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Abstract— In this paper we introduce a preliminary proposal  regions. Contrary to the semantic annotation problem, the
for linguistic description of images. The approach is based oni) expected result in the case of linguistic descriptions is a small
2fhl'ﬁlrgl':fsht'iga'f;:tzjr)é:ege”;i':iﬁtr'%“gggﬁeréngi‘z‘)%e' E'ﬁ'?}; ﬁg”?g;';; set of sentences, built on the basis of a certain subset of
spatial relations and locations. The proceduré is independent .naturall language. This problem has been paid little attentllon
from the way these elements have been obtained, and provides in the literature, though some related work can be found like
a description with the characteristics of a summary, i.e.,, a for example [2], [3], [4], [5], [6]. There are many potential
brief and accurate description of the whole image. As another  gpplications of this technology such as fast transmission of
characteristic of summaries, the method can be guided in the preliminary visual information, automatic sports commenta-

description by the user’s preferences and interest. Remarkably, t in vid 71 descriotion of di visible in
we are able to provide a description containing sentences about ors in video games [7], description of diseases visible

disjoint regions appearing in different levels of detail. X-Ray images [4], [8], or generating descriptions of images
for the visually impaired, envisioned in [2].
. INTRODUCTION The main contribution of this work is related to using a

Filling the semantic gap between computer representatitierarchical fuzzy segmentation of the image as the guide
of digital images and human description is one of the maito obtain the description. Part of this problem is solved by
topics in the area of Computer Vision, known as $eenantic adapting a time series summarization technique developed by
gap[1]. The classical application is that of automatic imaggome of the authors in a previous work; the approach intends
annotation, i.e., the automatic identification of semantito provide anaccurateand at the same timarief description
concepts appearing in an image. This is particularly relevaof a collection of fuzzy regions that form a partition of the
for retrieving images on the basis of linguistic queries, fowhole image. We shall illustrate the proposal by using a
which approaches based on specifying queries as imagesdescription of regions in terms of color concepts coming from
sketches are not well suited. The result of this procedure isaarecent proposal for modeling the semantics of colors by
set of terms representing concepts that “appear” in the imagaeans offuzzy color spacegroposed in [9], with the ability

One of the main difficulties of this task is the fact that theof adapting the fuzzy color space to the characteristics of
“appearance” of a given term in an image, as identified bthe image and/or the user's perception of color. However,
a human subject, is in fact a matter of association betweeve shall discuss how this preliminary work can (and will
the visual features perceived in the image and the internia¢) easily extended to other image features and high-level
representation of the concept represented by the term in tbencepts.
subject’s mind. While visual features can be extracted from The paper is organized as follows. In Section Il we in-
the image, modeling our internal representation of concepii®duce important notions related to fuzzy segmentation and
and the association between both is much more difficufuzzy hierarchical segmentation that are on the basis of our
Current approaches are based mainly on building classifigsipproach, as well as important notions of absolute locations
on the basis of a collection of samples, using any of thand spatial relationships. The latter are employed in order
techniques available in machine learning. This is currently @ provide an interpretation of images as an edge-labeling
very active field of research. of a graph whose vertices are fuzzy regions of any level of

However, there are richer types of linguistic descriptionthe hierarchy. In Section Il we introduce our approach to
with interesting applications. In this work we are concernefinguistic description based on color terms. We first describe
with obtaining a linguistic description of an image usingour approach to the design of fuzzy color spaces; then we
linguistic descriptions of regions obtained by a segmentatiasmploy this tool in order to obtain a summary of color
process, and terms related to the relative position of differeiriformation in the image. Finally, a linguistic description

