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Abstract— In this paper we introduce a preliminary proposal
for linguistic description of images. The approach is based on i)
a hierarchical fuzzy segmentation of the image, ii) a collection
of linguistic features describing each region, and iii) fuzzy
spatial relations and locations. The procedure is independent
from the way these elements have been obtained, and provides
a description with the characteristics of a summary, i.e., a
brief and accurate description of the whole image. As another
characteristic of summaries, the method can be guided in the
description by the user’s preferences and interest. Remarkably,
we are able to provide a description containing sentences about
disjoint regions appearing in different levels of detail.

I. I NTRODUCTION

Filling the semantic gap between computer representation
of digital images and human description is one of the main
topics in the area of Computer Vision, known as thesemantic
gap [1]. The classical application is that of automatic image
annotation, i.e., the automatic identification of semantic
concepts appearing in an image. This is particularly relevant
for retrieving images on the basis of linguistic queries, for
which approaches based on specifying queries as images or
sketches are not well suited. The result of this procedure is a
set of terms representing concepts that “appear” in the image.

One of the main difficulties of this task is the fact that the
“appearance” of a given term in an image, as identified by
a human subject, is in fact a matter of association between
the visual features perceived in the image and the internal
representation of the concept represented by the term in the
subject’s mind. While visual features can be extracted from
the image, modeling our internal representation of concepts
and the association between both is much more difficult.
Current approaches are based mainly on building classifiers
on the basis of a collection of samples, using any of the
techniques available in machine learning. This is currently a
very active field of research.

However, there are richer types of linguistic descriptions
with interesting applications. In this work we are concerned
with obtaining a linguistic description of an image using
linguistic descriptions of regions obtained by a segmentation
process, and terms related to the relative position of different
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regions. Contrary to the semantic annotation problem, the
expected result in the case of linguistic descriptions is a small
set of sentences, built on the basis of a certain subset of
natural language. This problem has been paid little attention
in the literature, though some related work can be found like
for example [2], [3], [4], [5], [6]. There are many potential
applications of this technology such as fast transmission of
preliminary visual information, automatic sports commenta-
tors in video games [7], description of diseases visible in
X-Ray images [4], [8], or generating descriptions of images
for the visually impaired, envisioned in [2].

The main contribution of this work is related to using a
hierarchical fuzzy segmentation of the image as the guide
to obtain the description. Part of this problem is solved by
adapting a time series summarization technique developed by
some of the authors in a previous work; the approach intends
to provide anaccurateand at the same timebrief description
of a collection of fuzzy regions that form a partition of the
whole image. We shall illustrate the proposal by using a
description of regions in terms of color concepts coming from
a recent proposal for modeling the semantics of colors by
means offuzzy color spacesproposed in [9], with the ability
of adapting the fuzzy color space to the characteristics of
the image and/or the user’s perception of color. However,
we shall discuss how this preliminary work can (and will
be) easily extended to other image features and high-level
concepts.

The paper is organized as follows. In Section II we in-
troduce important notions related to fuzzy segmentation and
fuzzy hierarchical segmentation that are on the basis of our
approach, as well as important notions of absolute locations
and spatial relationships. The latter are employed in order
to provide an interpretation of images as an edge-labeling
of a graph whose vertices are fuzzy regions of any level of
the hierarchy. In Section III we introduce our approach to
linguistic description based on color terms. We first describe
our approach to the design of fuzzy color spaces; then we
employ this tool in order to obtain a summary of color
information in the image. Finally, a linguistic description
of regions with absolute locations, spatial relationship, and
dominant color is provided. We illustrate our approach with
an example in Section IV. Finally, Section V contains our
conclusions and some comments on future research.

