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Context-based Retrieval as an Alternative to Docunrg Annotation

Simone Santini, Alexandra Dumitrescu
Escuela Politécnica Superior
Universidad Autonoma de Madrid

Abstract

This paper is a theoretical analysis of formal dation and ontology for the expression of the semaif document. They are found
wanting in this respect, not only for technicalseas, but because they embody a fundamentally ohésstood model of the process
of signification. We propose an alternative moaelvhich the interpretation context plays a fundatalerole in the definition of an
activity gamehat includes all actions performed on a docunmienh,ding accessing external data. We briefly désatiand its current
technical embodiment.
be used to explain images, images to explain imeges
can set the mood in which text should be read, dext
images can be two independent examples of the same
1 ducti category, text can contrast or contradict images, $o

. Introduction on. In this case as well, the most important thhrag we
After roughly ten years of work on image data bases should consider to make sense of the juxtapositfaaxt
image semantics is, quite truly, the bestia neta@field, and images are the context of the search and the
the embarrassing skeleton in the closet of anyareber,  discoursive practices of the environment in whibke t
the little dark family secret we don't like to tadkbout. We  sinoptic tex{(the organized layout of text and images) was
all know—unless we are kidding ourselves—that very created.
litle of what we do makes sense unless it can help
somebody make semantic sense of the images in a 2. Visualism Nailed
repository, that none of our features or indexiclgesnes
will be very useful unless they can somehow hekp t
process of signification. This much, we know. Orwho
this can happen our ideas are, by and large, ratioee
confused.
We have argued for some time that, in our opintbs,
difficulties in extracting meaning from the imagas due
to the rather misled viewpoint that meaning ise¢harthe
first place. That is, our difficulties are due, mdhan to
technical obstacles (which are also present arukerat
formidable but against which we are, all in all, lilwe
equipped) to a misunderstanding of the nature of
meaning. One evident sign of this misunderstaniditige
expression “extracting” meaning (an expression tiat
just used, in what we admit to have been a proimtat
which subscribes to the essentialist view according
which meaning is something that exiatgriori, behind
the image, so to speak, and of which the imageaiisab
code. If we could solve the problem of interpretthgs
code, the argument goes, technically difficult ass t
problem might be, we could “read” the image in the
correct way, and have access to #msenceof the
meaning behind it.
This is, as we have come to realize, not the s the
essentialist view is, if not unbearably naive, east
desperately inadequate. Images are a node in aleomp
network of signification that goes beyond their teon
and includes other forms of textuality that go au
them, as well as the cultural practices of the comity
that creates or receives images. There is, on @tbgts,
no meaning in images (or in anything else, for thatter)
independent of the process of interpretation, agse that
always takes place in a given context and as faa o
given human activity.
These considerations extend to the relation betweerincorrect term meta-data.
images and words. There isn't one relation betwegh
and images but, rather, a multitude of modalitiest can

h One of the questions that the call for paper piteseto
the participants to this workshop was: “what eletaéma
lexicon correspond to picturable objects?”. Thisgjion
reveals, in a rather transparent way, a presuppoghat
underlies the whole area of image annotdtidmages
containobjectsand, somehow, the meaning of an image is
a function of the objects it contains. Sometimeis th
hypothesis is strengthen to encompass composiipnal
the meaning of an image is a function of the megin
the objects it contains. With a certain flair for
simplification, one could say that this point ofewi
endorses statements such as “the image of a peeaits
‘pencil™, or “the image of a nail means ‘nail”.fl
somebody truly believes this, we see no better teay
dispel it than reporting an example from a prof@sai:
the Mexican photographer Pedro Mdyén response to
the question “would not a photograph of a pencilaon
table always be just that, a photograph of a pentih
table?” he replied:

[Researchers in Peru had] the idea of using

cameras to discover the codes being used by

[poor Peruvian children]. They would ask a

simple question and then elicit from the

children [...] a response with a picture made

with very simple cameras.

They wanted to know what these children

thought of “exploitation” [...]

One child came back with a picture of a nail

on a naked wall. At first the instructors

thought that the child had misunderstood the

! Some people prefer to use the charming but etinatg

2 The example was reported in (0), and we used drbeh (0)



idea of the experiment. But upon further on ignoring it, keeps popping up whenever peopke ar

investigation they found out that these involved in the use of computers. We will devote th
children were living in an extremely poor following two sections to these phenomena, stantiith
town, several miles outside of Lima, and in the latter.

order to make a little bit of money they

walked every day all those many miles into 3. Human Nature

town to shine shoes. And so that they did not
have to carry back and forth the heavy load
of the shoe boxes they rented a nail on the
wall at someone’s place in town. And the
man that rented the nail charged them for this
half of what they earned for the whole day.
As you can see, sometimes a nail on the wall
means much more than a nail on the wall. Or
for a Cuban child the picture of a pencil on a
table might have implications dealing with
the blockade, as they had no pencils for a
long time.

To the best of our knowledge, the only call for coom
sense in the orgiastic euphoria about the podsilil
consistent and correct annotation of content canomen f
Cory Doctorow (0), whose arguments—some of
them—we will briefly sketch in this section. Doatar
considers seven reasons why “meta-data”, evenelf th
were conceptually possible, would not work in alitya
some of these reasons are not particularly relewathis
context, so we will concentrate on the relevantsone

First pragmatic mattepeople lie People who want you
to look at their content (companies, for instanes)
write all sorts of falsehood to attract you. By datye,
writing one or two falsehood is called lying, wnig many
big ones is either marketing or politics. You wfihd
many examples of both in any annotation corpus not
produced under strict control. That people lie tkenyou
look at their page is the reason why every dayeeeive
one or two email saying that a nice, bored gidyimg to
meet us, or that somebody would like to use ourkban
account in order to transfer 30 million dollars aft
Uganda.

Second problempeople are lazy If people are not
interested in using annotations/titles/notes tptliey are
probably not interested in using them at all. Soury
electronic mail is full of messages without a sabjae,

or with a subject line such as “Re: X", where Xtle
subject line of a message that was sent three rm@fby,
disks are full of documents called “untitled.docidaso
on. In other words: people can be counted upon tinly
create the annotations that are useful to thenthieytwill

not spend any amount of time, no matter how snhall,
create annotations that are useful to you.

Third matter: people astupid As a matter of fact, people
can’'t even be trusted to be thourough when thein ow
interest is at play. Seven years after Doctorowample,
you can still find a sizeable number of PDAs andZzo
trees on e-bay by typing the word “plam”. If peopbn’t
take the time to correct their spelling when theates
depend on it, how can you trust them when theyjusie

producing annotations for your searching converé@nc
*k%

This example is interesting because, all in adl,¢gbntents

of the image are quite irrelevant to their meaniBetter
yet: the contents of the image are relevant ordgnmuch

as they are apparently unrelated to their mearang,
assume a relevance once they are transformed by the
intended meaning. This is an important reversathef
naive assumptions about meaning: it is not theecasitof
the image that determines its meaning; it is thammg
(given, in this case, by the material circumstanoés
production and by the discoursive practices thateythe
process of production of photographs) that grales th
contents, repossesses them, and uses for its onanse
purposes. If we want to discuss this image, we Ishoot

ask ourselves what it contains but, rather, what
instruments of communication have been used for its
production, what relation between objects and stafe
the world have been singled out by the choice &f th
particular content, and what discoursive practiceke
this relation an acceptable way of communicatinghis
case, a relation of metonymy leads from an objecta(l

on somebody’s wall) to the exploitative relationvdfich

it is a part. The relation between the image amsd it
meaning is given here by a particular context: dfdts
production. We can't really understand the imagleas
we are told the story of its production and oftbatext in
which this happened.