_ . of regions with absolute locations, spatial relationship, and
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amount of techniques available in the literature we comsid®. Spatial Relationships
specially appropriate to usieizzy segmentation techniques The gpatial arrangement of objects provides key infor-
since boundaries of regions are fuzzy in most of the cas&faiion for image description. Using the result of a fuzzy
Fuzzy segmentation obtains a collection of fuzzy regiongegmentation process, an image can be interpreted as a
(fuzzy subsets of connected pixels with similar featurbg) t graph in which regions are the vertices, and two regions are
form a fuzzy partitionin some sense of the pixels in thecgnnected when they share a boundary. An improvement of
image [10], [11], [12], [13], [14], [15], [16]. o this representation is obtained when edges are labeled with
A well known problem in image segmentation is thakhe spatial relationship between the regions, yieldingdgee
of finding the appropriate amount of segmentation detajhpeled graph. In order to obtain such labeled graphs from
for an specific application. A usual solution consists ifmages it is necessary to solve two main problems:
using hlgrarchlga! segmentation. Hierarchical segmmntaF 1) To determine the possible spatial relationships between
consists in obtaining an ordered set of nested segmergation regions and to provide a suitable linguistic term for
each segmentation being a level in the hierarchy, verifying each one
that a region in one level is included in one region of 2) To provide a procedure for determining the spatial
the next level. Each level represents a different amount relationship that hold for a certain couple of regions.
of detail in the plescription of the imfe\ge. There are many There are many approaches for the first problem, that
approaches to hierarchical segr_nentatlpn of images, “-kb [4 ave been modeled as ontologies in some works The’RCC-
[18], [19], [20]._ The use of hlerarc_h_lcal segmentation inf model proposed in [30] is used for the on.tology i
image processing and computer vision is very mportarﬁ)ﬂ] [32], and a fuzzy version (fuzzy RCC-8) proposed
in ap_pll_catlons !lke image compression [21], [2_2], scen [3’3] is,employed in [32]. In [2] the proposal in [34] is
description and image parsing [23], knowledge discovery il loyed. In [35] an ontol;) i built taking into account
images [24], and remote sensing [25], among many othef&P'oyed. X . gyis 9 :
[26], [27]. the spatial relationships proposed in [36] and [37]. Reipard

In [28], [29] an approach to obtain a fuzzy hierarchicafhe determmatlon of Spa“"?" r(_elatlonshlps, methods based
on computing on the localization of couple of points are

segmentat_lon on the basis of a fgzzy segmentation is prgmployed in [38], [39], [40], as pointed out in [41]; this
posed. This procedure can be applied to fuzzy segmentatign . )

. ) . after work employs for the reverse problem (i.e., geneati
obtained by any means; we usually apply it on a fuzz

segmentation obtained by using the method in [16]. ketches from linguistic descriptions) a method based on

Th hioi q e i th the “histogram of forces” [42], [43]. Finally, approaches f
€ approach to image description we presentin this papg, fining complex spatial relationships in terms of simpler

{/sv.LrAde?Ien(.jent of thelytvay thehh||T,\rarchy han beenhgbta|ne es by using logic expressions are proposed (among others)
ithout losing generality, we shall assume a fuzzy nierarchy , [44], using a three-valued logic, and [32] on the basis

gtf:lat m'ai/h be crisp ?st.a pafrtlfhular_ case)_chﬁracterrl]z_ed”&s fuzzy description logic. Remarkably, [44] discuss about
ollows. the segmentation of ihe Image Is hierarchica %patial relations in hierarchical segmentations.

oLrg:;mzed mn_letv(ejls, r}amely,L - th’"t'.’L”'fE;]Ch _Ievel . We consider in this work the fuzzy RCC-8 model as
¢ has associated a fuzzy segmentation ol Ih€ IMage . iineq in [32]. The spatial relationships in this model,

pi regions{D;s,..., Dy, }. The membership functions for togqether with the corresponding expressions in a fuzzy de-

fuzzy regions are assumed to be n_ormallzed. We assury ription logic as proposed in [32], are shown in Table I.
that each level contains a fuzzy partition of the pixels ia th

