy set. In the
crisp case, as it is well known, naturals are the possible
cardinalities of crisp sets. The usual (in the sense of most
employed) way to extend cardinality to the fuzzy case is
the scalar sigma-count, that can defined for any fuzzy set
F with membership functionF : X → [0, 1] as

sc(F ) =
∑

x∈X

F (x) (2)

However, the sigma-count is not a suitable measure of car-
dinality in many applications, as it has been recognized by
several authors [8, 12]. In the particular problem of defin-
ing fuzzy naturals, sigma-count is counterintuitive, since
sc is not a natural number in general. Even if the result
is a natural number, we can obtain the same result in very
different situations, thus loosing information. This is the
case if we consider two situations like having 100 pixels
compatible with a color˜C to a degree0.1, and having 10

pixels compatible with˜C to a degree1; in both cases, the
result of the sigma count applied to the fuzzy set of pixels
compatible with˜C is 10. On the basis of these problems,
it is widely accepted that the best way to represent the car-
dinality of a fuzzy set is by means of a fuzzy subset of the
naturals [3, 7].

Most of the approaches consider that such fuzzy subsets of
the naturals must be convex. However, in [3] we showed
that in some cases this is counterintuitive. Consider for ex-
ample the fuzzy set given byA = 1/x1 +0.5/x2+0.5/x3.
The cardinality ofA could be one (becausex1 belongs to
A for sure) or, if we relax our criterion to accept elements
in A, the cardinality could be three (acceptingx2 andx3

belong toA as well). However, the cardinality cannot be
two, since ifx2 ∈ A thenx3 ∈ A and vice versa. This way,
the cardinality is not convex. In addition, this example il-
lustrates that the sigma-count is not always a good measure
sincesc(A) = 2. In summary,sc is not a good cardinality
approach for the definition of fuzzy natural numbers since
it is a real number and can give counterintuitive results.

Several authors [3, 13, 14] have pointed out that the pos-
sible cardinalities of a fuzzy set are the cardinalities of its
α-cuts, since these are the possible crisp representatives of
the fuzzy set. In our previous example the possible cardi-
nalities ofA are 1 or 3 since its possibleα-cuts are{x1}
and{x1, x2, x3}. In general, this is in accordance with the
principle that there is a single membership scale for fuzzy
sets, i.e.,F (x) = F (x′) means thatx is F just like x′, so
we cannot considerx ∈ F andx′ 6∈ F at the same time,
and either both or none of them contribute to the cardinality
of F .

As we have just seen, the sigma-count does not necessar-
ily correspond to the cardinality of anα-cut (sc(A) = 2).
On the contrary, there are two fuzzy cardinalities that com-
ply with this idea, calculating the possible cardinalities of
a fuzzy set as the cardinalities of itsα-cuts, and assigning
to each cardinality a degree of representativity, as we detail
in the following subsections:

3.1.1 Zadeh’s first fuzzy cardinality

Zadeh introduced in 1979 a non-convex fuzzy measure for
the cardinality of a fuzzy set F to be [20]

µCARD(F )(k) = sup{α | |Fα| = k} (3)

For example, forA = 1/x1 + 0.5/x2 + 0.5/x3 we have
µCARD(A) = 1/1+0.5/3. In general,µCARD(·) is a fuzzy
subset ofN verifying it is normal, its core consists of one
value only, and it is strictly decreasing in its support.
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3.1.2 The Fuzzy Cardinality ED

In [3] the fuzzy cardinality of a fuzzy setF is defined as

ED(F ) =
∑

αi∈Λ(F )

(αi − αi+1) / |Fαi
| (4)

whereΛ(F ) = {α1, . . . , αq} = {F (xi) | xi ∈ supp(F )}∪
{1} is the set of representativeα-cuts ofF , with 1 = α1 >

α2 > · · · > αq > αq+1 = 0. For example,Λ(A) =
{1, 0.5} andED(A) = 0.5/1 + 0.5/3.

The measure ED is a probability distribution onN. It is
possible to show that the converse is also true, i.e., any
probability distribution onN is the cardinality of some
fuzzy set as given by ED. The proposition and the corre-
sponding proof can be found in [4].

In [3] it is shown thatED is the basic probability assign-
ment of the possibility distributionµCARD(·), and hence
both cardinalities are isomorphic. However,ED has been
shown to be more appropriate thanµCARD(·) when using
the fuzzy cardinality in practice, for example in the evalua-
tion of quantified sentences [5].

