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Abstract

This paper deals with the semantic enrichment of
automatic annotations of images. Since it par-
tially tackles theSemantic Gap Problem, seman-
tic image annotation has received a large atten-
tion in the recent years. Nevertheless, the results
of existing image annotation approaches are still
not sufficient. We propose an original approach
combininga priori knowledge (in our case, the
WordNet lexical resource) andvisual knowledge
to build sense-tagged keywords-based annotation.
First, a graph-based approach assigns a bag-of-
keywords to a query image. Then, we propose
to adapt a word sense disambiguation algorithm
named SSI (Structural Semantic Interconnections),
initially dedicated to text. We make two adapta-
tions. First the grammar used in the SSI is modified
to reflect the preponderance of semantic relations in
image databases. Then, visual knowledge, includ-
ing co-occurrence statistics in the visual domain
and visual cues, is integrated. At last, a method
to evaluate our approach is proposed.

1 Introduction
The development of the Web and the democratisation of
information technologies have generated an explosion of
digital images, requiring new effective methods to manage
them. AsText-Based Image Retrievaland Content-Based
Image Retrievalhave shown their limits,Content-Based
Image Annotation (CBIA) , has been widely studied in
the litterature [Li and Wang, 2003; Cusanoet al., 2003;
Duyguluet al., 2002; Blei and Jordan, 2003;
Lavrenkoet al., 2003; Jeonet al., 2003]. It consists in
the automatic association of a set of semantic keywords,
which depict their content, to images. A good classi-
fication of these different approaches can be found in
[Wanget al., 2007]. CBIA partially answers to theSemantic
Gap Problemdefined by[Smeulderset al., 2000] asthe lack
of coincidence between the information that one can extract
from the visual data and the interpretation that the same data
have for a user in a given situation.

However, the results of existing image annotation ap-
proaches are still not sufficient. First, resulting keywords

have no real semantics and as a consequence are prone to the
polysemy problem. This is one of the image annotation chal-
lenge pointed in[Alm et al., 2006]. Secondly, CBIA results
in aflat bag-of-keywordswithout semantic nor structural re-
lations between the different keywords. At last, resultingan-
notations still havemissing and irrelevant keywords.

In Section 2, we propose a brief state-of-the-art on image
annotation refinement and improvement. In this paper, we
propose an original approach combininga priori knowledge
(in our case, the WordNet lexical resource[Miller, 1995])
andvisual knowledgeto build sense-tagged keyword anno-
tations. By visual knowledge, we mean both statistical infor-
mation coming from word co-ocurrences in image collections
but also visual similarity between images. This approach is
based on the adaptation of a word sense disambiguation al-
gorithm named SSI, initially dedicated to text. We detail it
in Section 3. At last, we propose a method to evaluate our
approach and we discuss our future work.

2 Related Work
As illustrated in Figure 1, keyword annotations resulting from
classical CBIA systems have to be refined. The image anno-
tation refinement and improvement problem has been tackled
in the literature with three main approaches:

• Approaches usinga priori knowledge (or semantic
knowledge), i.e. the semantic relatedness between key-
words. They are commonly based on external lex-
ical ressources or ontologies, such as Wordnet. In
[Khan, 2006; Jinet al., 2005], a combination of seman-
tic similarity measures is used to remove noisy key-
words and a boosting method is used to add missing key-
words. More recently,[Saenko and Darrell, 2008] have
proposed an approach to address the visual polysemy
problem, i.e. the fact that a word has several diction-
nary senses that are visually distinct, by using the text
surrounding images and Wordnet. They use the Latent
Dirichlet Allocation, or LDA, to extract hidden topics
from text. Then, they build classifiers dedicated to a spe-
cific sense using web image search.

• Approaches usingvisual knowlege. Two kinds of vi-
sual knowledge can be used : the relationship between
keywords in the visual domain (i.e. co-occurrence
statistics of words in annotated images) and the vi-



sual relatedness (visual similarity) between the query
image and selected images in the learning database.
Co-occurence statistics of words in images are ex-
ploited in[Bartolini and Ciaccia, 2007] using graph the-
ory and in [Wanget al., 2007] using random markov
fields. [Wanget al., 2007] also used visual relatedness.
They use the visual similarity between the query image
and images in which considered keywords co-occur. The
same idea is proposed in[Kucuktuncet al., 2008].