image, in the following sense: a set of labgls, ..., X, } TABLE |
is a fuzzy partition on X iff: Fuzzy RCC-8SPATIAL RELATIONSHIPS
1) U'iej{l,---m} Suppor't(Xj,.) = X. Name Relation  RCC definition
2) Vi,je{l,...,r},i#j,Core(X;) N Core(X;) = 0. Disconnected DC ~C(a,b)
3) Vi € {1,...,r} 3z € X such thatX;(z) = 1, i.e., Eart 5 PPP ;{)c((Cb()c,a);(bC()cvb))
. . - roper Part a,b) N 2P(b,a
there is at least one object fully representativeXof Equals = Plat) AP0 o)
Condition 3 is always verified by definition of fuzzy region. S_Verlaps SR Hcé((P(ZSa) A P(c,b))
" . : . iscrete -0(a,
Condition 1 is equgllent e € X .HZ € {1,. '~"T}. sugh Partially OVerlaps 50 Ol t) NP H) A =Pa)
that X;(z) > 0. Conditions 2 and 3 imply; Z C; Vi # j. Externally connected EC C(a, b) A—=0O(a, )
Additionally, considering the hierarchy, we add the fol- _Non Tangential Part NTP  Vec.(C(c,a) — O(c,b))
lowing constraints: Tangential PP TPP PP(a,b) N—=NTP(a,b)

Non-Tangential PP NTPP  PP(a,b) N NTP(a,b)

1) Yi,j € {1,...,n}, i < j impliesp, > p; (i.e, as we
move upward in the hierarchy, the number of labels in Finally, let us remark that our approach to linguistic
the partition decreases). description of images is independent of the set of spatial

2) Vie{2,....n},Vj€{l,...,pi},Vk € {1,....pi-1} relationships employed, and the way they are assessed in an
(Di,j € Dj—1,) implies (D; ; = D;_1 ;) (i.e., labels jmage. In the following we shall assume that a set of spatial
cannot generalize another label of an upper level). relationshipsSR = {Ry,..., R} is available.
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Fig. 1. Fuzzy horizontal position. L: left; C: Center; Ring

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

of “Q of D are A’ by means of GD is

(AN D)o,
[ Da|

6Do(A/D) = ¥ (e =)@ )
a;EA(A/D)
1)

where (A N D)(z) = Min(A(z),D(z)), A(A/D) =
A(A N D)u A(D), A(D) being the level set ofD, and
AN(A/D) = {aq,...,ap} With o > ay41 for everyi €
{1,...,p}, a1 = 1 and ap41 = 0. The setD is assumed
to be normalized. If not,D is normalized and the same
normalization factor is applied td N 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

Spatial relationships describe the locations of regiorth wi even provide a complete ontology of locations in which for
respect to others. However, linguistic description reggito  example the union of label®L, DC, and DR is simply
model the absolute location of regions in the image as wedklled “Down”, and the union of all the labels exceptC
[31]. These absolute locations may be seen as relative wigh called “Perimeter”. In order to determine the location
respect to the image’s boundaries. in this ontology that best matches the location of a given

In this paper we propose to employ a fuzzy partition ofuzzy region, we shall consider a minimum accomplishment
the image for defining the absolute location of a region. Theegree of the corresponding quantified sentence, and we shal
proposed partitions, defined on the domain of the perceatageok for sentences starting with the more precise absolute
of the horizontal and vertical lengths, are shown in Figdres |ocations. This way we avoid to obtain large locations as
and 2, respectively. The cartesian product of both pantitio much as possible.
using the minimum yield a fuzzy partition of the area of the
image as shown in Figure 3. This partition can be refined by. Edge-Labeled Graph of Regions

using more labels in both lengths if needed. Let SR = {Ri,...,R;} be a set of fuzzy spatial

~ We determine the degree to which a given fuzzy redibn g|ations. For a certain fuzzy segmentation of an image, let
is in a fuzzy absolute locatioh by evaluating a quantified D; = {D;; such that j € {1,....p;}} and let

sentence of the forn®),, of D are L, where Qp(z) =

€ usmg methodG' D [45]'_ ThIS_ method verifies SU|tabIe_ 1As the data set is finiteD is considered to be finite, and hence the
properties for a fuzzy set inclusion measure. The evalnatioumber of relevant-cuts is also finite.

