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Abstract—The demand for efficient methods for extracting
knowledge from multimedia content has led to a growmg research
community investigating the convergence of multimed and
knowledge technologies. In this paper we describeraethodology
for extracting multimedia information from product catalogues
empowered by the synergetic use and extension of dbmain
ontology. The methodology was implemented in the &de Fair
Advanced Semantic Annotation Pipeline of the VIKE-famework.
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. INTRODUCTION

E FFECTIVE acquisition, organization, processing, use anﬁ,I
sharing of the knowledge embedded in textual an

multimedia content play a major role for compeétiess in

the modern information society and for the emergina
knowledge economy. However, this wealth of knowkedg

implicitly conveyed in the vast amount of availald@ital
content is nowadays only accessible, if considerabanual
effort has been invested into its interpretationl aemantic
annotation, which is possible only for a small fraic of the
available content.
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The field of semi-automatic information extractidrom
multimedia corpora is central for overcoming thecadled
“knowledge acquisition bottleneck”. Multimedia soes of
information, such as product catalogues, containt te
(captions) and images (pictures of the products3 tlequiring
information extraction approaches combining seveiféérent
techniques, ranging from Natural Language Procgssm
Image Analysis and Understanding. In our approaehhewe
three main aspects to consider: 1) the informagigimaction
per se, 2) the ontology, its use and creation, 3nithe usage
of the ontology in the information extraction preseand the
synergy between different kinds of extraction pesess.

The development of adequate ontologies itself & @inthe
knowledge acquisition bottlenecks: the use of (semi
utomatic tools for semantic information extractifmom
ultimedia corpora is very promising but, to beicééhtly
xploited, must have access to a formal representaff a
iven domain, i.e., an ontology. We support theology
reation process in two different and complementaays,
ontology learning and reuse of existing ontologi@he
ontology learning approach takes advantage of ¢ésalts of
the extraction to enrich the ontology, and the eesspport
provides methods and tools to re-use already agisti
ontologies which capture the target domain undesinlar
modelling perspective as the one of interest ferdhtraction
task. This (apparent) vicious circle (between theecd of
having the domain represented in the ontology for a
extraction process and the enrichment of the ogyolased on
the results obtained from the extraction) can beed to a
virtuous circle if the necessary conditions are teetet the
evolving ontology and the information extractiomltinteract
in a synergetic way.

After a brief introduction to the Vike-Framework eth
general methodology is described in section lligliding
specific details about the four different composent the
system pipeline. Some conclusions will be preseintesction



The methodology we present is developed insidevikef
project (Virtual Information and Knowledge Enviroamnt
Framework, IST-2002-507173 - http://www.vikef.nethhich
creates an advanced software framework for enaltiy
integrated development of semantic-based Informatio
Content, and Knowledge (ICK) management systemsrtAp
from the scientific and academic interest relatethese fields
of research we have also registered a growing riesd
industrial parties for automated knowledge eli@iattools to
be applied to their commercial resources, such rasiust
catalogues.

THE VIKE-FRAMEWORK

VIKEF bridges the gap between the partly implicit

knowledge and information conveyed in scientificdan
business content resources (e.g. text, speecheghaad the
explicit representation of knowledge required fotaageted
and effective access, dissemination, sharing, used
annotation of ICK resources by scientific and bess
communities and their information- and knowledgeduh
work processes.

R&D within VIKEF builds on and significantly exteedhe

current Semantic Web efforts by addressing cruciff\

operationalisation and application challenges iildng up
real-world semantically enriched virtual informatioand
knowledge environments.

The task of (semi) automatically annotating contarjects
with semantic information requires a multi-phasadcpss,
where multimedia entities discovered within a canbtebject
are coupled with domain knowledge represented by
ontology. For effective semantic annotation supgdorguistic,
image-related and knowledge representation aspec
approaches, and formats, have to be combined ymexrgetic
way. The proposed methodology can be presented as
pipeline (together with the employed representafiamats
within the pipeline), which supports semantic aatiot in a
flexible and pragmatic way.

The pipeline has been implemented as a prototy|
developed as part of the VIKEF project and evallidiar
content from the Trade Fadomain.