II. SEGMENTING IMAGES AS LABELED GRAPHS

A. Hierarchical segmentation

The relevant regions in an image are usually obtained
by using image segmentation techniques. Among the huge
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amount of techniques available in the literature we consider
specially appropriate to usefuzzy segmentation techniques,
since boundaries of regions are fuzzy in most of the cases.
Fuzzy segmentation obtains a collection of fuzzy regions
(fuzzy subsets of connected pixels with similar features) that
form a fuzzy partition in some sense of the pixels in the
image [10], [11], [12], [13], [14], [15], [16].

A well known problem in image segmentation is that
of finding the appropriate amount of segmentation detail
for an specific application. A usual solution consists in
using hierarchical segmentation. Hierarchical segmentation
consists in obtaining an ordered set of nested segmentations,
each segmentation being a level in the hierarchy, verifying
that a region in one level is included in one region of
the next level. Each level represents a different amount
of detail in the description of the image. There are many
approaches to hierarchical segmentation of images, like [17],
[18], [19], [20]. The use of hierarchical segmentation in
image processing and computer vision is very important
in applications like image compression [21], [22], scene
description and image parsing [23], knowledge discovery in
images [24], and remote sensing [25], among many others
[26], [27].

In [28], [29] an approach to obtain a fuzzy hierarchical
segmentation on the basis of a fuzzy segmentation is pro-
posed. This procedure can be applied to fuzzy segmentations
obtained by any means; we usually apply it on a fuzzy
segmentation obtained by using the method in [16].

The approach to image description we present in this paper
is independent of the way the hierarchy has been obtained.
Without losing generality, we shall assume a fuzzy hierarchy
(that may be crisp as a particular case) characterized as
follows: the segmentation of the image is hierarchically
organized inn levels, namely,L = L1, ..., Ln. Each level
Li has associated a fuzzy segmentation of the image in
pi regions{Di,1, ..., Di,pi}. The membership functions for
fuzzy regions are assumed to be normalized. We assume
that each level contains a fuzzy partition of the pixels in the
image, in the following sense: a set of labels{X1, ..., Xr}
is a fuzzy partition on X iff:

1)
⋃

i∈{1,...,r} Support(Xi) = X .
2) ∀i, j ∈ {1, . . . , r}, i 6= j, Core(Xi) ∩ Core(Xj) = ∅.
3) ∀i ∈ {1, . . . , r} ∃x ∈ X such thatXi(x) = 1, i.e.,

there is at least one object fully representative ofXi.

Condition 3 is always verified by definition of fuzzy region.
Condition 1 is equivalent to∀x ∈ X ∃i ∈ {1, . . . , r} such
that Xi(x) > 0. Conditions 2 and 3 implỹCi 6⊆ C̃j ∀i 6= j.

Additionally, considering the hierarchy, we add the fol-
lowing constraints:

1) ∀i, j ∈ {1, . . . , n}, i < j implies pi > pj (i.e, as we
move upward in the hierarchy, the number of labels in
the partition decreases).

2) ∀i ∈ {2, . . . , n}, ∀j ∈ {1, . . . , pi}, ∀k ∈ {1, . . . , pi−1}
(Di,j ⊆ Di−1,k) implies (Di,j = Di−1,k) (i.e., labels
cannot generalize another label of an upper level).

B. Spatial Relationships

The spatial arrangement of objects provides key infor-
mation for image description. Using the result of a fuzzy
segmentation process, an image can be interpreted as a
graph in which regions are the vertices, and two regions are
connected when they share a boundary. An improvement of
this representation is obtained when edges are labeled with
the spatial relationship between the regions, yielding an edge-
labeled graph. In order to obtain such labeled graphs from
images it is necessary to solve two main problems:

1) To determine the possible spatial relationships between
regions and to provide a suitable linguistic term for
each one.

2) To provide a procedure for determining the spatial
relationship that hold for a certain couple of regions.