*kk

These considerations (of a much wider generalignth
this simple example) deny validity to what might be
called the naive theory of annotation, according/ich
describing the objects in an image and their r@fati
reveal its meaning. One can still defend annotation
though: it is still possible, the argument would, go
fathom a system that would formalize not only the
contents of an image, but also its relations wike t
textual, iconic, and iconographic elements thatcund

it, the discoursive practices of its creation ahdt (here
we are stretching plausibility) the complex relatio
between contents, context, and discoursive practce
one side and meaning on the other. We believe ¢lvat

in this somewhat more sophisticated setting, thsttin
annotation is misplaced for two orders of reasdhes:
dependence of meaning on the interpretation proeess
the existence of that pesky inconvenient called dum
nature, which, as much as computing scientistkeea

In addition to these human, so to speak, problems,
Doctorow highlights some issues related to the readd
formal, hierarchical annotations. In particulaerairchies
are never neutral; they derive from a certain valsem,
and the semantic axes along which the divisionsrade,

or the order in which they are made, are an exjoess

this system. it is not possible to use a clasgifica
without accepting its value system. A car taxonanay
starts, at its highest division level, with the éygf the car
(sports, sedan, hatchback,..) or with a mileage
classification (low, medium,...). We suspect that
greenpeace would propose to use the second, ahd tha
General Motors would opt for the first. The poist i
neither or them is innocent or neutral. Each cfsgion
represents an ideological commitment that is forgeoh

the user.



4. The Death of the Reader

Even if we assumed that formal annotation could do
incomparably more than listing the objects in aagdge
even if we assumed that people were willing to be
thorough and truthful, the final considerations thé
previous section evidence a further—fatal, in our
view—limitation of annotation, be it formal or not:
annotation always embodies a normative notion of

meaning, one that takes in no account the procéss o

interpretation and the circumstances in which ket
place. Roland Barthes (0) criticised the habit of
interpreting a text in reference to the (hypottajic
intentions of its author: what we are really faegth is an
autonomous text and an interpretative situationethvdr
there was an author, what the author thought, kkat
believed, what he intended to communicate, is smapl
speculation that we make during the interpretagicthe
personality of the author is created jointly by thet and
by the community of reader, his intention is a niddat
the reader uses in order to create a sense foexhdt is

an act of interpretation, and a text would not deaiis
meaning if we discovered that the author didn’tsexit
all, as it happened for the llyad and the OdysBaythes
calls this discovery the “death of the author”.

The field of formal annotation seems to have taften
opposite point of view: far from proclaiming thendiee

of the author and the opening of the possibilitads
interpretation, it tries to normatively lock thenténded”
meaning in a formal structure, to make significatio
independent of the act of reading and of the cistances

in which reading takes place. Annotation attemputs t
freeze the free play of signification, fixing itcmand for
all and making it independent of the reader. Innitsst
explicit incarnations, such as the semantic wele th
formalization of meaning is pushed to a point whikie
reader can be disposed of completely: the formal
specification of meaning can be read by an algaritho
the Barthesian death of the author, annotationoredp
with a rotund call for the death of the reader. Buhe
reader is dead, there is nobody left to make seisédext,
and reading is always reading in a given context. T
translate these observations into a more explanitnf
something closer to the computational needs, omghtmi
say: there can be no semantic (whatever that migiain)
access to information unless we take into accohat
context in which access is made.

t

5. Context based Retrieval

meaning of these elements, and from the

discoursive practices that constraints the

acceptable ways in which they can be put

together.
lll. In any case, one should not trust annotation, be
them in the form of labels, of natural text
specifically written for the purposes of
facilitating search, or in more formal ways such
as predicates and logic theories (also called
“ontologies”). It might be too much to say that
all people are lazy and stupid liars, but it is
certain that whatever they write in the way of
annotation (if anything) can’t quite be trusted.
The only reliable source of information about the
data is the data themselves.
The first point is technically the most relevanttud three
because the techniques taht we develop to formalize
context and to determine the relation between two
contexts can then be applied to the characterizaticthe
production context in which an image is placed, and
because succeeding in such a characterization utithe
intervention of special annotation would lead &phution
for the third problem.

*k%

Before continuing, reliance on context must somebew
justified, and the relation between context and mrea
must be, in part at least, clarified and formalizétie
relation that is generally assumed between meaauith
text (we are using the word “text” in a very geheense
here: any thing that signifies using an establigtozte is a
text in our definition) is that the context contribs to the
interpretation of the text that is, in a somewhatpdistic
way, that context is that thing which changes tieanng
of a text.
A useful point of view is to reverse this definitiaexts,
once assimilated or spoken, change the contexhiohw
they are placed, and the meaning of a text is pebcthe
change of context that is provokes. Meaning is ¢o0
sought in the relevant context changes that campédce
in a given communicative action. Consider the folly
example (0): | am asking “does Maria Ike wine?” gond
answer me “She hates all kinds of alcohol”. Whathis
meaning of your statement? | am into a contexthichv|
don't know whether Maria likes wine or not, andrh a
seeking a movement into a context in which eitheriil
likes wine or she doesn’t. The meaning that we tpvihe
answer is the one that provokes one of the deslradges
in context. In this case, | will interpret your geal

The previous considerations seem to point towards astatement about Maria’s dislike for alcohol as sgythat

certain number of criteria for the design of an gma
retrieval system:
I. To have a model of content, however

she doesn't like wine. Formally, if one has a cahte
and the presence of a téxthanges it to a contegt, the
meaning of text t in that situationigt) = 4(C,C").

determined, is not sufficient for retrieval; the This point of view, when app“ed to data semantics,
most important model is that of the context in Changes Comp|ete|y our way of |00king at the pr[yb|e
which search takes place. Modelling content is For one thing, one can no longer talk about tehringgof
not a value per se, but it is only valid as a why 0 a document: meaning depends on the context to vihéich
interpreting content from the point of view of document is applied. If we want to continue to ifiout
context. the meaning of a document, te only way in whichoae
(approximately) do so is by regarding it as a fiorcthat
Images do not signify alone; they acquire transforms contexts into contexts that is, in matakcal

meaning, as everything else, from the context in terms, the meaning of a document is an endorphigtrei
which they are accessed. Additionally, they context space:

acquire meaning from the relation with the

elements with which they appear, from the HO €~ C ()