The main components of the pipeline are four, aad loe
functionally summarized in this way:

THE METHODOLOGY

A) Annotation of text — the ontology based semanti
annotation of the textual part of the catalogue;

B) Annotation of images — the ontology based seimant
annotation of the images appearing in the catalogue

C) Elicitation and refinement — to make informatior
extracted by the annotation component machin
understandable and to enrich the ontology for #&ith
annotations;

D) Reuse of existing ontologies — to support theology

to

creation and refinement by exploiting existing dogges.

The approach has been thought and implementedtader
the possibility of triggering a “virtuous circle”.once
information extracted in the annotation steps ategrated
inside the ontology, the whole process can be ntestathus
allowing the textual and image annotators to exple novel
information added to the ontology during the presioun.

A. Annotation of Text

Semantic annotation of content is a crucial taskkgbly
the most important) for processing documents tadmessed
inside the Semantic Web. To semantically annotatxiait is
necessary to develop (semi) automatic Informatigtra€tion
techniques capable of overcoming the so-called itedge
acquisition bottleneck” typical of Semantic Web ated
applications.

Semantic annotation of product catalogues posderelift
challenges at different levels. Concerning the uaixtpart,
relative to product descriptions, catalogues do cmrtain
linguistically sound text: very often, sentences aonstituted
by strictly nominal descriptions, thus discouragihg recourse
to traditional NLP techniques. On the other handydpct
escriptions appear as semi-structured texts wheoeuct
atures appear in a fixed (or at least reguladgiorSemantic
annotation of product catalogues appears therefwmea
complex task requiring the combination of differeypes of
techniques. Previous works about product infornmatio
semantic annotations are quite scarce: the two mairks

input catalogues
<dentity»
<entity data_id="26">
<name>SANELA</name>
s
o @ Product catalogues
Do Italian
ot .
* Semantic
semantic annotation Annotator
of product
descriptions
proto
NLP Modules ontology
Tokenizer
Morpho Analyzer Product catalogues
Chunker )
Dependency Parser  [€®] Terminology Lo
Processor

Fig. 1: The general architecture of the annotasgstem, producing a
semantic annotation of product descriptions exthdrom the input
catalogue.

being the European project CROSSMARC [1] and thecBz
national project Rainbow [2]. The project CROSSMARIG\s
the electronic-retail product comparison, usirg



combination of language engineering, machine legrrand
user modelling, where a domain ontology is usetsasantic
glue” to link together the various analysis modules

Within the Rainbow project, a multi-layered ontojobas
been defined, to integrate the more abstract aspafcthe
domain (domain-neutral), relative to web-sites émeral, with
the more specific ones (domain-dependent) relative
concepts found in sites of small organization dafigiproducts
or services. Concerning the information extractitask,
Rainbow makes use of lexical indicators and, dejmgnoin the
document to analyze, applies HTML-centred or fed-t
centred extractors, in the latter case using shalparsing
techniques.

terminological basis for the development of thelfifproject)
ontology, to be populated using the informationivit from
the multimedia semantic annotation tasks.

Once this proto-ontology has been constructed utieg
PTP module, it is possible to run the PISA compoiiEiy. 2):
each product description is firstly extracted byttgra
matching starting from a set of regular expressi@ash one
matching a particular product structure. Once &rifgson has
been isolated, some of its components, interpretethe basis
of particular “groups” of the matching regular esgsions
(“name”, “type”, “product id”, etc.) can be detedte

The remaining “free text” part of the description then
processed by the NLP Manager module, which is able

The hybrid methodology we propose (which has beeaccess the NLP tools and the ontology, the former t

applied to Italian product catalogues belonginthfurniture
domain) makes use of two different approachest, fipattern
matching techniques are resorted to for isolatimgjvidual
product descriptions within the textual flow and fdentifying
their basic building blocks (e.g. the produaetme its price as
well as its natural language description). Therr, &ach
identified product, the natural language descriptids
processed by a battery of NLP tools ([3] [4]) imacge of
identifying relevant entities (e.golour, material parts of a
given product) and the relations holding betweesnthe.g.

part_of colour_ofwhich can be referred either to the product

itself or to individual parts).