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

C. Absolute Locations
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means of linguistic terms. For example, we do not employ the
D= U D; (2) numerical triplet[255, 0, 0] in our discourse, but we sagd,
i€{l,...n} furthermore, there is no biunivocal link between lingwsti
ferms and colors in a color space, but each linguistic term

le., D is the set of all the fuzzy regions appearing m.alcorresponds to a subset of colors. Unfortunately, the bound
the levels of the hierarchy. Then, we call Graph of Regmngries of such set representations are imprecise, sulgectiv
of the image to the directed grapi = (D, E) where P P ' e

the vertices are the regions i, and there is a directed and depend on the application domain and cultural issues.
edge between each two differe,nt regiods.; and Dy, in The lack of a clear correspondence between color spaces
D. The labeling of the araph consists in ém assi kﬁlment d linguistic terms is a clear example of what is known as
infegers in{1 9 K} to t%e Ezdges so that the edgge Iinking?he “semantic gap”, and constitutes an important problem fo
regions D, and Dy, will be labeled with the integer applications required to support natural language. Inroie

iff the fuzzy spatial relation that best matches the spatiépanage the imprecision in color description, we introduced

. : . in [9] the following definitions:
relationship between both regions . Definition 3.1: A fuzzy colorC' is a linguistic label whose

[1l. OUR APPROACH TOLINGUISTIC DESCRIPTION OF semantics is represented in a color space XYZ by a normal-
IMAGES ized fuzzy subset oD x x Dy x Dy.

We shall explain here our approach to linguistic de- Definition 3.2: A fuzzy color spaceX'y Z is a set of XYZ

scription on the basis of color terms and region locationduz2y colors that define a fuzzy partition 6fx x Dy x D .
This approach will be extended to other linguistic terms in N this last definition, the notion of fuzzy partition we
forthcoming works. The approach works in two steps: ~ employ is that we introduced in Section II-A.

1) First, we obtain a summary of color information in the Ir]{ th? SgTe Worklwe presertn kq propostal tfor bm_ldtlng at
images by assigning the most representative color ter stomized fuzzy color space, taking as starting point a se

to each region of a certain subset. The representativi crisp |C0|0rSR - {E’ o b,tr,_m};ully ;Ereseqltlatlgte .Of the

is measured in terms of the amount of pixels that matc £y colors we want to obtain. or eachwe wilt obtain an

that color, and a minimum threshold for this value®°M fuzzy co_lorCi on the_ba5|s qfa partition O.f t_he RGB

given by the user in the form of a fuzzy quantifier ana(:olor space, using the euclidean distadder obtaining the
embership function. A more detailed description can be

a minimum accomplishment degree. This guarante ) . .
that the summary iaccurate The subset is determined ound in [9]. Let us remark that the obtained colors verify
the following properties:

as to form a partition of the image with a minimal _ )
collection of fuzzy regions, hence looking forevity 1) The fuzzy sets obtained are normalized and convex.

of the summary and, at the same tinoevering the 2) The set of fuzzy sets obtained form a fuzzy color space
wholeimage. since they are a fuzzy partition in the sense indicated

2) We build a collection of natural language sentences  In Section II-A.
taking into account the summary of the previous step, 3) Ci(c) > 0.5 iff d(r;,¢) <d(r;,c) Vi # j. _
and spatial information in the form of absolute loca- 4) Ifacrisp colorc is equidistant from two representatives
tions and the spatial relationships in the edge-labeled T @ndr; thenC;(c) = Cj(c) = 0.5
graph. Using our methodology, we have developed fuzzy color
In the next section we briefly describe our approach t§Paces using color names provided by the well-known ISCC-

modeling colors by formal definitions of the notions of fuzzyNBS system [46], [47]. This system is based on the pioneer-
color and fuzzy color space. Our approach to summarizatidfd Work of Berlin and Kay [48] about color naming and has
of the image in terms of colors is presented in Section |||pgen te_sted with humans on a task of color desc.rlptlon, hence
B. Finally, we explain how we obtain the final linguistic it iS suitable for our purpose. ISCC-NBS provides several
description in Section I1I-C. color sets in the form of sets of pairs (linguistic term, pris

color), and we have developed three fuzzy color spaces using
A. Linguistic Characterization of Color in Regions: Fuzzythe setsBasig Extendedand Complete defined as follows:

Color Spaces « Basic Set 13 color names corresponding to ten basic
In computer science, color is usually represented as a color terms (pink, yellow, red, orange, brown, olive,
triplet of real values in different ways, each one with diffiet green, blue, violet, purple), and 3 achromatic ones

domains and semantics for the real values. Each such systems (white, grey, and black).
is called acolor space A well known example is the RGB « Extended Set 31 color names corresponding to those
color space, where the semantics of the three values defining of the basic set and some combination of them formed
a color in this case (integers in [0,255]) is the amountof red by adding the—ish suffix (Brownish Orange, Purplish
green, and blue necessary to provide the color. Blue among others).

We humans are able to use a small number (up to 300)e Complete Set 267 color names obtained from the
of colors in comparison with the expressive power of color  extended set by adding five tone modifiers for lightness
spaces (several millions), and we use to express them by (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 %) :gosummang; Loy i
. ) . . . . . ummary < V; Summarizea < )]
Ilg_h_tness satl_Jratlon combination (pale for light grayish 3) While ToSummarize %

brilliant for light strong and deep for dark strong).

. a) TakeD;; € ToSummarize
Theses color names are represented by the Universal b) ToSummarize «— ToSummarize\{D;}

Color Language, Level 3 in the ISCC-NBS system. C) p « gmaz; covered «— false;
Let us remark that the choice of one fuzzy color space d) While p > Qbound: andnot covered
or another greatly influences the final linguistic descoipti ) k1

i) While k& < Gbound; andnot covered
A) Let A — argmazrpec,GDq,(B/D; ;)
B) If GDq,(B/Di ;) > T then

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

Summary — Summary U
matching each fuzzy one, hence it will be easier to find large {Qp of D, ; are A};
regions containing mostly pixels with a single fuzzy color. Summarized «— Summarized U (D; ;)
On the contrary, the Complete fuzzy color space provides covered - true;
descriptions with more detailed and precise colors. The i) (;)(_k];__]?” L

extended space constitutes a compromise between them. Let if not Jandi > 1 th
us also remark that these are only three examples, and that ~ ©) ' 70t covered andi > 1 then

Lo T ToSummarize — ToSummarize U ch(D; ;).
our method for linguistic summarization can be employed f) else ifi = 1 then
on the basis of any color space. Our methodology hence Summary «— SummaryUJ{D; ; is highly variablg
allows the user to specify the color term set she wants to use
in the description and, indirectly, will affect the lengthca
precision as we have just seen.

Fig. 4. Algorithm to obtain linguistic summaries on the Isasf color.

B. Summarizing the Image Using Fuzzy Colors and Absolute

Locations _ . . .
membership functions of will be Q;(z) =0if x # 1

andQ:(1) = 1.
In addition, the user will provide a threshatdor the min-

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 regio mum accomplishment degree he/she wishes for the quanti-

and fuzzy co!ors defme_fuzzy subsets of pixels in the 'Mag¢ g sentences comprising the summaries. We shall evaluate
We are then interested in a color summary that take the formiS degree by using again the method GD introduced in
of a collection of quantified sentences describing the mo%tection I-C, Eq. 1

frequent colors in as few regions as necessary to descri he requ;rements for this collection of quantified sen-

the image. The approach in [49] will deliver a collection of . T
N ) tences, according to the intuitive idea of summary, are the
sentences of the form(} of D; ; are A” where:

i . following:
e D;; is a label member of a certain level of the .
b . . o The accomplishment degree of every sentence must be
hierarchy associated to the fuzzy segmentation of the ; . . )
greater or equal than, i.e., the information provided

image. ‘ . .
. Ais a fuzzy color from the fuzzy color space chosen DY 8Very sentence must hold in the image to a high (
by the user. degree (accuracy).

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

The regionsD; ; in the sentences of the summary must
comprise a fuzzy partition of the image (coverage). We
shall denote this set of regions By C D.