There are many approaches for the first problem, that
have been modeled as ontologies in some works. The RCC-
8 model proposed in [30] is used for the ontology in
[31], [32], and a fuzzy version (fuzzy RCC-8) proposed
in [33] is employed in [32]. In [2] the proposal in [34] is
employed. In [35] an ontology is built taking into account
the spatial relationships proposed in [36] and [37]. Regarding
the determination of spatial relationships, methods based
on computing on the localization of couple of points are
employed in [38], [39], [40], as pointed out in [41]; this
latter work employs for the reverse problem (i.e., generating
sketches from linguistic descriptions) a method based on
the “histogram of forces” [42], [43]. Finally, approaches for
defining complex spatial relationships in terms of simpler
ones by using logic expressions are proposed (among others)
in [44], using a three-valued logic, and [32] on the basis
of fuzzy description logic. Remarkably, [44] discuss about
spatial relations in hierarchical segmentations.

We consider in this work the fuzzy RCC-8 model as
described in [32]. The spatial relationships in this model,
together with the corresponding expressions in a fuzzy de-
scription logic as proposed in [32], are shown in Table I.

TABLE I

FUZZY RCC-8SPATIAL RELATIONSHIPS.

Name Relation RCC definition
Disconnected DC ¬C(a, b)
Part P ∀c.(C(c, a) → C(c, b))
Proper Part PP P (a, b) ∧ ¬P (b, a)
Equals EQ P (a, b) ∧ P (b, a)
Overlaps O ∃c.(P (c, a) ∧ P (c, b))
Discrete DR ¬O(a, b)
Partially Overlaps PO O(a, b) ∧ ¬P (a, b) ∧ ¬P (b, a)
Externally connected EC C(a, b) ∧ ¬O(a, b)
Non Tangential Part NTP ∀c.(C(c, a) → O(c, b))
Tangential PP TPP PP (a, b) ∧ ¬NTP (a, b)
Non-Tangential PP NTPP PP (a, b) ∧NTP (a, b)

Finally, let us remark that our approach to linguistic
description of images is independent of the set of spatial
relationships employed, and the way they are assessed in an
image. In the following we shall assume that a set of spatial
relationshipsSR = {R1, . . . , Rk} is available.
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Fig. 1. Fuzzy horizontal position. L: left; C: Center; R:right.

Fig. 2. Fuzzy vertical position. D:down; M: Middle; U:up.

C. Absolute Locations

Spatial relationships describe the locations of regions with
respect to others. However, linguistic description requires to
model the absolute location of regions in the image as well
[31]. These absolute locations may be seen as relative with
respect to the image’s boundaries.

In this paper we propose to employ a fuzzy partition of
the image for defining the absolute location of a region. The
proposed partitions, defined on the domain of the percentages
of the horizontal and vertical lengths, are shown in Figures1
and 2, respectively. The cartesian product of both partitions
using the minimum yield a fuzzy partition of the area of the
image as shown in Figure 3. This partition can be refined by
using more labels in both lengths if needed.

We determine the degree to which a given fuzzy regionD
is in a fuzzy absolute locationL by evaluating a quantified
sentence of the formQM of D are L, where QM (x) =
x, using methodGD [45]. This method verifies suitable
properties for a fuzzy set inclusion measure. The evaluation

Fig. 3. Fuzzy absolute locations as the combination of fuzzyhorizontal
and vertical lengths.

of “Q of D are A” by means of GD is

GDQ(A/D) =
∑

αi∈△(A/D)

(αi − αi+1)Q
( |(A ∩D)αi |

|Dαi |
)
(1)

where (A ∩ D)(x) = Min(A(x), D(x)), △(A/D) =
Λ(A ∩ D) ∪ Λ(D), Λ(D) being the level set ofD, and
△(A/D) = {α1, ..., αp} with αi > αi+1 for every i ∈
{1, ..., p}, α1 = 1 and αp+1 = 0. The setD is assumed
to be normalized. If not,D is normalized and the same
normalization factor is applied toA ∩D 1.