3.2 FUZZY NATURAL DEFINITION

The idea that cardinality and natural numbers are basically
identical was employed in [4] to define fuzzy natural num-
bers as follows:

Definition 3.1 A fuzzy naturalN is any probability distri-
bution onN of the form2

N =
∑

ni∈N

pi/ni (5)

with
∑

ni∈N
pi = 1.

As an example, let us consider the fuzzy natural

N = 0.2/0 + 0.6/2 + 0.2/4 (6)

Having N objects means that the number of objects is 0
with probability 0.2, 2 with probability 0.6, and 4 with
probability 0.2.

In the context of histograms, this definition allows us to
count the number of pixels that comply with a certain fuzzy
color ˜C as a fuzzy natural, corresponding to the cardinality
of the fuzzy subset of pixels whose color is˜C. This fuzzy
natural can be understood as a (fuzzy) estimation of the
counting of ˜C in the image.

2Notice that we are using in the definition ofN the usual
notation

∑

for fuzzy sets on a discrete referential, while in
∑

ni∈N
pi = 1,

∑

means addition.

4 FUZZY HISTOGRAMS

We define a fuzzy histogram as follows:

Definition 4.1 Let X̃Y Z be a fuzzy color space. A fuzzy
histogram is a functionh that assigns a fuzzy natural to

every fuzzy color iñXY Z, i.e.,

h( ˜C) = N
˜C

(7)

with N
˜C

a fuzzy natural.

Notice that this definition extends to the fuzzy case the idea
of histogram as a function that assign a count, given by a
natural number, to every color. In the fuzzy context, we
have fuzzy colors (instead crisp ones) and fuzzy naturals
for imprecise counting.

Fuzzy histograms are descriptions of the fuzzy counting for
a pixel having a color˜C, for every color in a fuzzy color
space. However, if this is the final information to be pro-
vided to a user, it is convenient to summarize it so that it
is easier to understand. Of course, any possible summary
causes a loss of information. We can consider several op-
tions as a summary of the fuzzy frequency of a fuzzy color:

• Linguistic summary of the fuzzy naturals. In this op-
tion, a triangular fuzzy number (in the classical sense
of ”possibility distribution on the set or real numbers”)
R

˜C
is calculated as an approximation of the fuzzy

naturalN
˜C
. The number is obtained by approxima-

tion techniques as the number that yields a maximum
accomplishment degree withN

˜C
with minimum en-

tropy. This technique is described in [1].

• The interval of natural numbers[a, b] with a =
min{i ∈ support(N

˜C
)} and b = max{i ∈

support(N
˜C
)}

• The natural number with higher probability in the
probability distributionN

˜C
. Notice that this num-

ber, being an scalar, is obtained from the cardinality
of anα-cut of I

˜C
, and in this sense is coherent with

the ideas explained at the beginning of section 3.

• The natural numberl obtained as the cardinality of the
0.5-cut of the fuzzy subset of pixelsI

˜C
. This scalar

value is the definition of approximation of the car-
dinality of a fuzzy set proposed by Ralescu [13]. In
addition, if the fuzzy color space is a partition in the
sense of Ruspini, the0.5-cut corresponds to a crisp
partition of the color space, and the values obtained
for all the fuzzy colors correspond to a crisp histogram
based on this crisp partition.
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Figure 1: The fuzzy HSI color space used in the experiments.

Let us remark once more that the latter are different ways
to obtain a summary that can be useful for a better under-
standing of the fuzzy histogram by an user, at the cost of
loosing information. However, if the histogram is just an
intermediate step in a calculation, we can extend the op-
erations to the fuzzy case by operating onα-cuts and then
summarizing the final result [4]. This option preserves all
the information until the final step. The option of extend-
ing the operations to the fuzzy case by operating on one of
the previously suggested summaries discards many infor-
mation, and it is reasonable in our opinion only when time
restrictions force us to obtain a less accurate, but faster, cal-
culation.

Notice that we are not suggesting that the calculations per-
formed byα-cuts are necessarily slow; the idea is that per-
forming a certain operation in everyα-cut takes more time
than performing the same operation on a single scalar ap-
proximation. Depending on the time expended by each op-
eration and the number ofα-cuts employed (the latter can
be fixed in order to obtain an approximate, but more accu-
rate, result; a typical value is20), we may choose one or
another alternative.