In [49] we proposed the algorithm given by 4 as an imple-

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 considerttha
the user provides #otally orderedsubset{Q1, ..., Qgmaz }

of h t family of tifi 50]to b din th ; ) :
a coherent family of quantifiers [50] to be used in the mentations to meet the above mentioned godisthis algo-

summarization process. . . ,
o ; o . rithm, ch(D; ;) is defined as followsch(D, ;) = 0 for all
Definition 3.3 (Coh t family of tifiers, [50]Let . N J
efinition (Coherent family of quantifiers, [50]1:e i. Otherwise.ch(D; ;) = {Di 1k € {L.ps 1} D1 O

={Q1, ..., b linguisti tifi t, hall i 5
Q{Ql Ql} . N a- !ngms I(_: quantinier set, we sha SayDi‘- # () and -3D € ToSummarize U Summarized,
it is coherent if it verifies that: 7

: ) (Di—1x, N D; ;) € D}, and Cy = {Ug,erEn | F C
« The membership functions of elements are non- F|=k).
decreasing functions. ’ '

« A partial order relatior- is defined inQ. It has as its
maximal element); = 3 and as its minimal on€&); =
V. FurthermorevQ);, @Q; € Q,Q; C Q; = Q; = Q.

o The membership function of the quantiﬁéris given 2Notice that many solutions may fulfill these conditions, avel do not
by Qi(x) = 1if = # 0 and@;(0) = 0, whereas the look for the optimum.

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 Qbound;) and grouping bound{bound;)
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_ _ _ Some authors, like for example [51], propose to use prefer-
1) Arrange the fuzzy regions i)’ in a total order. ence measures reflecting the interest of the user. We conside

SupposeD’ = {D',..., D"} with D* < D"*! Vi. different possibilities of arrangement in terms of positio
2) Generate a linguistic description &f' size, color, or any combination of them. In this paper welshal
3) i 2 assume that the fuzzy regions are arranged by size. Second,
4) While (i < u) the linguistic description to be generated can incorporate
a) Include the spatial relationship betwe@ir ' and different elements. In this paper we shall employ linguisti
D! terms relative to color and absolute location. Finally, the
b) Generate a linguistic description &F spatial relationship between regions is employed for tigki
C) i—i+1 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 desgripto
either about color, location, etc. We shall employ this ckoi
in the next section.

Fig. 5. Algorithm to obtain the final linguistic description

that, respectively, indicate the less strict quantifier ® b IV. EXAMPLE

considered qnd the maximum n.umber of color .Iabels to t_)e We shall illustrate our approach with a simple example on
aggregated in a sentence at this level of the time domaifye image in Figure 6. In this figure, the blue squares indicat
this means that, whe@bound; > 1, we allow the algorithm e seeds employed in a region-growing fuzzy segmenta-
to obtain color descriptions as disjunctions of colors fiée ., algorithm. We can see that some of these seeds have
examplered or orange In principle, we shall setzbound; = peen placed in the same regions, hence we will obtain an
1 Vi. The setl'oSummarize is the collection of regions in - ersegmentation of the image. Following the segmentation

the image for which a quantified sentence is missing. If i&lgorithm proposed in [16] we shall obtain two overlapping

is possible to obtain an accomplishment degree greater thafyions: obviously, we are interested in describing onlg on
7 for a certain aréa using a quantifigrand a S'”Q'e Iabe_l, .of them. As we shall see, our algorithm will solve this point.
the procedure obtains a summary for that region. If it is Starting from the mentioned segmentation algorithm, a

not possible, the procejdure tries with the union of différery,,,y hierarchical segmentation is obtained by using the
subsets of color labels: couples, trios, quartets, etdl wet proposal in [28], [29]. The hierarchical segmentation is

obtain an accomplishment degree greater thafhe size of  ghown in Figure 7. The hierarchy consists of eight levels
the subset is given by being Gbound its maximum value. ; * 1 gescribed in eight columns. In each column the
When a summary is found in a certain region we say thahempership function of each of the fuzzy regions comprising