This point of view also helps us answer an impdrtan
foundational question: can meaning be formalized? |

should be obvious that the question, thus as fiosed,
does not have an answer: meaning can only be faeaal
to the extent that the context to which it appled, and
only when applied to formalized contexts. In a ctetgly
free and unconstrained context, there is verglitte can
do to formalize meaning. In this sense, the dre&athe
semantic web to formalize meaning so that anybady,
any context, can do “semantic data access” islagiah.
In more structured activities, in which context carpart,

be formalized, the formalization of meaning comes

naturally. This point of view even leaves some spiac
annotation. If you still believe that people ardiatgde

annotators, then you can fathom a way to deschbe t

discoursive practices that controlled the produrctié a
document and, possibly, the how and why of theiozla
between different parts of it. This would not, bgya

Its sibling directories will contain documents sdmoe
related to the topic at hand although, probablyt, s
directly as those that can be found in the workatory.
The siblings of the conference directory (and their
descendants) will contain documents related to our
general area of activity, although not necessdliilgctly
related to the topic of the presentation. Thisgxtjin its
context search component, will look for ways to thée
information in order to direct and focus the seariis
information will constitute the context of the sefarOne
consequence of this point of view is important egioto

be noted from the outset: data access is no loager
independent activity, but can take place only ie th
context of a certain activity.

means, be the meaning of the document, but it would!n section 2 and in point 3 of section 3, we ctzastj quite

formalize theproduction contexthat could then interact

with thereception contexof the reader (the one that we

called simply “context” above) to change it: theohe in
the reception context caused by

pursue the point further in this paper.

6. Getting the Context

In order to carry out the programme outlined in the

previous section it is necessary to know the cdnéa

data access, and to have it available in a machin
processable form. There are many human activities i

which this is not possible: when you play pokerhwat
group of friends or go out with your girlfriend ém
boyfriend) there are no processable traces of #ning
of these activities: they leave no digital trace.t@e other

hand, for many of us, many work activvities are
performed using a computer, and they do leave itatlig

trace that can tell us about their context. Suppesare
preparing a presentation for a conference to wiviethad
submitted a paper and that, during this processieed to
clarify a point or to look for an illustration foour
presentation. In order to prepare our presentatierhave
created a document in a directory (let us say ttezibry

presentation) where we have possibly copied some
documents that we thought might be useful. This

directory is likely to be placed in a hierarchymehing
like this:

work
admin publications
e T
// .
# R

journals

SN

conferences

<

ontoimage

/

paper presentation

the
text-cum-production-context is meaning. We will not

severely, the reliance on users to annotate wiest dine
doing, based on the general lazyness of the average
computer user (we could paraphrase Barnum anchaay t
“nobody has ever lost money for overestimating the
lazyness of the computer user”). The same general
objection would appear to apply to the use of ihectbry
structure as an indicator of relevance. We all know
somebody whose desktop is completely covered with
documents because that person has never created a
directory in his life. In part this objection is lidg but
there are two considerations that suggest thahercase

€f context, the problem might not be as serioumake

case of annotations:

I. In the case of annotations, people have no
incentive to annotate other than making
somebody else’s life easier (namely, making life
easier for the person who searches); in the case
of directory creation, the creator is making a
service to himself, since direcroties are useful,
independently of searches, in order to organize
one’s work. Because of this, we can expect that
lazyness will be less of a factor for the creation
of directories than it is for the creation of
annotations.

In any case, a rich directory structure will hegp u
formalize the context, but formalization does not
depend entirely on it. That is, even in the absence
of a good structuring of directories, we can still
gather information about the context of a data
access.
Utilitaristically, one can say that the structuriagd the
discipline that leads to a good context formalmmatis
useful for the person who makes the searches, ligle
discipline that leads to reliable annotations i®fuls
mainly to people other than the annotator. Humaaorea
being what it is, we can expect that the first faiheffort
will gain more adepts than the second.

6.1 Context Representation

The problem of representing context and, most
importantly, to make it interact with the documegsstill
largely unexplored, at least as far as computingnse
goes, and it is not clear in which direction onewdt look

for a proper representation.

As a first step, one might consider the use ofnagles



from information retrieval. Here, we will give some case, namely a case in which the external congespi
pointers on the possible use of a model basedvattar constraining that the readong of the symbol “C34h ¢
space representation of word contexts (0), and abasically have only an interpretation, and to edtéme
self-organizing map to give a non-linear form ofela same model to the common situation, the one intnhie
semantics. This is the model that we are currersiyg in interpretation context plays a much more importamie.
our activity.Word context are groups of sequentiaids We have given our arguments (convincing, we hopgs) w
that occur in a text. In this case, they are morewe believe that this position represents a gross
representative than single words because they regptu philosophical simplification, and we believe thawiill
statistically, collocations, which are relativelyrasg ultimately result in the sterility of semantic contimg.
indicators of the meaning that a word is given daie Technically, this paper has presented the outlih@ o
context (if the word “bank” cooccurs with “investrig different model of meaning, one in which the re&der
it is likely to mean a financial institution, if @o-occurs  context plays a preponderant role. We have predemte
with the word “river”, it is likely to indicate thborder of simple framework that in the future will be extedde
a body of running water, and so on). These different directions: on the one hand, the intagrain
co-occurrences will be represented in a suitabédufe this framework of more formal representations, estst
space and self-organizing mag0) will be used to cluster  for those parts of the context that can be forradlizon
and represent its contents, using again fairly detech the other hand, the development of suitable date ba
techniques (0). techniques to make this kind of query efficient.
The map represents a sort of non-linear latent séma
subspace: it captures the statistically signifigaations
between terms in a given context. The learningrétlyn 8. References
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ontological programme that comes with it, might bet
the proper way to consider the problem of the nreaof

the data and, in general, to frame the issueseckltd
semantics.

This position goes against a certain common sense
philosophy. We can look at texts, read them, anétema
sense of them, and it seems natural to interpiegtt as
unlocking the meaning that is in the text. Aftdr dlwe
don’t know from what gate does flight 354 to Newrko
leave, and we read the announcement board ofrihergi
we end up knowing it. It is easy to model this &iton as

a transfer of a specific information (viz. that thight
leaves from gate C34) from the announcement baard t
me. The error is the failure to recognize that ihis limit
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Abstract