The absolute locations shown in Figure 3, or any finer-
grained alternative, may be enriched by a hierarchical clus-
tering of locations. The idea is that large regions may not
be included in any of the locations because of their size;
hence, considering larger, more imprecise locations as the
union of locations is necessary. With this idea we can
even provide a complete ontology of locations in which for
example the union of labelsDL, DC, and DR is simply
called “Down”, and the union of all the labels exceptMC
is called “Perimeter”. In order to determine the location
in this ontology that best matches the location of a given
fuzzy region, we shall consider a minimum accomplishment
degree of the corresponding quantified sentence, and we shall
look for sentences starting with the more precise absolute
locations. This way we avoid to obtain large locations as
much as possible.

D. Edge-Labeled Graph of Regions

Let SR = {R1, . . . , Rk} be a set of fuzzy spatial
relations. For a certain fuzzy segmentation of an image, let
Di = {Di,j such that, j ∈ {1, . . . , pi}} and let

1As the data set is finite,D is considered to be finite, and hence the
number of relevantα-cuts is also finite.
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D =
⋃

i∈{1,...,n}
Di (2)

i.e., D is the set of all the fuzzy regions appearing in all
the levels of the hierarchy. Then, we call Graph of Regions
of the image to the directed graphG = (D, E) where
the vertices are the regions inD, and there is a directed
edge between each two different regionsDi,j and Dk,l in
D. The labeling of the graph consists in an assignment of
integers in{1, . . . , k} to the edges, so that the edge linking
regionsDi,j and Dk,l will be labeled with the integerz
iff the fuzzy spatial relation that best matches the spatial
relationship between both regions isRz.

III. O UR APPROACH TOL INGUISTIC DESCRIPTION OF

IMAGES

We shall explain here our approach to linguistic de-
scription on the basis of color terms and region locations.
This approach will be extended to other linguistic terms in
forthcoming works. The approach works in two steps:

1) First, we obtain a summary of color information in the
images by assigning the most representative color term
to each region of a certain subset. The representativity
is measured in terms of the amount of pixels that match
that color, and a minimum threshold for this value
given by the user in the form of a fuzzy quantifier and
a minimum accomplishment degree. This guarantees
that the summary isaccurate. The subset is determined
as to form a partition of the image with a minimal
collection of fuzzy regions, hence looking forbrevity
of the summary and, at the same time,covering the
whole image.

2) We build a collection of natural language sentences
taking into account the summary of the previous step,
and spatial information in the form of absolute loca-
tions and the spatial relationships in the edge-labeled
graph.

In the next section we briefly describe our approach to
modeling colors by formal definitions of the notions of fuzzy
color and fuzzy color space. Our approach to summarization
of the image in terms of colors is presented in Section III-
B. Finally, we explain how we obtain the final linguistic
description in Section III-C.

A. Linguistic Characterization of Color in Regions: Fuzzy
Color Spaces

In computer science, color is usually represented as a
triplet of real values in different ways, each one with different
domains and semantics for the real values. Each such systems
is called acolor space. A well known example is the RGB
color space, where the semantics of the three values defining
a color in this case (integers in [0,255]) is the amount of red,
green, and blue necessary to provide the color.

We humans are able to use a small number (up to 300)
of colors in comparison with the expressive power of color
spaces (several millions), and we use to express them by

means of linguistic terms. For example, we do not employ the
numerical triplet[255, 0, 0] in our discourse, but we sayred;
furthermore, there is no biunivocal link between linguistic
terms and colors in a color space, but each linguistic term
corresponds to a subset of colors. Unfortunately, the bound-
aries of such set representations are imprecise, subjective,
and depend on the application domain and cultural issues.

The lack of a clear correspondence between color spaces
and linguistic terms is a clear example of what is known as
the “semantic gap”, and constitutes an important problem for
applications required to support natural language. In order to
manage the imprecision in color description, we introduced
in [9] the following definitions:

Definition 3.1: A fuzzy colorC̃ is a linguistic label whose
semantics is represented in a color space XYZ by a normal-
ized fuzzy subset ofDX ×DY ×DZ .