• Approaches combining semantic and visual
knowledge such that [Barnard and Johnson, 2005;
Barnardet al., 2007] which propose a cross modal
keyword disambiguation using both statistical visual
information and knowledge from textual ressources.
In [Escalanteet al., 2007], the authors propose a
re-ranking process based on both statistical visual
information and statistical information about keyword
usage extracted from an external collection of captions.
More recently, interesting works have proposed the
integration of ontologies directly into the automatic
multilevel image annotation process[Fanet al., 2008].

However, although all these approaches enable to im-
prove the relevance of the annotation or to refine it,
they do not allow to build semantic structured annotation
and in particular sense-tagged keyword annotations (except
[Barnardet al., 2007]). Another weakness of the approaches
based on semantic knowledge is the use of a very limited set
of semantic relations : mainly hypernymy (is-a relation) and
sometimes meronymy relations (part-of). This is a serious
drawback in image annotation since relations between key-
words describing an image are often more than hypernymy
or meronymy relations. For instance complex spatial rela-
tions can be also of prime importance for image annotation
[Millet et al., 2005; Hollinket al., 2004].

In this paper, we try to answer to the problem of image
annotation disambiguation by combining both semantic and
the two kinds of visual knowledge. The main requirements
of our approach are : (1) Be able to take into account into a
parameterized way, complex semantic relations; (2) Using re-
lationships between keywords in the visual domain; (3) Using
the visual relatedness in the disambiguation algorithm.

3 Automatic image annotation with keyword
desambiguation

In this section, we describe our approach to build sense-
tagged annotations. This process is composed of two steps.
First, given Iq the image query to annotate, letI =
{I0, . . . , Im} be the images in the learning database, and
L = {t0, . . . , tn} be the lexicon used for the annotation. The
content based annotation step results in the bag-of-keyword
annotation,AIq

= {(tj, µ(tj)) | tj ∈ L, 1 ≤ j ≤ r} a set of
r couples(tj , µ(tj)) whereµ(tj) represents the probability
thattj is relevant to annotateIq.

For this step, we use the approach proposed by
[Panet al., 2004], based on a modeling of the learning dataset
by a graph, called Mixed Multimedia Graph (MMG), de-
scribed in Figure 2. A Random Walk With Restarts algorithm

Figure 1: Content-based image annotation obtained with
[Panet al., 2004]. (a) is the image query and (b) the com-
puted keyword-based annotation. We can see that many key-
words are polysemous. Some top-ranked keywords are irrel-
evant (e.g.street) and others are missing (e.g.sea). More-
over, there are no semantic relations between the obtained
keywords.

Figure 2: The MMG modeling the image dataset. Attribute
nodes (ai) represent image segment features.ii are image
nodes andti are term nodes. In our first experiments, each
image is divided into parts and features are three mpeg-7 de-
scriptors: ScalableColor, ColorLayout and EdgeHistogram.

(RWR) is applied to this graph for computing eachµ(tj) with
tj ∈ L. µ(tj) represents the steady state probability or the
affinity of nodetj with Iq . The resulting bag-of-keywords is
the set composed of ther terms having the highest affinities



with Iq .
Then, a second step consists in adding a disambiguation

process to determine the sense of each keyword inAIq
. Al-

though Word Sense Disambiguation, or WSD, has been stud-
ied a lot for text analysis[Navigli, 2009], existing frame-
works are not totally convenient for image annotation dis-
ambiguation. First, existing lexical ressources or ontologies
used in these algorithms are dedicated to text and built from
textual corpus. As a consequence, the semantic relations be-
tween concepts do not really reflect the semantic relation-
ships between concepts in the visual domain. We propose
to adapt an existing WSD algorithm named SSI introduced
by [Navigli and Velardi, 2005], which exploits the structure
of a semantic concept network. One of the main interest of
the SSI is to take into account only semantic interconnections
which abide a context-free grammar. Our first adaptation, de-
scribed in Section 3.2, consists in modifying this grammar for
the image annotation problem. Then, to answer to require-
ments (2) and (3), we propose to integrate visual knowledge
in the disambiguation process: term co-occurrences in the vi-
sual domain and visual relatedness between images in which
the annotation context of a given term and the semantic neig-
bourhood of this term co-occur (see Section 3.3 ).