The architecture in Fig. 1 includes two main conmgus,
the Product catalogue Italian Semantic AnnotatéSAp, and
the Product catalogues Terminology Processor (PBHBth
exploiting the battery of NLP modules, the former t

I

input catalogue

NLP tools PISA l
RegExp
Manager
ontology
> NLP Manager
>

Fig. 2: The general architecture of PISA componémtjuding the
RegExp Manager committed for the pattern matchitep,sand the
NLP Manager in charge for the analysis of thedftext” part of the
product description.

linguistically analyze the free text part of theoguct
descriptions, the latter to obtain thermBank5] upon which
a simple application ontology can be constructea, be
exploited for disambiguation. This “proto”-ontolofgrms the

linguistically analyze the text, the latter to r®opossible
syntactical ambiguities found during the analysis.
Consider the example in Fig. 3 which is relativethe
annotation of the description in the box about\egiproduct.
Through pattern matching it is possible to extriggtname
(“Sanela”), the type (cushion), the price (€12,95)s
dimensions (40 cm of width and 60 cm of length) ahe
product unique identifier (900.582.56), as weltlzss relations

A DESTRA:

1. STAVE specchio €29,95. Rovere.
Cm 40 x 140. 200.542.85.

2. SANELA cuscino €12,95. Fodera
in cotone.

Cm 40 x 60. 900.582.56.
™M 16 X

<entity data_id="25"> <relation data_id=34">
<product> <reltype>name_of</reltype>
SANELA cuscino €12,95, Fodera <subject>26</subject>
in cotone. Cm 40%60. 900.582.56 <object>25</object>
</product> </relation>
</entity>
<entity data_id="26"> <relation data_id=35">
<name>SANELA</name> <reltype>part_of</reltype>
<Jentity> <subject>33</subject>
o <object>25</object>
<entity data_id=-33"> ion>
<part>fodera</part> <relation data_id=“36">
</entity> <reltype>made_of</reltype>
<entity data_id=“34"> <subject>33</subject>
<material>cotone</material> <object>34</object>
</entity> </relation>

Fig. 3. Example of product semantic annotation]uiding entities
and relations among entities.

between this information and the product itsel.(name_of,
price_of, etc). The natural language descripticeniidied at
this stage is then passed to the NLP Manager wisicim
charge of acquiring, with the support of the apmdlmn
ontology, further information about the product: this
example, the system detects a part (“cover”) andagerial
(“cotton”), as well as a relation holding betweeherh
(“made_of"). The box below contains a snippet @& (XML-
style) final annotated product description, whevene of the
extracted features of the product are listed, otioly the fact,
for instance, thahe cover of the cushion is made of cotton

A preliminary evaluation of the system has beenedon
analyzing the semantic annotation of the “IKEA 20@6élian



furniture catalogue. There are two main levels \lgation
that have been taken into consideration, relativehe two
main components of the system: PTP and PISA. Duhdo
lack of a “golden standard” furniture ontology tongpare to
the one obtained with the help of the PTP compgreeftiask
based” evaluation technique has been adopted, wthere
coverage of the ontology has been indirectly evatlian the
basis of the quality of the obtained annotation.
To sum up the results of the preliminary evaluatiancan
say the ontology is able to detect approximatedy?0% of the
terms appearing in the free text description of ékéracted
product and put them in the correct relation, themring a 0,7
of recall. On the other hand, considering that otdyms
included in the ontology can be extracted, theesgsscores a Eig. 5. The final result of the geometrical Iay(mtalysis algorithm. Th_e
.. . . . . . . figure depicts the subgraphs extracted and thekrbis of the edges is
precision of 1. Concerning the disambiguation fiomality, related to the score obtained by the caption-figissciation.
our analysis has proved that every time two temmasarrectly

detected and recognized, the disambiguation wakksr all, A catalogue document usually provides a rich sowte
we can assert that the quality of the linguisti@lgsis is structure. As far as the first algorithm is basedaomodified
strongly related to the ontology coverage. version of the data mining system SUBDUE ([6]). SRIEE is

From the pattern matching point of view, the systems a system that discovers interesting substructurestriictural
scored a 0,9 of precision and 0,8 of recall, exingc800 data based on inexact graph matching techniques and
products out of 1000 applying 9 different regulgpressions.  computationally constrained beam search algoritbidegl by