Definition 3.2: A fuzzy color spacẽXY Z is a set of XYZ
fuzzy colors that define a fuzzy partition ofDX×DY ×DZ .

In this last definition, the notion of fuzzy partition we
employ is that we introduced in Section II-A.

In the same work we present a proposal for building a
customized fuzzy color space, taking as starting point a set
of crisp colorsR = {r1, . . . , rm} fully representative of the
fuzzy colors we want to obtain. For eachri we will obtain an
atomic fuzzy colorC̃i on the basis of a partition of the RGB
color space, using the euclidean distanced for obtaining the
membership function. A more detailed description can be
found in [9]. Let us remark that the obtained colors verify
the following properties:

1) The fuzzy sets obtained are normalized and convex.
2) The set of fuzzy sets obtained form a fuzzy color space

since they are a fuzzy partition in the sense indicated
in Section II-A.

3) C̃i(c) > 0.5 iff d(ri, c) < d(rj , c) ∀i 6= j.
4) If a crisp colorc is equidistant from two representatives

ri andrj then C̃i(c) = C̃j(c) = 0.5
Using our methodology, we have developed fuzzy color
spaces using color names provided by the well-known ISCC-
NBS system [46], [47]. This system is based on the pioneer-
ing work of Berlin and Kay [48] about color naming and has
been tested with humans on a task of color description, hence
it is suitable for our purpose. ISCC-NBS provides several
color sets in the form of sets of pairs (linguistic term, crisp
color), and we have developed three fuzzy color spaces using
the setsBasic, Extended, andComplete, defined as follows:

• Basic Set: 13 color names corresponding to ten basic
color terms (pink, yellow, red, orange, brown, olive,
green, blue, violet, purple), and 3 achromatic ones
(white, grey, and black).

• Extended Set: 31 color names corresponding to those
of the basic set and some combination of them formed
by adding the−ish suffix (Brownish Orange, Purplish
Blue among others).

• Complete Set: 267 color names obtained from the
extended set by adding five tone modifiers for lightness
(very light, light, medium, dark and very dark) and four
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adjectives for saturation (grayish, moderate, strong and
vivid). Also, three additional terms substitute certain
lightness-saturation combination (pale for light grayish,
brilliant for light strong and deep for dark strong).
Theses color names are represented by the Universal
Color Language, Level 3 in the ISCC-NBS system.

Let us remark that the choice of one fuzzy color space
or another greatly influences the final linguistic description.
For example, among the three previous spaces, the Basic
one allows us to obtain a more brief description, since
there are less fuzzy colors and there are more crisp colors
matching each fuzzy one, hence it will be easier to find large
regions containing mostly pixels with a single fuzzy color.
On the contrary, the Complete fuzzy color space provides
descriptions with more detailed and precise colors. The
extended space constitutes a compromise between them. Let
us also remark that these are only three examples, and that
our method for linguistic summarization can be employed
on the basis of any color space. Our methodology hence
allows the user to specify the color term set she wants to use
in the description and, indirectly, will affect the length and
precision as we have just seen.

B. Summarizing the Image Using Fuzzy Colors and Absolute
Locations

Our summarization in terms of color will be based on
adapting the technique proposed in [49] for the linguistic
summarization of time series. Notice that both fuzzy regions
and fuzzy colors define fuzzy subsets of pixels in the image.
We are then interested in a color summary that take the form
of a collection of quantified sentences describing the most
frequent colors in as few regions as necessary to describe
the image. The approach in [49] will deliver a collection of
sentences of the form “Q of Di,j areA” where:

• Di,j is a label member of a certain leveli of the
hierarchy associated to the fuzzy segmentation of the
image.

• A is a fuzzy color from the fuzzy color space chosen
by the user.