3.1 Knowledge-based disambiguation algorithm
For a good understanding of our approach, we give a brief
overview of the SSI in the following. We define asense-
tagged keyword as a word linked to its relevant WordNet
synset (i.e.set of synonyms that together define a particular
sense uniquely). For example, the keywordmouseis refer-
enced in WordNet by the following four synsets:

• mouse#n#1:{mouse} (with the glossany of numerous
small rodents typically resembling diminutives rats,...).

• mouse#n#2:{shiner, black eye, mouse} (with the gloss
a swollen bruise caused by a blow to the eye)

• mouse#n#3:{mouse} (with the glossa swollen bruise
caused by a blow to the eye)

• mouse#n#4:{mouse, computer mouse} (with the gloss
a hand operated electronic device ...).

We denoteSenses(t), the set of synsets which represents the
possible senses of the keywordt in WordNet. We say thatt
is sense-tagged when it has the predicted senses, wheres is
a synset. We denote its = ˆsenset. To compute it, we use the
semantic context oft. Our objective is to build the semantic
interpretation ofAIq

, i.e. ŜAIq
= { ˆsenset1 , ..., ˆsensetr

}.
Given:

• an ambiguous termti ∈ AIq
,

• the annotation context ofti denotedσti
which is the set

of all monosemous or ever disambiguated term∈ AIq
\

ti,

• a lexical knowledge resourceW (WordNet) allowing to
compute semantic interconnections between two given
concepts.

The idea of the SSI algorithm is the following. It is an iter-
ative algorithm. It selects forti the sense that maximize the
degree of mutual interconnection ofti with all terms in the

context σti
: ˆsenseti

= argmaxs∈Senses(ti)f(s, σti
)

where the function f estimates the weight of se-
mantic interconnections. In the original article of
the SSI, thef function is a sum function. The al-
gorithm is described in pseudo-code in Algorithm 1.

Input : AIq
: a bag-of-keyword,̂SAIq

: a list of
sense-tagged keywords (initially empty)

Output : ŜAIq
: a list of sense-tagged keywords ofAIq

(an array)
foreacht ∈ AIq

do
if t is monosemicthen

ŜAIq
[t] = sense(t, 1)

end
end
P = {t ∈ AIq

|ŜAIq
[t] = null}

while P 6= ∅ do
foreach t ∈ P do

ˆsenset = null, maxV alue = 0
foreachsenses of t do

f [s] = 0

foreachsenses′ of ŜAIq
do

φ = ∅
foreachsemantic path betweens and
s′ do

φ = φ + weight(s, s′)
end
f [s] = f [s] + φ

end
if f [s] > maxV alue then

maxV alue = f [s]
ˆsenset = s

end
end
if maxV alue > 0 then

ŜAIq
[t] = ˆsenset

P = P \ {t}
end

end
end
returnŜAIq

Algorithm 1 : The SSI algorithm.A representsSAiq
, ŜAIq

representsσ. sense(t, i) represents the i-ith sense of t.P is
the set of terms to disambiguate.weight(s, s′) is a function
that estimate the weight of a semantic path.

3.2 Modifying the grammar of the SSI to image
annotation

An important point in the SSI is that among semantic inter-
connections found in the WordNet database, only those which
abide a context-free grammar are taken in consideration. This
grammar is manually defined and encodes the relevant se-
mantic patterns between two concepts. To adapt it to im-
age annotation disambiguation, we use an interesting study
done in[Hollink et al., 2007]. This study was dedicated to
query expansion to improve image retrieval. It proposes a set



of semantic relation patterns that seems to be useful to im-
prove the retrieval. In the following, we will investigate the
learning of these semantic relation patterns and their asso-
ciated weights in large annotated image collections such as
LabelMe1 or Flickr2.