Words can be associated with images in differerysw&oogle and Yahoo use text found around a pto@ web page,
Flickr image uploaders add their own tags. Howlum annotations differ when they are extracted ftexh and when
they are manually created? How does these langpegelations compare to written text? Here we camtiour
exploration of the differences in these languages.
correlation between co-occurrence statistics ofmanhi
. names and background scenes in running text, and in
1. Introduction human supplied tags. We also found differences
Language models associate frequency to languagdGrefenstette and Pitel, 2008) between the typewods
phenomena (Croft and Lafferty, 2003). Unless images  used to index images by hand and words extracted fr
being matched up using low-level visual features text, for example there are more nouns used in lraage
(Vasconcelos, 2007), words are used to index anigve tagging than adjectives, compared to the propon&ed
images. It is important to know what words are uged in written text. Certain activities are overreprese in
index images and what the characteristics of tineses image tags (e.g. weddings) than in written textisTh
are. The principal characteristic that informatietrieval article continues these preliminary investigations,
uses is word frequency, a simple uniterm languageetn examining additional language sources: Wikipedid an
In this article, we present a preliminary explayatof the Yahoo! Image indexes.
types of words used to index images on the webgubie
uniterm language model of image index terms in two
different image collections: Flickr images and Yaho 3. Different Language Models
Images. These language models are compared to theh order to compare different language models, egab
models found in two text-based web collections: with a list of English words, drawn from a full for
Wikipedia, a clean, edited collection, and in gahereb  |exicon of English words. Over a period of timeclkea
pages indexed by a general search engine, Exalead.  word was submitted to a search engine and the wgésp
Yahoo Images extracts index words from metadatafrequencies of these words were recorded. In otder
found around images: filenames and text in linkgatas anchor the web search in only English pages, tadavo
pictures, as well as from surrounding text (Dataal overcounting cognates from different languages (for
2008). Flickr indexes pictures using user-suppli@ids  example, conflating counts of the English and Germa
(MarIOW et al 2006) We will show below that these two word d|e) we recorded the page frequencies of pages
language populations are different, with Yahoo leawe  containing the word plus a number of common English
often resembling edited text such as that found inwords, so the query for the wodéke would look like “die”
Wikipedia. “the” “with” “and” “in” “of” (Grefenstette, 2007).We
sorted the words by their frequencies, and retab@fD
2. Related Work frequent words more than three letters long. Tdustb a
Hanbury (2006) did a study of the words that wesedLin list of words such agbandoned, ability, able, above,
image annotation experiments. These sets were aliabroad, absence, absolute, absolutely, abstractiseb
restricted to a few hundred words maximum, sinege th academic, academy, accept, acceptable, acceptance,
purpose of these experiments was to assign low-leve accepted, access, accessibility, accessible, asgess..
visual features to one or more of these concepts. We used this list as a language sample to compare
usages in four different collections: (i) pageseixed by
Little work has been done on studying the spetiéisiof Exalead, a French search engines that has indexed 8
human supplied tags for image tagging (Ji et aQ720  billion URLs, (ii) Flickr tags, (iii) Wikipedia welpages
What is this uncontrolled language, how does ifedif indexed by Google, and (iv) Yahoo! image searche T
from uncontrolled written text? We have begun Exalead counts which index all text present onwied
examining the differences between the general laggu pages, gives an idea of the frequency of word nse i
models of web-based text and the unrestrictedhagsn written text. The Wikipedia counts give an idea of
add to images. We found (Pitt al, 2007) that there is a  language use in a more controlled, edited envirgrime



than the entire web. Flickr tags counts show whioinds

Images to a large extent, are concerned with datels

human users choose to annotate their photos. Yahoglaces, while Flickr users choose country namey ver

counts gives us the counts of both words appeanitext
near images, as well as words appearing in imdge fi

often to tag their pictures.

names (e.g.dog.jpg that are the results of a human Ten most frequent uppercase initial words
decision. Exalead FlickR Wikipedia | Yahoolmages
International| Japan Charity Sale
3.1 Exploring the differences English London | March International
In order to explore the differences in the languag '\S/Iale P II:taIy AI\Emenca erk.l
use in the four sets, we begin by looking at thestmo Aarc. Prar_me Eur?pﬁ Epnl' h
common words in each set. The following listsrargked merica aris el QIS
June China Africa Japan
by frequency from the most frequent word (out of ou - -
bset of 5000 b-f t English ds) to | April Europe Asia John
fsu Set 0 Th web- r(faquen ng'j‘ wor f]).m(; ess August Australia| February Street
requent. feten most frequent words in eachxrade December Canada| Decembér  July
shown below: York Germany| Frank June
Ten most frequent words from our 5000 words
Exalead | FlickR | Wikipedia | Yahoolmages 3.2 Semantically typed differences
people weddin random image o T
good party views index We found it interesting in (Grefenstette and PREIO8) to
work travel foundation full compare semantically distinct word classes froredht
need family modified photo language populations. If we just take country ngrf@s
used Japan powered images example all the one-word country names found in
know vacation| interaction photos Wikipedia entry “List_of countries”, we find thahe
read London| encyclopedia size ranking of countries (the US has been excluded fitzan
great beach discussion gallery list since it varies in its spelling) resemble eatter, but
available| friends | user modified when we look at the average rank of country nartres (
want trip create small last row), we see that country names are much more

prevalent in Flick tags (where the average rantheften

From this cursory examination, we see that Exa(esst

most popular country names is 25) than in the other

text) contains many general words; that Wikipedia sources. They are among the favourite tags of Hliskrs

(encyclopedia articles) and Yahoo
indexed using words near images or in file namesjain
mostly metadata words corresponding to the type and
structure of data that they index; and that Fligkand
given photo tags) describes images, showing thet mos
popular images with tags that one might expect.

If we skip the first 100 most common words in eaeh) in
order to skip the metalanguage in the Wikipedia and
Yahoo Image sites, we find these words startinghftbe
107" most common word, and we see that Flickr and
Yahoo both have place names (proper and commorshoun
and objects, while Wikipedia and Exalead contairreno
technical terms:

Images (imageswho supply their own tags.

Exalead | FlickR Wikipedia | Yahoolmages
Canada Japan Germany Japan
Australia | Italy France France
Spain France Australia Canada
India China Japan China
Russia Australia| Canada Australia
China Canada Senegal Italy
Turkey Germany| Indonesia India
Israel Spain Italy Mexico
Italy India India Germany
Japan Taiwan Ireland Spain

Average rank for10 most popular countries (N=50

D0)

1382

25 |

787

205

Beyond lists of country names, we can find oth&tislof
thingson the Web. For example, in the lexical dnieiny
WordNef, we find the synsesport, athletics (an active
diversion requiring physical exertion and competil
which is consider a hypernym for 116 terms inclgdin

Words in ranks 100 to 1¥Gmost frequent
Exalead FlickR | Wikipedia | Yahoolmages
access photos| military return
technology| tour people little
guestions | football kingdom good
tools Asia shown media
phone band place island
times yellow | need history
making June thanks right
national August| police June
subject bird Frank read
office dance November holiday

acrobatics, angling, aquatics, archery, athletics,
badminton, ball, ballgame, baseball, basketballthiea
battledore, battue, beagling ,bicycling, bobsledgdin
boxing, bullfighting, cast, casting, cockfightirmgursing,
crab, cricket, ...The most common of these sport terms
are given below. Again, by looking at the averaaygkrof

Our list of 5000 frequent English words containst36 the ten most common psorts terms, we see thatrFlick

geographical and personal single-word names, takisg

list, we see that the web, Wikipedia and even Yahooshttp'llwordnet princeton.edu/



users often choose sports names as tag. The wardd f
around images by Yahoo, also contain more sportesa
than in text found in Wikipedia or on the web byaead.