5 APPLICATION TO DOMINANT
COLOR SELECTION

In this section we illustrate the potential applications and
performance of the new definition of fuzzy histogram by
applying it to select a set of dominant fuzzy colors. Domi-
nant colors arise as a powerful tool for describing the rep-
resentative colors in an image. In fact, they are a very effi-
cient tool for retrieving images in large databases.

Intuitively, a color is dominant to the extent it appears fre-
quently in a given image. Therefore, the use of fuzzy his-
tograms comes up as a suitable tool for finding the domi-
nant fuzzy colors.

Let h be a fuzzy histogram for a color image on a fuzzy

color spacẽXY Z. Given a color˜C, its fuzzy frequency
is given byh( ˜C) = N

˜C
with N

˜C
=

∑

ni∈N
pi/qi being

a fuzzy natural number in the sense of definition 3.1. We
define the degree of dominance of the fuzzy color˜C as

Dom( ˜C) =
∑

qi>T

pi (8)

with T ∈ (0, 1] being a threshold for selecting significant
frequencies.
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As set of dominant fuzzy colors we will select those ones
with higher dominant degree (we can fix a number of dom-
inant colors or select those ones which dominant degrees
are greater than a threshold)

6 RESULTS

In this section we show the results obtained by applying
the proposed technique to several examples. Firstly, the
fuzzy histogram will be calculated over several images.
Secondly, these histograms will be used to select dominant
fuzzy colors.

In our experiments, the HSI color space have been used.
To define the fuzzy color spacẽHSI we have employed
the fuzzy spaces for hue, saturation, and intensity proposed
in [2] that are shown in figure 1. This proposal used as
reference the Munsell color space [17] which divided in
12, 7 and 9 intervals the hue, saturation, and intensity re-
spectively. Each one of these intervals are fuzzified using a
trapezoidal function to define the memberships functions,
obtaining a fuzzy partition in the sense of Ruspini.3

Figure 2 shows two images, the first one containing eight
colors, each one compatible with degree 1 with a fuzzy
color obtained by combining the fuzzy saturation label
“High saturated” and the fuzzy intensity label “Illumi-
nated”, with eight different fuzzy hue labels, specifically
all the hue labels except “Yellow-Green”, “Cyan”, “Blue-
Magenta”, and “Red” in figure 1. In the second one we
have four colors compatible with the same saturation and
intensity labels to degree 1. Each one of these four colors
is compatible to a degree 0.5 with two of the eight fuzzy
hue labels mentioned before. In both images, pixels are
equidistributed among colors.

In both images, the set of fuzzy colors with probability
greater than 0 is the set of eight fuzzy colors mentioned
above. It is easy to see that the sigma-count histogram is
the same for both images, specifically the probability is 1/8
for each fuzzy color. However, the perception of the colors
that appear in the image and the corresponding frequencies
is very different in both images.

On the contrary, the histogram based on our definition of
fuzzy frequencies yield a different result in each case. In
the first one, since we are in a crisp case, the result is the
same provided by the sigma-count histogram, i.e., proba-
bility 1/8 (given as a probability distribution 1/(1/8)) for
each fuzzy color. On the contrary, our approach yields for
the second image a fuzzy histogram where, for each one of
the eight color, the fuzzy probability is represented by the
probability distribution0.5/0 + 0.5/(1/4). This is in ac-
cordance with our intuition since each fuzzy color is com-

3The problem of non-representability in semichromatic (unde-
fined hue) and achromatic (undefined hue and saturation) is taken
into account in the sense proposed in [2]

Figure 2: Multicolored images. (A) Image containing eight
colors, each one compatible with degree 1 with a fuzzy
color (B) Image containing four colors, each one compati-
ble with degree 0.5 with a fuzzy color

patible to a degree 0.5 with one of the colors that appear
in the image and, as a consequence, we have a probability
0.5 that the fuzzy label appears in the image, and the same
probability that it does not appear. Hence, the same proba-
bilities are assigned to the value 1/4 in the first case, and 0
in the second case.