Concerning the task of semantic text annotatioruréut heuristics. In particular, a substructure is eviadabased on
directions of research include, on the one handafipdication how well it can compress the graph, according éonimimum
of the presented technique to different producalogues (not description length principle. Highly compressingustures
necessarily in italian) and, on the other hand,e@ution of can be considered as building block of the entita det.
the methodology by the integration of a more sdjufsited To apply the algorithm to a document, we consteugtaph
ontology learning from text system currently underepresenting the page layout (Fig.4). The graphesgmtation
development within the DylanLab of the ILC-CNR iis&. consists of two types of vertices, image (clasdifie three

B. Annotation of Images categories: highlight, scene and miscellanelous) End

. . , ) paragraph, and one type of arc representing theiakpa

The information conveyed by.a multimedia document 'relationships between the vertices (e.g. top-aferlapping).

analyzed and extracted at two different levels: doeument The algorithm can provide abstract structured cavepts

!evel,_ In (\jNh'Ch .dthe. dgcuhment (g;qmetrlcall‘ (Ijgyow Iresulting in a hierarchical view of the documerattiban be
:nveistllgateh. Eon,s' ering bot te>.<t ‘Zn_ Inges,id?blm?g? analyzed at many levels of detail and focus. Uguail
evel, In which pictures are examined in order ésafibe their catalogues a common recurring structure is formgdrage

y|sual c_ontent and to recognize the depicted owjeTwo and caption (Fig.5). It is remarkable fact that,levtext and
interacting methodologies were adopted to analyhe t.

. o images may be separately ambiguous, jointly thay ot to
document at the two different levels, both of thexploiting a be. Establishing from the catalogue structure nmedui links
domain ontology.

between images and text paragraphs allows exgoitie
semantic annotation of the textual part to semaltyi@annotate
the images or to guide image processing algoritihnasder to
recognize the object depicted or to infer corresience
between words and particular image structures (gd3][8]).

Domain knowledge can be also added to guide theodisy
process and to separate the important substructuoesthe
irrelevant ones.

The methodology adopted to describe the image obnte
relies on MEMORI ([9][10]), a system for the deteat and
recognition of objects in digital images using ptered visual
information obtained from shots or 3D models. Objec
recognition plays a crucial role in Computer Visiespecially
Fig. 4. The graph structure representing the peagmit. Each graph vertex in the ??mantlc descrlptlon of Vlsual. ConFent: A".tgh object
is associated to a text caption or to a producginamages are extracted '€COgNItion has been intensely studied, it stithaens a hard
from the page background by means of a segmentalgmithm. and computational expensive problem. The mainaliffy in



Fig. 6. The MEMORI system analyzes coldgithl images in order t
detect and recognize objects. The figure show$ereft an image extracted
from a catalog, and on the right the recognizedeatbplong with the
resulting annotation compliant to the MPEG-7 stadda

the description of image content is the lack ofinfation
about the kind and the number of objects possilbgsgnt.
Moreover, objects can appear at different locationghe
image and they can be deformed, rotated, rescdiffeliently
illuminated or even occluded with respect to aneiee view.
In order to simplify object detection and to
computational cost, many systems (e.g. [11]) lirttie

recognition to specific classes of objects. In ¢hesses, a
priori knowledge permits to select the most desivap
features for the objects at hand and to circumedtile search
space. However, even under this restriction, highsification

performance is seldom reached. Moreover,
recognition systems rely on user interaction teelas wrong
or correct the returned items or to improve systesponse
[12].

The MEMORI system tackles the object recognition

problem by segmenting the input image into regiapmlying
a region grouping algorithm, which interacts with abject
classifier, producing a set of object candidates fédtering the
candidate list (Fig.6). The object segmentation i@adgnition

modules need domain knowledge in the form of object

shapshots from multiple view points.

Supporting the extraction and recognition proce#th &
domain ontology allows the development of conteméiz
strategies in order to guide and focus the multimedmantic
analysis. The knowledge of the image context perrtie
object recognition module to restrict the searchatbmited
subset of objects and to refine the heuristics t@ig object
hypotheses according to their own context. The rothay
round content based image analysis allows the sitigmi and
exploitation of similarity relations among multiniadentities
thus allowing to refine and enrich
representation modeled in the domain ontology.