Exalead FlickR Wikipedia | Yahoolmages
racing football soccer golf
basketball| baseball running racing
swimming | soccer football football
singles racing singles fishing
football hockey baseball soccer
riding skiing basketball| baseball
hunt cycling hockey running
hockey basketball racing basketball
surfing fishing athletics tennis
diving diving hunt hockey
Average rank forl0 most popular sports (N=5000Q)
1827 | 229 [ 1599 | 612

Leaving aside country names, associated with toyris
and thus pictures, and sports events, we can exauttier
semantic domains. If we take the Roget'’s entry 73aib
POLITICS, we find 75 one-word phrases in our li§t o
5000 frequent words, including:Abolitionist, activist,
also-ran, aspirant, backer, bailiwick, ballot, cagign,

campaigning,

candidacy,

candidate,

communism,

Communist, conservatism, Conservative, constityents

contributor,

democracy,

Democratic,

election,

electioneering, electorate,...The last line of the table
below shows that these political terms are mordaliig
ranked in Wikipedia than in Flickr or Yahoo images.

Exalead | FlickR Wikipedia | Yahoolmages
program | party opinion party
party politics official official
voice Labor issue program
issue labor position stand
official election party issue
political | campaign | program politics
opinion program political voice
position | stand politics position
campaign| democracy vote winner
politics platform stand campaign
Average rank for first 10 political terms (N=5000
523 | 1251 | 566 | 967

If we take single-word color termsre find many words
that are both colors and objects (silver, brasscalate,
rose) and we cannot distinguish the senses of theéshy
our simple counting techniques, but we see byahking
of the color tags in Flickr and words associatedhwi
images in Yahoo, that color names appear more tftm
in general text. Below in the next section, we wilk that
this popularity does not hold for all adjectives, we
should consider that people use colors just becthese
are describing the characteristics of their images.

| Exalead | FlickR| Wikipedia | Yahoolmages |

4 Roget’s 1911 version can be found at, for example,
http://www.abcd-classics.com/rogets/rogetsthesadtagsts_bo

dy-0737.html

® http://en.wikipedia.org/wiki/List_of_colors

red blue red black
white red black red
blue white | white white
yellow black | blue blue
black yellow| brown silver
brown pink silver rose
chocolatg rose rose yellow
silver brown | yellow pink
brass sepia| grey brown
salmon rust bronze chocolate
Avg. rank forl0 most popular colors (N=5000)
1490 | 200 | 1100 | 365

Another set of common words are names of animée

see that animal names appear more frequently ickrFI
tags than either in Wikipedia (where all animalg ar
nonetheless all described) or on the web in genérate
again the counts in Yahoolmages falls somewhere
between Flickr and Wikipedia.

Exalead FlickR | Wikipedia| Yahoolmages

bird bird bear fish

mouse | fish fish bird

chicken| bear bird bear

fish monkey mouse tiger

wolf spider | eagle eagle

eagle tiger wolf mouse

salmon | chickepseal wolf

crab eagle | tiger monkey

bear mouse| monkey| spider

dove crab chicken chicken

Avg. rank for10 most popular animals (N=50
2731 | 678 | 2586 | 1231

DO)

A semantic set which is more common in Wikipedianth
in Flickr is career namés Wikipedia contains many
biographical articles, so it is not surprising thhe
frequency of these job titles is more common tharhe
general web (Exalead).

er

0)

Exalead| FlickR Wikipedia | Yahoolmages
artist model editor model
editor photographedirector artist
doctor | artist writer student
secretarystudent producer| designer
teacher | cooper artist photograph
attorney| cook student director
guard designer model driver
judge actor actor teacher
model | mason minister | professor
director | baker professor cook

Avg. rank for10 most frequent careers (N=500

1345 | 967 | 871 | 953

Common place nam&appear often in Flickr tags, but
most often in Yahoolmages, maybe because of online
stores (with indexed images).

® http://en.wikipedia.org/wiki/List_of _animal_names
! http://www.sff.net/people/julia.west/ CALLIHOO/jobgrh
8 http://www.sff.net/people/julia.west/CALLIHOO/placésm



Although images can easily convey emotion (Jungroef
et al, 2001) emotive state wortdappear more often in
Wikipedia and the Web than on image tags. If peopke
considers that people do not describe the obvithes)
why are color words often used as tags, and notiens®

music music soccer music
Exalead FlickR | Wikipedia | Yahoolmages writing camping writing photography
house | beach| school club dance football music golf
office park club park photography dance football football
store house | town house literature photographyliterature | dance
shop church| university hotel basketball soccer dance fishing
school | museumrhouse shop drawing dancing basketball painting
market | school| building | school swimming | painting aviation camping
club building library beach football skiing tennis soccer
library | club park university walking cycling drawing walking
park boat hall store Avg. rank forl0 most popular hobbies (N=5000)
hall castle | office museum 1064 | 158 | 1372 | 369
Avg. rank forl0 most popular places (N=5000)

265 | 93 | 517 | 55 3.2 Grammatically typed differences

In addition to semantic classes, we can also examin
grammatical classes. Many abstract words in Engligh
in —ation. There are 75 such words in our list 606
common English words. When we compare the ranks of
these words in each set, we see that they are udthin
Wikipedia. The first words in the Wikipedia list Ibev
correspond to Wikipedia page structure, but thectfbf
the relative disaffection for these abstract wandBlickr
still persists down to the 8anore frequent word.

g

DOO

Exalead FlickR | Wikipedia | Yahoolmages
happy happy | interested sharing
secure warm | happy happy
understandingcalm strong warm
glad strong | satisfied strong
satisfied angry | understandingecure
comfortable | sharingconfused interested
worried scared| concerned inspired
strong hurt glad comfortable
scared loving| inspired loving
sharing inspirepdafraid understandin
Avg rank for10 most frequent emotive words (N=5
1705 | 2131] 1333 | 2112

Exalead FlickR Wikipedia  |Yahoolmages
education vacation foundation vacation
location celebration | navigation navigation
registration station documentatieducation
application aviation location location
association education population association
foundation foundation | station station
communicatiofnstallation | association | accommodat
station transportatigeducation foundation
navigation association| organization installation
publication inspiration | creation presentation

Surprisingly food®is a very popular tag in Flickr. There
are many pictures of food. Maybe as part of touris
excursions, people take pictures of restaurantsneal

Exalead | FlickR | Wikipedia| Yahoolmages|

coffee fish fish fish

cookies | apple rice apple

chicken | cake apple coffee

apple coffee fruit cake

fish chocolatecoffee chocolate

bread fruit cherry fruit

candy pumpkin milk candy

chocolat¢ candy chicken cherry

rolls pizza cheese chicken

chips cherry chocolate rice

Avg. rank forl0 most popular food (N=5000)
2223 | 519 | 3353 | 1274

Average rank for first 10 terms in -ation (N=5000)

t 588 |

786

423

| 515

Average rank for first 50 terms in -ation (N=5000)