The user must provide a collection of quantifiers defin-
ing the kind of fuzzy quantities and percentages he/she is
interested in. This can be defined by choosing among a
collection of predefined quantifiers. In [49] we consider that
the user provides atotally orderedsubset{Q1, ..., Qqmax}
of a coherent family of quantifiersQ [50] to be used in the
summarization process.

Definition 3.3 (Coherent family of quantifiers, [50]):Let
Q={Q1, ..., Ql} be a linguistic quantifier set, we shall say
it is coherent if it verifies that:

• The membership functions ofQ elements are non-
decreasing functions.

• A partial order relation� is defined inQ. It has as its
maximal elementQ1 = ∃ and as its minimal oneQl =
∀. Furthermore∀Qi, Qj ∈ Q, Qi ⊆ Qj ⇒ Qj � Qi.

• The membership function of the quantifier∃ is given
by Q1(x) = 1 if x 6= 0 and Q1(0) = 0, whereas the

1) ToSummarize← Ln;
2) Summary ← ∅; Summarized← ∅;
3) While ToSummarize 6= ∅

a) TakeDi,j ∈ ToSummarize
b) ToSummarize← ToSummarize\{Di,j}
c) p← qmax; covered← false;
d) While p ≥ Qboundi andnot covered

i) k ← 1;
ii) While k ≤ Gboundi andnot covered

A) Let A← argmaxB∈CkGDQp (B/Di,j)
B) If GDQp (B/Di,j) ≥ τ then

Summary ← Summary ∪
{Qp of Di,j areA};
Summarized← Summarized ∪ (Di,j)
covered← true;

C) k ← k + 1;
iii) p← p− 1

e) If not covered and i > 1 then
ToSummarize← ToSummarize∪ ch(Di,j).

f) else if i = 1 then
Summary ← Summary∪{Di,j is highly variable}

Fig. 4. Algorithm to obtain linguistic summaries on the basis of color.

membership functions of∀ will be Ql(x) = 0 if x 6= 1
andQ1(1) = 1.

In addition, the user will provide a thresholdτ for the min-
imum accomplishment degree he/she wishes for the quanti-
fied sentences comprising the summaries. We shall evaluate
this degree by using again the method GD introduced in
Section II-C, Eq. 1.

The requirements for this collection of quantified sen-
tences, according to the intuitive idea of summary, are the
following:

• The accomplishment degree of every sentence must be
greater or equal thanτ , i.e., the information provided
by every sentence must hold in the image to a high (τ )
degree (accuracy).

• The set of quantified sentences must be as small as
possible (brevity).

• The regionsDi,j in the sentences of the summary must
comprise a fuzzy partition of the image (coverage). We
shall denote this set of regions byD′ ⊆ D.

In [49] we proposed the algorithm given by 4 as an imple-
mentations to meet the above mentioned goals2. In this algo-
rithm, ch(Di,j) is defined as follows:ch(D1,j) = ∅ for all
j. Otherwise,ch(Di,j) = {Di−1,k, k ∈ {1..pi−1}|Di−1,k ∩
Di,j 6= ∅ and ¬∃D ∈ ToSummarize ∪ Summarized,
(Di−1,k ∩ Di,j) ⊆ D}, and Ck = {∪Eh∈F Eh | F ⊆
E, |F | = k}.

In order to look for brevity, we start from the fuzzy regions
in the top level of the hierarchy. Each level has its own
quantifier bound (Qboundi) and grouping bound (Gboundi)

2Notice that many solutions may fulfill these conditions, andwe do not
look for the optimum.
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1) Arrange the fuzzy regions inD′ in a total order.
SupposeD′ = {D1, . . . , Du} with Di ≺ Di+1 ∀i.