Figures 3(B) to 3(I) show the fuzzy histogram for image
3(A). For plotting the histogram, a graph has been drawn
for each intensity label. The X axis of these graphs shows
the color labels ordered by hue and, within a given hue,
by saturation. The Y axis shows the support ofh( ˜C) nor-
malized by the number of pixelsn. More specifically, the
graph plots pairs( ˜C, ni/n) whereni are the crisp naturals
that appear in the probability distributionN

˜C
. In addition,

a dotted line is drawn between the maximum and minimum
values a and b of the support,a = min{i ∈ support(N

˜C
)}

andb = max{i ∈ support(N
˜C
)}. This dotted line shows

the interval[a, b] that corresponds to one of the ways of
summarizingh( ˜C), as explained in section 4. The values
N

˜C
(ni) are not displayed.

We have compared the results obtained in this and other im-
ages with the crisp histogram for a crisp partition obtained
as the set of0.5-cuts of the fuzzy colors. Though the latter
is a summary and many information is lost, we have found
that higher (resp. lower) crisp frequencies in the crisp his-
togram correspond to higher (resp. lower) values in the
support of fuzzy frequencies and, in this sense, the results
are coherent with what is expected. However, the fuzzy
histogram contains much more information since, contrary
to the crisp one, it reflects the counting imprecision.

The fuzzy histogram shows greater frequency values
in the support of the most frequent fuzzy colors in the
image. For example, the highest values correspond to the
fuzzy colors Black (Dark intensity) and the brown-like
colors [Orange,Medium-Low-Saturated,Illuminated] and
[Orange,Saturated,Illuminated], these three fuzzy colors
corresponding to the background. The next colors in terms
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Figure 3: (A): color image. (B)-(H): fuzzy histograms for colors with different intensity labels except “Dark” and “Bright”.
In each histogram, the 12x6 colors (“Very low saturated” colors, i.e., fuzzy grey levels, are not considered) are ordered first
by hue and then by saturation. (I): Fuzzy colors corresponding to fuzzy grey levels.

of high frequency are those of the teapot.

Figure 4 shows the degree of dominance of those colors
with degree of dominance greater than 0 for the image in
Figure 3(A). The dominance has been calculated by using
a thresholdT = 0.015. The results are coherent with the
information in the fuzzy histogram. With respect to our
perception of dominance in the image, we must take into
account that the fuzzy color space employed in the chro-
matic area of the HSI color space is a equidistributed fuzzy
partition. However, as pointed out by several authors, we
tend to employ a non-equidistributed partition in which a
single fuzzy color covers approximately the support of the
fuzzy colors with hue “Cyan”, “Cyan-Blue” and “Blue”.
Something similar happens with the fuzzy colors with hue
labels around “Green”. The consequence in this example
is that the colors we see as blue are distributed between the
fuzzy colors with hue “Cyan”, “Cyan-Blue” and “Blue”, so
the degree of dominance of what we see as blue is maybe
less than expected. On the contrary, if we consider a fuzzy
color space with a label “Blue” covering the support of the
three above mentioned blue-based colors, the dominance of
the new label would be similar to other fuzzy colors with
“Red”, “Orange” or “Yellow” fuzzy hue.

7 CONCLUSIONS

In this paper a novel definition of fuzzy histogram has been
proposed. Firstly, a formalization of the concept of fuzzy
color and fuzzy color space has been presented. Secondly,
the occurrences of a given fuzzy color have been counted
by means of a new definition of fuzzy natural number.

The proposal improves the classical sigma-count based his-
togram. In fact, our fuzzy histogram represents the impre-
cision of the count itself, contrary to sigma-count that sum-
marizes the counting in a single number.

The performance of the proposal has been shown with sev-
eral images, introducing some examples where histograms
based on sigma-count are not a suitable representation of
the amount of pixels painted with each color. In addition,
we have illustrated the potential applications of the fuzzy
histogram by applying it to the problem of dominant fuzzy
colors selection.
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Figure 4: Degree of dominance of fuzzy colors in the image
of figure 3(A). Only fuzzy colors with non-zero dominance
are shown.

and O. Kaynak, editors,Fuzzy Sets and Systems -
Proceedings IFSA’03, LNAI 2715, pages 127–134.
Springer, 2003.

[2] J. Chamorro-Martı́nez, J.M. Medina, C. Barranco,
E. Galán-Perales, and J.M. Soto-Hidalgo. Retriev-
ing images in fuzzy object-relational databases using
dominant color descriptors.Fuzzy Sets and Systems,
158(3):312–324, February 2007.