1707 |

2263

1870

[ 2101

Pastimes and hobbigsre also very popular image tags:

| Exalead

[ FlickR

| Wikipedia | Yahoolmages|

o http://www.sff.net/people/julia.west/CALLIHOO/emotis.htm
10

http://www.mrsjonesroom.com/jones/foodalphabet.html
n http://en.wikipedia.org/wiki/List_of_basic_hobby pios

Similarly with long words (10 letter words from ob®00
word collection), we find a persistent disaffectias

image tags:
Exalead FlickR Wikipedia |Yahoolmages
technology | university | foundatiguiniversity
conditions | restaurant| discussion collection
newsletter | basketball| categories networking
experience | motorcycle registered discussion
registered | conferencé navigatiopn technology
managemerengagementopyrights| management
understand | exhibition| identified navigation
individual | convention| references restaurant
activities tournament considergohotograph
especially | industrial | experimejgbnference
Average rank for first 10 ten-letter words (N=5000
273 | 411 | 54 | 280
Average rank for first 250 ten-letter words (N=5000
2388 | 3327 | 2523 | 3134

Although all four collections have many short wodere

ion



we look at 5-character word) as indexes, we see theit depends | happens exists happens
those in Flick image tags are descriptive of scenes knew campaigninginvolving | bringing
happens | reflects knew requires
bringing | brings dependingspecializing
Exalead FlickR Wikipedia [Yahoolmages| enables | knew bringing| announces
great party views image Average rank forl0 most frequent unambiguols
years beach pages index verbs (N=5000)
right music check photo 1036 | 3581 | 1223 | 2925
today canon tools small Average rankor the 30 most frequent unambigu
using water thank album verbs (N=5000)
place night users music 2581 | 4417 | 2557 [ 4020
order green avoid forum
state white latin party Adjectives are common in Web text, especially irtezt
music house album video text such as Wikipedia, and less popular in Flicgs
check trees learn house (color tags notwithstanding). This might seem sisipg
Average rank for first 10 five-letter words (N=81)0 because adjectives are generally considered astess
20 | 33 | 48 | 13 and one might expect that people adding tags tw the

The short words used in Yahoo image tags seemm co
from metadata and online commerce.

unigue tokens), we extracted sublists of words twhic

were unambiguously nouns or verbs or adjectived, an Exalead | FlickR | Wikipedia | Yahoolmageg
filtered this list through our set of 5000 frequémtglish available| cute recent previous
words. The next three tables show the most common | latest sexy available| larger
words found in each set for each language populatio recent | happy | anonymousntitied
important outdoor | printable | available
Unambiguous nouns have a relatively even distritovith previous| golden | reliable happy
each group. able rural able latest
legal awesomeuseful global
Exalead| FlickR Wikipedia | Yahoolmages happy | graphic| different | graphic
years | family foundation | photo financial | rocky | happy golden
products friends interaction photos electroni¢ indoor | important | virtual _
music nature encycloped|album Average rank f_orlQ most frequent unambiguous
user music discussion |  description adjectives (N=5000)
events | canon user parent 203 | 530 | 158 | 359
family | sunset categories music Averave _rankfor thle 1_00 mos:t frequent
version | portrait text forum unambiguous adjectives (N=5000)
health food events family 1483 | 2176 | 1563 | 1932
history | architecture version hotel .
software| lake history friends 4. Conclusion
Average rank forl0 most frequent unambiguous nounsWe have begun an exploration of the different laggu
(N=5000) uses in English language indexes, comparing certain
49 | 27 ] 17 | 18 grammatical and semantic types in four different
Average rank for the 100 most frequent unambigupus collections: the general web pages indexed by Exale
nouns (N=5000) the edited text found in Wikipedia, the text foumelv or
276 | 293 308 | 224 pointing to images indexed by Yahoolmages, and the

verbs are also nouns). In our 5000 frequent wontis 36

photos would want to describe then using adjectibas

this does not seem to be the case. The adjechia¢site

used in Flickr are physically descriptive (compated
adjectives likefinancial, virtualfound in other sets), but
From a large lexicon of English word forms (265,531 they are less often used than nouns.

) ) ~manually supplied tags added by Flickr image seppli
Unambiguous verbs are relatively rare (many English o of these language populations are uncontrolled,

unrestricted text.

We find that there are disdaeni

were listed as ambiguous. These rare verbs are morgjfferences. Flickr users prefer using nouns teetijjes,
though color terms are popular. Since Flickr atsacany

common in the text sites, web (Exalead) and Wikiped

than as image tags.

Exalead | FlickR Wikipedia| Yahoolmages
including | snorkeling | creating including
includes | emerging including includes
requires | including includes| creating
dependingcreating requires knew
brings tobogganingselecting | brings
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people storing their vacation photos, we find many
pictures indexed with place names, activity nanaesl,
maybe surprisingly, food. Abstract nouns and longer
words are found less than in written text. The
automatically assigned words of Yahoolmages tend to
following the same patterns as manually assigngsl ita
Flickr, though the language model is also more Isinto



that found in Wikipedia.

This study continues our exploration of the
differences between the language used to descnibgeds
and that used in ordinary written text. There are
differences, but there is still a lot of work to Bene to
circumscribe these differences.
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Abstract

The proliferation of digital media has led to a augterest in classifying and indexing media olgjdot generic search and usage. In
particular, we are witnessing colossal growth igitdl image repositories that is difficult to naatg using free-text search
mechanisms that often return inaccurate matchésegsin principle rely on statistical analysis afeqy keyword recurrence in the
image annotation or surrounding text. In this papepresent a semantically-enabled image annotatidiretrieval engine that relies
on methodically structured ontologies for imageatation, thus allowing for more intelligent reasagiabout the image content and
subsequently obtaining a more accurate set ofteeantl a richer set of alternatives matchmakingotiginal query. We show how
well-researched and designed domain ontology dmrtas to the implicit expansion of user queriesvall as presenting our initial
thoughts on exploiting lexical databases for exptiemantic-based query expansion.

1. Introduction

The last few years have witnessed an unprecedented
interest in digital media and subsequently colossal
growth of public and commercial digital media
repositories (audio, images, and video). Retrieving
relevant media from these ever-increasing repasgor

is an impossible task for the user without the @fid
search tools. Most public image retrieval engiradg r

on analysing the text accompanying the image to
matchmake it with the user query. Various
optimisations were developed including the use of
weighting systems where for instance higher regard

be given to the proximity of the keyword to the gea
location, or advanced text analysis techniquesubat
term weighting method, which relies on the proxymit
between the anchor to an image and each word in an
HTML file (Fuji 2005). Despite the optimisation
efforts, these search techniques remain hampered by
the fact that they rely on free-text search thatjlev
cost-effective to perform, can return irrelevargulés

as it primarily relies on the recurrence of exaotds in

the text accompanying the image. The inaccuracy of
the results increases with the complexity of thergu

For instance, while performing this research weduse
the Yahoo™ search engine to look for images of the
football player Zico returns some good pictureshef
player, mixed with photos of cute dogs (as appérent
Zico is also a popular name for pet dogs), butafagld

the action of scoring to the search text, this seém
completely confuse the Yahoo search engine and only
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one picture of Zico is returned, in which he instiag
still!