2) Generate a linguistic description ofD1

3) i← 2
4) While (i ≤ u)

a) Include the spatial relationship betweenDi−1 and
Di

b) Generate a linguistic description ofDi

c) i← i + 1

Fig. 5. Algorithm to obtain the final linguistic description.

that, respectively, indicate the less strict quantifier to be
considered and the maximum number of color labels to be
aggregated in a sentence at this level of the time domain;
this means that, whenGboundi > 1, we allow the algorithm
to obtain color descriptions as disjunctions of colors likefor
examplered or orange. In principle, we shall setGboundi =
1 ∀i. The setToSummarize is the collection of regions in
the image for which a quantified sentence is missing. If it
is possible to obtain an accomplishment degree greater than
τ for a certain area using a quantifierQ and a single label,
the procedure obtains a summary for that region. If it is
not possible, the procedure tries with the union of different
subsets of color labels: couples, trios, quartets, etc, until we
obtain an accomplishment degree greater thanτ . The size of
the subset is given byk beingGbound its maximum value.
When a summary is found in a certain region we say that
the region iscovered. If all the groups were tried without
success, the algorithm repeats the grouping process again,but
with a less strict quantifier, untilQboundi is reached. If there
is no result found for a given regionDi,j , we try to obtain
such sentences with thecorresponding childrench(Di,j) in
the next level. Ifch(Di,j) = ∅, then a sentence indicating
the observed color variability is added to the summary (Di,j

is highly variable in color). The final set of linguistically
quantified sentences comprising the summary isSummary.

Our approach provides a fuzzy partition of the image in
the form of a collection of fuzzy regionsD′, and associates
to each fuzzy region inD′ a fuzzy color and a linguistic
quantifier expressing the amount of pixels in the region that
match the fuzzy color. An important property ofD′ is that the
fuzzy regions that form this fuzzy partition may not pertain
to the same level of the hierarchy. This is a solution to the
important problem of multiple-scale segmentation pointed
out in [27].

C. Generating the Linguistic Description

Once the color summary of the image is available, we can
use this information to generate the linguistic description.
The generic procedure we propose is detailed in Figure 5.

In this very general algorithm there are open issues. First
of all, how to arrange the fuzzy regions for the description.

Some authors, like for example [51], propose to use prefer-
ence measures reflecting the interest of the user. We consider
different possibilities of arrangement in terms of position,
size, color, or any combination of them. In this paper we shall
assume that the fuzzy regions are arranged by size. Second,
the linguistic description to be generated can incorporate
different elements. In this paper we shall employ linguistic
terms relative to color and absolute location. Finally, the
spatial relationship between regions is employed for linking
the different descriptions of regions in a kind of scene
navigation.

As pointed out in [49], a further summary may be obtained
by joining together sentences that share a common descriptor,
either about color, location, etc. We shall employ this choice
in the next section.

IV. EXAMPLE

We shall illustrate our approach with a simple example on
the image in Figure 6. In this figure, the blue squares indicate
the seeds employed in a region-growing fuzzy segmenta-
tion algorithm. We can see that some of these seeds have
been placed in the same regions, hence we will obtain an
oversegmentation of the image. Following the segmentation
algorithm proposed in [16] we shall obtain two overlapping
regions; obviously, we are interested in describing only one
of them. As we shall see, our algorithm will solve this point.

Starting from the mentioned segmentation algorithm, a
fuzzy hierarchical segmentation is obtained by using the
proposal in [28], [29]. The hierarchical segmentation is
shown in Figure 7. The hierarchy consists of eight levels
L1, . . . , L8, described in eight columns. In each column the
membership function of each of the fuzzy regions comprising
the segmentation at that level are shown as images in
which the color white means membership degree 1 to the
fuzzy region, and black means 0. Intermediate gray colors
correspond to intermediate degrees. The inclusion of fuzzy
regions in one level with respect to regions in other levels
are indicated. The union of fuzzy regions is obtained via the
maximum.