[3] M. Delgado, M.J. Martı́n-Bautista, D. Sánchez, and
M.A. Vila. A probabilistic definition of a nonconvex
fuzzy cardinality.Fuzzy Sets and Systems, 126(2):41–
54, 2002.

[4] M. Delgado, M.J. Martı́n-Bautista, D. Sánchez, and
M.A. Vila. Fuzzy integers: Representation and arith-
metic. InProceedings of IFSA’05, 2005.

[5] M. Delgado, D. Sánchez, and M.A. Vila. Fuzzy cardi-
nality based evaluation of quantified sentences.Inter-
national Journal of Approximate Reasoning, 23:23–
66, 2000.

[6] A. Doulamis and N. Doulamis. Fuzzy histograms for
efficient visual content representation: application to
content-based image retrieval. InIEEE International
Conference on Multimedia and Expo, pages 893–896,
Aug 2001.

[7] D. Dubois and H. Prade. Fuzzy cardinality and the
modeling of imprecise quantification.Fuzzy Sets and
Systems, 16:199–230, 1985.

[8] D. Dubois, H. Prade, and T. Sudkamp. A discus-
sion of indices for the evaluation of fuzzy associ-
ations in relational databases. In T. Bilgic, B. De

Baets, and O. Kaynak, editors,Fuzzy Sets and Sys-
tems - Proceedings IFSA’03, LNAI 2715, pages 111–
118. Springer, 2003.

[9] J. Han and Kai-Kuang. Fuzzy color histogram and its
use in color image retrieval.IEEE Transactions on
Image Processing, 11(8):944–952, 2002.

[10] L. Hildebrand and M. Fathi. Knowledge-based fuzzy
color processing.IEEE. Tran. on Systems, Man and
Cybernetics. Part C, 34(4):499–505, November 2004.

[11] G. Louverdis, I. Andreadis, and Ph. Tsalides. New
fuzzy model for morphological colour image process-
ing. In IEEE Proc. Vis. Image Signal Processing, vol-
ume 149, June 2002.

[12] M.J. Martı́n-Bautista, D. Sánchez, M.A. Vila, and
H.L. Larsen. Measuring effectiveness in fuzzy in-
formation retrieval. In H.L. Larsen, J. Kacprzyk,
S. Zadrozny, T. Andreasen, and H. Christiansen, edi-
tors,Proceedings FQAS 2000, Advances in Soft Com-
puting Series, pages 396–402. Springer-Verlag, 2000.

[13] D. Ralescu. Cardinality, quantifiers and the aggre-
gation of fuzzy criteria. Fuzzy Sets and Systems,
69:355–365, 1995.

[14] D. Rocacher and P. Bosc. The set of fuzzy rational
numbers and flexible querying.Fuzzy Sets and Sys-
tems, 155(3):317–339, 2005.

[15] S. Romani, P. Sobrebilla, and E. Montseny. Obtain-
ing the relevant colors of an image through stability-
based fuzzy color histograms. InIEEE International
Conference on Fuzzy Systems, volume 2, pages 914–
919. St. Louis, Missouri (USA), May 2003.

[16] J.C. Russ.The Image Processing Handbook. CRC
Press and IEEE Press, third edition, 1999.

[17] S.J. Sangwine and R.E.N. Horne.The colour image
processing handbook. Chapman and Hall, 1998.

[18] M. Seaborn, L. Hepplewhite, and J. Stonham. Fuzzy
colour category map for the measurement of colour
similarity and dissimilarity. Pattern Recognition,
38(4):165–177, 2005.

[19] N. Sugano. Color-naming system using fuzzy set the-
orical approach. InIEEE Int. Conference on Fuzzy
Systems, pages 81–84, 2001.

[20] L. A. Zadeh. A theory of approximate reasoning.Ma-
chine Intelligence, 9:149–194, 1979.

[21] H. Zhu, H. Zhang, and Y. Yu. Deep into color names:
Matching color descriptions by their fuzzy semantics.
LNAI 4183, pages 138–149, 2006.

ESTYLF08, Cuencas Mineras (Mieres - Langreo), 17 - 19 de Septiembre de 2008

346 XIV Congreso Español sobre Tecnologías y Lógica fuzzy