Any significant contribution to the accuracy of
matchmaking results can be achieved only if theckea
engine can “comprehend” the meaning of the data tha
describes the stored images, for instance, if #aech
engine can understand that scoring is an act agedci
with sport activities performed by humans. Semantic
annotation techniques have gained wide populanity i
associating plain data with “structured” conceist t
software programs can reason ab@uang 2006).

In our recent publication (Osman 2007) we present
comprehensive coverage of our integrative framework
for semantic-based image retrieval, but this
contribution focuses in particular on the query
expansion aspects of our work. We claim that shrewd
analysis of the application domain characteristics,
coupled with a subsequently well-designed ontology
can significantly contribute to the user query exgian
process via direct term replacement or by modifying
the query’s class structure. We also present dtialin
research into using lexical databases to analyze
free-entry queries in our effort to make them
compatible with the requirements of our semantic
search engine.

The paper begins with an overview of the Semantic
web technologies. In section 3 we review the ctastys
that was the motivation for this work. Section 4
overviews the engineering of the ontology, and the
annotation and retrieval mechanism. Section 5 idetai



our strategy for query expansion. We present our
conclusions section 6.

2. Semantic-based image retrieval

The fundamental premise of the semantic web is to
extend the Web’s current human-oriented interface t
format that is comprehensible to software prograsmime
Naturally this requires a standardised and rich
knowledge representation scheme or Ontology.

This comprehensive representation of knowledge from
a particular domain allows reasoning software t&ena
sense of domain-related entities (images, documents
services, etc.) and aid in the process of therent!
and use.

Applied to image retrieval, the use of Semantic
technologies can significantly improve the comp’ster
understanding of the image objects and their
interactions by providing a machine-understandable
conceptualisation of the various domains that thege
represents. This conceptualisation integrates gisce
and inter-entity relations from different domaissch

as Sport, People and Photography. In relation ¢ th
“Zico scoring goal” query discussed in the introtimie,

a semantic search engine can infer that Zipe@on
and thus can takections and because he isaotballer,

the action can bgcoringa goal, and that he used to be a
player of theBrazil nationalteam who lost theworld
Cupfinal in 1986, etc.

3. Case study for semantic image retrieval

An opportunity to experiment with our research
findings in semantic-based search technology was
gratefully provided by PA Photos™. PA Photos is a
Nottingham-based company which is part of the Press
Association Photo Group CompafBA Photos 2007).

As well as owning a huge image database in exdeks o
million annotated images which date back to théyear
1900’s, the company processes a colossal amount of
images each day from varying events ranging from
sport to politics and entertainment. The compasy al
receives annotated images from a number of partners
that rely on a different photo indexing schema.

More significantly, initial investigation has pravéhat

the accuracy of the results sets matching the user
queries do not measure up to the rich repository of
photos in the company'’s library.

The objective of the case study is two-fold is to
investigate the use of semantic technology to baild
classification and indexing system that criticalhifies

the annotation infrastructure for all the sourcds o
incoming stream of photos, and subsequently corauct
feasibility study aiming to improve the end-user
experience of their images search engine. At the
moment PA Photos search engine relies on Free-Text
search to return a set of images matching the user
requests. Therefore the returned results naturaltygo
off-tangent if the search keywords do not exactyur

in the photo annotations. A significant improvement
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can result from semantically enabling the photodea
engine. Semantic-based image search will ultimately
enable the search engine software to understand the
“concept” or “meaning” of the user request and leenc
return more accurate results (images) and a rixtesf
alternatives.

It is important here to comment about the dynarofcs
the retrieval process for this case study as itesgmnts

an important and wide-spread class of applicatieas
where there is a commercial opportunity for exjhgjt
semantic technologies:

1. The images in the repository have not been
extracted from the web. Consequently the extensive
research into wusing the surrounding text and
information in the HTML document in improving the
quality of the annotation such as in Maina (20G5) i
irrelevant.

2. A significant sector of this market relies ostfa
relay of images to customers. Consequently this
confines advanced but time-consuming image analysis
techniques (Lam 2006) to off-line aid with the
annotation of caption-poor images.

4. Ontology development

4.1 Domain Analysis

Our domain analysis started from an advanced pgint
we had access to the photo agency’'s current
classification system. Hence, we adopted a top-down
approach to ontology construction that starts by
integrating the existing classification with pubilésl
evidence of more inclusive public taxonomikeach
(2008). At the upper level, two ontological trees were
identified; the first captures knowledge aboutékent
(objects and their relationships) in the image, el
second is a simple upper class that characterfses t
image attributes (frame, size, creation date, ,attich

is extensible in view of future utilisation of
content-recognition techniques.

At the initial stages of the research, we decidedit

our domain of investigation to sport-related images
bottom-up approach was used to populate the lower
tiers of the ontology class structure by examirting
free-text and non-semantic caption accompanying a
sample set of sport images. Domain terms were
acquired from approximately 65k image captions. The
terms were purged of redundancies and verifiednagai
publicly available related taxonomies such as tkedim
classification taxonomy detailed {iRoach 2008). An
added benefit of this approach is that it allowistinxg
annotations to be seamlessly parsed and integrated
the semantic annotation.

Wherever advantageous, we integrated external
ontologies (such as the aktors ontology in (AKTQZ))
into our knowledge representation. However, bearing
in mind the responsiveness requirements of on-line
retrieval applications, we applied caching methtmls



localise the access in order to reduce its timehmaz.

Image Collection

| Sports Domain | | ImageAttributes|

I
I
|Size| | Contras | Forma |
I l | [
Sport Stadium Human Person
— Playe
Event | Team Action Feeling Manage

Figure 1: Subset of the ontology tree.

4.2 Normalisation: reducing the redundancy

The objective of normalisation is to reduce redumoya

In ontology design, redundancy is often caused by
temporal characteristic that can generate redundant
information and negatively affect the performande o
the reasoning process.

For instance, direct adoption of the ontology
description in Figure 2 below will result in credi
new team each season, which is rather inefficiethe
team should be a non-temporal class regardledseof t
varying player's membership or tournament
participation every season. Hence, Arsenal or Glasg
Rangers Football clubs need to remain abstradtesnti

Team Player
Tournament Name... FirstName......
Name.... Season.... LastName......
hasStartDate.. hasNationality... hasNationality...
hasEndDate... hasPlayer« »isPlayerOf....
hasTean®- isTeamOf...

Figure 2: non-normalised ontology design

Our approach was to introduce an intermediary

temporal membership concept that serves as an

indispensable link between teams and players, ds we

as between teams and tournaments as illustrated in

Figure 3 below.