3.3 Introducing visual knowledge in the SSI
algorithm

As emphasized in[Wanget al., 2007], using only external
a priori knowledge to improve keyword annotations is not
sufficient. Indeed, this external knowledge often reflects
the semantic relatedness of keywords in the textual domain
which can be different in the visual domain. For instance,
in [Wu et al., 2008], the importance of aconcurrencerela-
tion which represents the co-occurrence of concepts or back-
ground coherence in visual domain is underlined. The au-
thors propose to build a visual ConceptNet using Flickr and
a Visual Language Model, and they applied it to image man-
agement tasks as image annotation and image clustering. To
answer to our second requirement, in addition to semantic
knowledge used in the SSI, we also integrate visual knowl-
edge. Semantic knowledge refers to semantic correlations be-
tween keywords that we can extract in lexical resources. Vi-
sual knowledge refers to the co-occurences statistics between
keywords and images in the learning dataset. We also inte-
grate visual relatedness between images in which the anno-
tation context of a given term and its semantic neigbourhood
co-occur. This information is made available by the first step,
i.e. the random walk with restarts over the MMG graph. It is
the probabilityµ(I, Iq) whereI ∈ I.

Adding visual knowledge
A strong hypothesis of our method is to suppose that there
is only one occurrence of a given concept in the query im-
age. Moreover, we suppose that if the keyword corresponds
to a visual concept, the keyword is present in the image under
only one meaning.

Let AIq
= {t1, . . . , tr} be the keyword-based annota-

tion to desambiguate. Given,tk, a polysemous term to dis-
ambiguate,AIq

\ tk is the annotation context oftk. We
build the setRelsense(tk,i) which is a set of terms extracted
from the semantic neigbourhood oftk in its i-th sense. To
build this set, we concatenate the hypernymy, meronymy and
gloss relations into a more generalrelated-torelation. More
precisely, for a given termtk under its i-th sense,related-
to(sense(tk, i)) is built by taking :

• direct hypernyms,

• meronyms,

• WordNet nouns found in the gloss.

For instance, with the termstreet and its first sense in
WordNet,related-to(street#n#1) ={thoroughfare, pavement,
paving, sidewalks, buildings}.

ThenRelsense(tk,i) = L∩related− to(sense(tk, i)). The
intersection withL ensures that we only keep the term in the
annotated learning image database.

1http://labelme.csail.mit.edu/
2http://www.flickr.com/

To compute the semantic relatedness of terms in the vi-
sual domain, we compute, for a given polysemous termtk,
and its i-th sense, the co-occurence matrixWsense(tk ,i) be-
tween the terms inAIq

\ tk, the annotation context oftk
andRelsense(tk ,i) the semantic neibourhood oftk. Finally
to take into account the third requirement, we weight the co-
occurence number using the visual similarity with the query
image (as in[Wanget al., 2007; Kucuktuncet al., 2008]). As
a consequence, each element of the matrix is defined by :

wti,tj
=

P

I∈I

8

<

:

1 ∗ µ(I, Iq) if termsti andtj co-occurr
0 otherwise
(maxI∈Iµ(I,Iq))∗(Nti

+Ntj
−Nti,tj

)

whereµ(I, Iq) is the steady state probability of the image
I given the image queryIq, that can be assimilated to a visual
similarity betweenI andIq. It is given by the RWR.Nti

is
the number of images annotated by the termti in the learning
dataset, andNti,tj

is the number of images annotated by the
termsti andtj .

Integration in the SSI

Our objective is to disambiguate bag-of-keyword annota-
tions using both semantic knowledge and visual knowledge.
The contribution of the semantic knowledge can be esti-
mated by computing the semantic relatedness between a term
and its disambiguated annotation context (σ) using seman-
tic interconnections. This quantity can be estimated as :

f [s]
P

s∈sense(tk) f [s] (wheref [s] is the variable in Algorithm 1).

The contribution of the visual knowledge may be estimated
using the previous co-occurrence matrix : ||Ws||

P

s∈sense(tk) ||Ws||
.