The experiments and tests conducted so far shoittiba
proposed approach is a promising method for thectieh and
recognition of objects and for image annotation.ektensive
assessment of the performance was conducted ontlaety
test-bed. A set of synthetic images has been aehte
drawing on a non uniform background rotated andalesl

reduc

many bbjec

version of objects taken from COIL-100 [13], a detse
widely adopted in the object recognition community.

The achieved recognition rates were compared witiero
state of the art recognition methods ([14][15]), MERI
performs best in all experiments, regardless ofrilnaber of
training views. The recognition rate is over 96%vas few as
only 4 training views, demonstrating the robustnetshe
method. New techniques to make the system robust wi
respect to illumination changes and partial ocolusi are
currently under development. Future work will extethe
evaluation to more complex and non synthetic imagée
potential synergy between visual similarity and aetic
similarity measures based on ontologies will alse b
investigated and exploited.

C. Elicitation and Refinement

Once information has been extracted from text amages,
and stored in the XML-based format partially ddsed in
Figure 3, the next task is to make its meaningieixgand thus
machine-understandable) by transforming it into uitable
(BDF/OWL representation.

This transformation has two parts

The first step, calledsyntactic elicitation aims at
producing a collection of RDF statements, namely an
explicit representation of the knowledge contentthod

construct the fact (expressed by an RDF statentbat)
the string “900.582.56" is the ID of “SANELA” (aclly,

of some entity which happens to be a product named

“SANELA”).

The second step, calledsemantic elicitation and

refinementaims at leveraging the RDF representation to a

full semantic level, where entities are assignegraper
identifier (a URI), properties are associated tmsalata
type or object property in some domain ontology rgno
precisely, are replaced by the URI of their ontaiah
counterpart), and finally entities are assignedht most
appropriate class (e.g. “SANELA” should be assigted
the class of cushions, which belongs to a hieramhy
classes which is very likely to include among itsestors
the class of products and of physical entity).

The first step, in our implementation, is rathenglie, as it
is performed via a simple XSL transformation frome XML
schema depicted in Figure 3 to a collection of Rikdtements

the kn0W|edg(:expressed in the RDF XML syntax. The only trickytpa the

decision of what statements are to be produced thenXML
file (in fact, we observe that the simple snippetFigure 3
contains a large number of implicit statements, Hratefore
one needs to select the most useful ones). Themetof this
step is an RDF file containing a potentially largember of

! More details are provided in [11], where the endiKEF knowledge
pipeline is described thoroughly.

XML elements in the schema. For example, we want to



facts about the product catalog.

The second step is by far more interesting. Indtedlgoal
is to qualify the RDF statements generated in tiegipus step
by linking their constituents to some pre-existiogtology?2
(this is what we call semantic elicitation). In @pproach, this
task can be decomposed in two different sub-tgdhsentity-
level elicitation, and (2) class/property-levekéhtion.

The first sub-task is implemented as a problem
matching entity descriptions onto the entities etioin an
repository called OKKAM. A full description of OKKM is
beyond the scope of this paper; the main ideaaisitltreates
and stores URIs (which can then be reused througtiphe
applications) together with additional informatiangcluding
any known description of the entity itself. Oncaeav entity is
recognized in any digital document (plain text duoeuts,
relational databases, HTML pages, and so on), OKK&avi
be queried to check whether that entity already én&sown
URI, which is returned for reuse; if no match isrid, a new
entity is created, and stored with its URI and alhilable
descriptions.

The second task uses a tool, called CtxMatch2.(Q fd6
schema and ontology matching, which is a VIKEF paigd
extension of a pre-existing tool. The details omaatic
elicitation with CtxMatch2.0 are provided in otheapers (see
e.g. [17]). In the scenario described in this paples tool is
used to match categories and relations extracted fatalogs
to classes and properties found in any availablenaiio
ontology. The matching method uses two sources
information: the hierarchical structure of eleme(igich is
particularly important in product catalogs) and idax
information associated both to catalog labels antblogy
elements.

The outcome of this second step is a refined R2Rnwhere
linguistic descriptions of entities are replacedumgue URIs
(which can be used later to merge RDF graphs pextifrom
different catalogs or in general from differentleotions of

documents), category names are replaced by the WRIs concepts

ontological classes (if available), and relationmea are
replaced by the URIs of data type or object proper{if
available). We notice that entities may be clasdifusing
complex concepts, compositionally constructed frameir
linguistic descriptions (for example, “SANELA” will
correspond to a cushion made of cotton).