the region iScover_ed. If all the groups were tried withogt the segmentation at that level are shown as images in
success, the algorithm repeats the grouping process &main, \yhich the color white means membership degree 1 to the

yvith a less strict quantifier., unt@boyndi is reached. If thgre fuzzy region, and black means 0. Intermediate gray colors
is no result found for a given regiol; ;, we try to obtain - ¢4respond to intermediate degrees. The inclusion of fuzzy
such sentences with trerresponding childrerch(D; ;) In - regions in one level with respect to regions in other levels
the next level. Ifch(D; ;) = 0, then a sentence indicating gre indicated. The union of fuzzy regions is obtained via the
the observed color variability is added to the summaby { 1 aximum.
is highly variable in coloj. The final set of linguistically  Thg first levelL, of the hierarchy correspond to the fuzzy
quantified sentences comprising the summaryusumary.  segmentation obtained by the algorithm proposed in [16],
Our approach provides a fuzzy partition of the image iynq consists of eight fuzzy regions corresponding to theteig
the form of a collection of fuzzy region®’, and associates geeds in Figure 6. We shall number the fuzzy regions in each
to each fuzzy region inD" a fuzzy color and a linguistic |eve| from top to bottom. For instance, in leve} the fuzzy
guantifier expressing the amount of pixels in the region th%gion Ds ;1 corresponds to the union of fuzzy regioBs ;
match the fuzzy color. An important property bf is that the 54 D 5 61‘ level L, . '
fuzzy regions that form this fuzzy partition may not pertain \we nave considered a single trapezoidal quantifier
to the same level of the hierarchy. This is a solution to thﬁ),O.?,O.Q, 1)} that we have callednhost ofand a threshold
imp(_)rtant problem of multiple-scale segmentation pointed _ ( 7 55 parameters, and we have not considered grouping
out in [27]. 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
Once the color summary of the image is available, we carigure 3, and the spatial relationships in Table I.
use this information to generate the linguistic descriptio In the summary phase, we apply the algorithm in Figure 4.
The generic procedure we propose is detailed in Figure 5The setToSummarizés initialized to {Ds 1 }, as this is the
In this very general algorithm there are open issues. Firkst levelLg in the hierarchy. The algorithm is unable to find
of all, how to arrange the fuzzy regions for the descriptiora good summary for the fuzzy regiabs ; in level Lg (as

C. Generating the Linguistic Description
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Cente), though forDs 3 the degree obtained is almost the
same forPerimeter for Dg o the position isPerimeter The
spatial relationships that hold with larger degree between
regions areNT PP(D7 1, D¢ 3) and NT PP(Dg 3, Dg 2).

For the final generation of the linguistic description, the
regions are arranged in the ordBg 2, D¢ 3, D7 1. The final
linguistic description is generated by describing eaclhesé
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 lastarg
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.

Fig. 6. Example image.

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 preyi
knowledge, we have considered many degrees of freedom
in our methodology. These are given by the definition of
fuzzy absolute locations, fuzzy spatial relationshipszfu
color spaces, quantifiers, accomplishment degrees, grgupi
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 ofitlhe i
ages, choosing regions in different levels of the hieraadhi
. ) ] ~_ segmentation on the basis of their suitability. There aite st
expected, since it covers the whole image, and this imaggany open issues for future research, some of which have
is not homogeneous in color), and proceeds eliminating thigeen pointed out in previous sections. In particular, wél sha

fuzzy region from the sefToSummarizeand adding to the consider other characteristics of fuzzy regions like textu
same set the children obs, in level L7, ch(Ds1) =  and shape.

{D7 .1, Dr2}. For D7 1, the algorithm is successful in finding
a fuzzy color such that the evaluation of the quantified ACKNOWLEDGMENT

sentence is above the threshatd the resulting sentence The authors are very grateful to Pedro Martinez-Jiménez
is Most of D7, are Orange and D~ ; is eliminated from for his valuable help in the preparation of this paper.
ToSummarizeHowever, the algorithm fails to find a good
summary for the fuzzy regio- », so this is removed from
ToSummarizeand the corresponding children in levék,

Lg

L~ Lg

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