If we make the strong assumption that the contribution of the
semantic knowledge and the contribution of the visual knowl-
edge are relatively independent, we can adapt the SSI algo-
rithm by the following:

Input : AIq
bag-of-keywords

Output : ŜAIq
set a sense-tagged keywords

while P is not emptydo
foreach t ∈ P do

Compute
ŜAIq

[t] = argmaxs∈sense(t)(
f [s]

P

s∈sense(t) f [s] ∗

||Ws||
P

s∈sense(t) ||Ws||
)

end
Removetk from P

end
returnŜAIq

Algorithm 2 : Adapted SSI algorithm with visual cues

4 Evaluation

To evalute our approach, we propose to apply the disambigua-
tion method to the LabelMe dataset.



4.1 The LabelMe dataset
The LabelMe dataset is build around a prototype
[Russellet al., 2008] for building an image dataset us-
ing Web users to annotate images. Downloaded from the
experiment website on the 9 nov. 2008, the dataset is
composed of 46302 images for 282838 annotated objects.
Annotated objects are drawn polygons, and annotations are
attached to each polygon. Among these annotated objects,
we can find 9698 classes, or keywords. Experiments have
ever been made to apply disambiguation methods with
WordNet on LabelMe[Russellet al., 2008]. However, the
disambigation is made only on the classes independently
of the real annotated object in the images. Moreover they
assumes that each polysemous class is present under only
one meaning. At last, as the association between annotation
classes and WordNet synsets are made manually in their
method, it could not be applied for large semantic image
databases (i.e. image databases with a large number of
polysemous classes, as for instance Flickr).

4.2 Ground truth
To evaluate our method, we have to build a ground truth
database from LabelMe. Indeed, LabelMe is usually consid-
ered as an image annotation ground truth but due to free-text
annotations, the quality is very unpredictable.

So, in our first experiments, we have removed from anno-
tations terms those that are not found in WordNet 3.0. In our
final dataset, we have aligned 32% of all the annotations in
LabelMe with WordNet synsets, i.e. the annotation is com-
posed of words found in one or several WordNet synsets, be
3118 classes. And among these annotations, 1735 are poly-
sems using WordNet, be 55% of all classes.

Figure 3: A sample image in our LabelMe sub-dataset, an-
notated with the ground truth:{light, cpu, keyboard, mouse,
can, speaker, telephone, mouse, mousepad, mouse, mug, bot-
tle, post-it, window, pen}

4.3 Evaluation protocol
To evaluate the method, we propose to compare our approach
to the one using the most common sense in WordNet. For

instance, considering the wordmouseused for annotating the
image of Figure 3, the most common sense in WordNet is
mouse#n#1whose the gloss isany of numerous small rodents
typically resembling diminutive rats having pointed snouts
and small ears on elongated bodies with slender usually hair-
less tailswhich is not the sense of the annotated object in
the figure 3. In WordNet, the wordmousehas the following
senses:

• sense 1:{mouse} – (any of numerous small rodents typ-
ically resembling diminutive rats having pointed snouts
and small ears on elongated bodies with slender usually
hairless tails)

• sense 2:{shiner, black eye, mouse} – (a swollen bruise
caused by a blow to the eye)

• sense 3:{mouse} – (person who is quiet or timid)

• sense 4:{mouse, computer mouse} – (a hand-operated
electronic device that controls the coordinates of a cursor
on your computer screen as you move it around on a
pad; on the bottom of the device is a ball that rolls on
the surface of the pad; ”a mouse takes much more room
than a trackball”)

Considering this example, we can feel the benefits of our
method. Our first experiments on a small set of polysemous
terms are promising. Nevertheless, we have not enough quan-
titative results to validate this method. An important nextstep
of our works will be to challenge our approach on existing
corpus or benchmarks.

5 Conclusion and future works
To sum up, in this article we propose a method to tackle the
visual polysemy problem in the context of automatic image
annotation. Compared to other methods, we propose an orig-
inal approach which enables to take into accounta priori
knowledge (WordNet), visual cues (by taking the visual infor-
mation on the query imageIq) and also term cooccurrences in
the image learning dataset. Our method allows to build an im-
age annotation composed of sense-tagged keywords. Our first
experiments take a modified LabelMe dataset as our evalua-
tion dataset and are still in running. Future work is logically
to quantify these experiments well and to validate it on other
databases (e.g. Flickr).
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