A final remark is that the outcome of this elidivat and
refinement phase includes a mixture of knowledgeing
from multimedia sources, namely text and pictuies single
representation.

D. Reuse of existing ontologies

modeled in different ways by different ontology eregrs.
Even if the domains are the same, the perspectiveer
which they are modeled are usually different. Orey wo
detect the differences (or similarities) of the milih
perspectives is by analyzing the relations exisbiagyveen the
concepts. Due to the already mentioned intrindiicdities of
the ontology engineering task, advanced researcheisg
gferformed in order to find a solution to (partidliyvercome
these problems. The method and tools aim to suptbert
ontology engineer in finding existing Semantic Wettologies
written in OWL (or parts of them) that model thegeted
domain in a similar way; this is, with the same oty
perspective. The approach relies on the existehseaschable
pool(s) of ontologies where candidate ontologies dze
searched for and pre-selected based on a usefisgemt of
desired ontological classes (this set is calledrfrent). The
pre-selection process searches for a specific ptieenatch
of labels and synonyms of them appearing in the sjsecified
fragment and ontologies in the pool of ontologi€sirrently
we are using the SWOOGLE (http://swoogle.umbc.edu/)
ontology repository, but any other similar repasitecan be
easily incorporated. The pre-selected ontologies #ren
further analyzed in detail by analyzing the lallslasses and
relations in combination with a lexical resourceur(ently
WordNet). Labels are analyzed and word meaningsedaged
by various means in

order to compute the

tkelihood of one or the

other possible sense of i

word to hold in the

given context. This is

then represented in twc

ways, in a logical

formulae (following the

[18] approach) used for

detecting similarity of

using a

reasoner and as weight

of relevance for each

possible sense in orde

to compare concepts

and decide if they are ) i
imilar and to which Fig. 7. The architecture of the described
simi - 7 approach for the re-use of existing
degree this similarity ontologies.

holds. The relevance

measures are combined with the logical resultgderoto give
a measure of the closeness of the considered csncdpe
architecture of this approach is presented in Hig.The
ontology engineer can then decide to use any optbposed

Ontology engineering is a very time consuming anfniogies as a basis for performing the requineeresion of

subjective task. It is time consuming because ihasd to
model not only new, but also already known domaars
subjective since in most of the cases the same idenaae

2 See next section for what concerns the supporpraeide to build an
ontology by reusing existing ontologies.

the initially specified fragment. There exist saledifferent
techniqgues for matching ontologies, using very edédht
approaches. Ontology mapping, ontology alignmentl an
ontology matching fall all under a broader reseanaa where
correspondences between two schemata need todoelied.



In some cases rules for mapping schemata need ¢oebéed,
in others it is enough to know the relations erptbetween
two or more elements from different schemata. Trea af
alignment or matching of schemata has been lordjestiand
many approaches exist in integrating database sathgeXML
schemata in general,
approaches to ontology alignment are the approadébes
schemata alignment, especially taxonomic hieraschos
classification hierarchies in general. A comprehaenstudy is
presented in [19]. In the following we will preseabme
approaches that are more closely related to thepogsented
in this section.
The iPrompt [20] tool suite contains tools for dogry
merging and alignment among others. Its input asetaf
pairs of related/similar concept from different @ogies,
based on them it proceeds to find other pairs mwifilai
concepts relying heavily on the structure.

The GLUE approach [21] uses a machine learning

approach to analyze instances. The similarity ofcept
meaning
distribution of the involved concepts.

is defined based on the joint probabiliti8]

extraction from multimedia sources, in particulamfi product
catalogues. Our methodology tries to enable aotducircle
by which domain ontologies are used in the extoacgirocess,
and at the same time the extraction process becamey for
creating or extending the available ontologies. Tésult of

qguery mediation, etc. The estosthe extraction process is a semantically rich regmtation of

the content of catalogs, where knowledge extrafrtad texts
(e.g. product descriptions) is integrated with krezlge
extracted from pictures, and made available for senvice
one may want to build on top of it.
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