The first levelL1 of the hierarchy correspond to the fuzzy
segmentation obtained by the algorithm proposed in [16],
and consists of eight fuzzy regions corresponding to the eight
seeds in Figure 6. We shall number the fuzzy regions in each
level from top to bottom. For instance, in levelL2 the fuzzy
regionD2,1 corresponds to the union of fuzzy regionsD1,1

andD1,2 of level L1.
We have considered a single trapezoidal quantifierQ =

(0, 0.7, 0.9, 1)} that we have calledmost of and a threshold
τ = 0.7 as parameters, and we have not considered grouping
colors. Other elements employed have been the fuzzy color
space we have designed on the basis of the Basic set of colors
of the ISCC-NBS system, the absolute locations defined in
Figure 3, and the spatial relationships in Table I.

In the summary phase, we apply the algorithm in Figure 4.
The setToSummarizeis initialized to {D8,1}, as this is the
last levelL8 in the hierarchy. The algorithm is unable to find
a good summary for the fuzzy regionD8,1 in level L8 (as
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Fig. 6. Example image.

L1 L2 L3 L4 L5 L6 L7 L8

Fig. 7. Hierarchical segmentation of the image in Figure 6.

expected, since it covers the whole image, and this image
is not homogeneous in color), and proceeds eliminating this
fuzzy region from the setToSummarizeand adding to the
same set the children ofD8,1 in level L7, ch(D8,1) =
{D7,1, D7,2}. ForD7,1, the algorithm is successful in finding
a fuzzy color such that the evaluation of the quantified
sentence is above the thresholdτ ; the resulting sentence
is Most of D7,1 are Orange, and D7,1 is eliminated from
ToSummarize. However, the algorithm fails to find a good
summary for the fuzzy regionD7,2, so this is removed from
ToSummarizeand the corresponding children in levelL6,
ch(D7,2) = {D6,2, D6,3} are added to the same set. For these
two regions, the algorithm provides sentences with degree
aboveτ , Most ofD6,3 are White, andMost ofD6,2 are Olive,
eliminating bothD6,2 and D6,3 from ToSummarize. Since
ToSummarize= ∅, the procedure stops here, since that means
that the whole image has been covered by the description.

Additionally, the absolute location of these regions is
determined. In this case the regions are rather large in pro-
portion to the size of the image. Employing a low threshold
for the fulfilment of the quantified sentences for inclusion,
we obtain that the location ofD7,1 andD6,3 is CC (Medium-

Center), though forD6,3 the degree obtained is almost the
same forPerimeter; for D6,2 the position isPerimeter. The
spatial relationships that hold with larger degree between
regions areNTPP (D7,1, D6,3) andNTPP (D6,3, D6,2).

For the final generation of the linguistic description, the
regions are arranged in the orderD6,2, D6,3, D7,1. The final
linguistic description is generated by describing each of these
regions in this order in terms of its position and color. For
the first region, the absolute position and color are given.
Then, the relative position between the next region and the
previous one, and the color of this region, until the last region
is described. The result is

There is a region in the Perimeter of the image
with Most of color Olive; this has a non-tangential
proper part in the Medium-Center of the image
with Most of color White; this has a non-tangential
proper part in the Medium-Center of the image
with Most of color Orange.

V. CONCLUSIONS

We have proposed a methodology for the linguistic de-
scription of images on the basis of color information. The
starting point is a fuzzy hierarchical segmentation. Since
different people would provide different summaries of the
same information, depending on their interest and/or previous
knowledge, we have considered many degrees of freedom
in our methodology. These are given by the definition of
fuzzy absolute locations, fuzzy spatial relationships, fuzzy
color spaces, quantifiers, accomplishment degrees, grouping
bounds, and criteria for ranking the fuzzy regions that form
the partition of the image provided by our summarizing
algorithm. The method is able to solve the problems of
oversegmentation and multiple-scale segmentation of the im-
ages, choosing regions in different levels of the hierarchical
segmentation on the basis of their suitability. There are still
many open issues for future research, some of which have
been pointed out in previous sections. In particular, we shall
consider other characteristics of fuzzy regions like texture
and shape.
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