The temporal instances from the Membership clags li

instances from two perpetual classes as follows:

= memberEntity links to a person (Player, Manager,
Supporter, Photographer, etc.);
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= isMemberOf refers to the organisation (Club, Press
Association, Company, etc.);

= fromPeriod and toPeriod depict membership
temporal properties

Membership

fromPeriod
— DB_RealMadrid

isMemberO

membershipEntit

Club Player
Arsenal FC Thierry Henry
Real Madrid P David Beckham
Barcelona Ronaldinho

Figure 3: Normalisation using Membership class

5. Overview of the annotation and
retrieval processes

The Web Ontology Language (OWL 2004) was
adopted to annotate image captions and Jena (Carrol
2004) java API was used to build the annotatiorigbor

to the constructed ontology.

Taking into account the dynamic motion nature &f th
sport domain, our research concluded that a variaii
the sentence structure suggested in (Hollink 20€3)
best suited to design our annotation template. p¥ed
for an “Actor — Action/Emotion — Object” structutieat
will allow the natural annotation of motion or
emotion-type relationships such as “Beckham — Smile
—null”, or “Gerrard — Tackles — Henry”, with a weof
more seamless utilisation of NLP techniqu€then
1995) for query expansion.

The image retrieval user interface is illustrated i
Figure 4. The search query can include sentencedbas
relational terms (Actor-Emotion/Action-Object) aad/
key domain terms (such as tournament and team). In
case multiple terms were selected for the queepiter
needs to specify which term represents the mairtsea
preference (criterion).

For instance, in Figure 4 the relational term (Getr
Tackles Rooney) is the primary search term and team
Liverpool is the secondary search term. The prefexe
setting is used to fine-tune the ranking of rev
images.



Actor

Steven Gerrard

Actor

' Emotion Add
Action (®) Main Criteria?
®  Action Tackle -
Object VWayne Rooney 4
Match
Home Add
Away (_) Main Criteria?

Team

Liverpoal Add

) Main Criteria?

Team

Figure 4: Snapshot of the retrieval interface

The semantic reasoning engine applies our
matchmaking algorithm at two phases: The first phas
retrieves images with annotations matching all
concepts in the query, while in the second phasbdu
matchmaking is performed to improve the ranking of
the retrieved images in response to user prefesence
Our reasoning engine uses a variation of the neares
neighbour matchmaking algorithf®sman 2006) to
serve both the semantic retrieval and the rankivages.
The algorithm continues traversing back to the uppe
class of the ontology and matching instances thile

are no super classes in the class hierarchyheeletf
node for the tree is reached, giving degree of matc
equal to 0. The aggregate degree of ma#dboV) is
calculated according to the following equation:

MN. 0
ADoM = XN \; x GN' OW of ]7

Equation 1: Aggregate Degree of Match

Where theMN is the total number of matching nodes in
the selected traversal path, aBMN the total number of

nodes in the selected traversal path for a paaticul
matching criterionij. Each criterion is scaled with the
importance factowW according to the user preferences.

The example below illustrates the operation of the
algorithm for a single criterion only where the gues:

Object— hasCharacteristic-happy, and imagel and
image2 are annotated with
Object-hasCharacteristic-happy and

Object-hasCharacteristic-smile respectively, BweM

forimagel is 1 as the instances match to the letble

leaf node (Figure 5). However, for image2 instances

match to the level of Positive Feeling- Mild classl is

one layer lower than the leaf node givingM = 0.5.
Figure 5: Traversing the Ontology Tree

6. Strategy for Query Expansion

Lately query expansion (QE) techniques have gamed
lot of attention in attempting to improve the réazl
document and media queries. Query expansion is
traditionally considered as a process of suppleimgnt
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tree depth

Characteristi Level 4 0.0
Feeling Level 3:0.125
Negative Feeling Positive Feeling |Level 2:0.25
Intense Strong Moderate Mild  |Level 1:05
proud happ smile Level 0:1.0

a query with additional terms as the assumptidhas

the initial query as provided by the user may be an
inadequate representation of the user’s information
needs (Gaihua 2005) (Croft 1996).

Taking into account the domain knowledge hardwired
into the ontologies, semantic-based query expansion
techniques can broadly be classified in two categor
implicit and explicit. Implicit query expansion cée
considered as a by-product of well-researched and
designed domain ontology.

The “Actor-Action/Emotion-Object” semantic format
allows to naturally employing the ontology to find
related terms via simple equivalence relationhasdf
equating the action obmiling to the emotion of
happinessTaking into account the limited vocabulary
of the sport domain, in consultation with the domain
experts, we decided against the automatic expaigion
directly related terms from a lexical public datséa
such as WordNet (Fellbaum 1998). Our initial
experiments have shown that while that expansion
improved image recall, the accuracy of returnedltss
suffered significantly particularly for complex qies
where partial replacement of terms might invalidhte
semantics of the query.

Using our ontology structure we are also able {mex
queries implicitly by analyzing more complex retets

as in inferring that.iverpoolis a possible replacement
for Chelseaas both ardeamsplayingFootball sport in

the Premier Leaguén England Moreover, we are able

to scale the relatedness of each term in the queey
according to the importance weighting set by the
user/domain manager as explained in the pervious
section.

Explicit query expansion involves direct replacemen
of terms in the user query with terms that were
identified as identical by the knowledge domain



administrator or the end user. These replacemenmste
are not part of the ontology infrastructure, b kept

in a separate synonym dictionary that contains
one-to-many (USE_FOR) relations between the
ontology term and the possible synonyms. For itstan
the domain administrator might use the ontologyter
“Manchester United” to replace the popular term fMa
UTD". Similarly, users are allowed to cache
(USE_FOR) terms on the client-side for exclusive
expansion of their queries. The domain administrato
has access to the most popular cashed
nicknames/synonyms and can choose to enter them int
the main synonym dictionary.

We considered adding synonyms to the ontology using
OWL's owl:sameAs property, but decided against it
primarily because of the performance penalties in
processing RDF data as opposed to simple texgstrin
We also think that from a pure semantic engineering
point of view, nicknames such as “Man UTD” should
not exist as an RDF individual.

Finally, we started considering using NLP technijize
attempt to translate free-entry queries that are no
constructed using our domain-tailored retrieval
interface (see Figure 4) into our
“Actor-Action/Emotion-Object” semantic format to
allow for semantic reasoning.

At the time of writing this paper we succeeded in
utilising WordNet lexical database primarily in
identifying verbs that might be candidate for the
“Action/Emotion” central part of our annotation foat.
Subsequently, the left part to the verb is further
analyzed as an “actor” candidate, and the righaras
“object” candidate, applying our spelling checkeda
synonym replacement where appropriate. For instance
the free-entry: “Man Utd’s Wayne Rooney tackles the
French player Zizou” is analyzed as follows:

Man Utd’s tackles the French
Wayne Rooney player Zizou.
Subject part Verb Object part
Man Utd s| Wayne Rooney| tackles
Manchester United| # | Wayne Rooney| Tackle
the French player Zizou
#tH adj Zinedine Zidane

Hence, the sentence analyzer infers the requestvbel
which can be now fired at our semantic image regtie
engine:

Actor | Wayne Rooney
Action | Tackle

Object | Zinedine Zidane
Team | Manchester United

7. Conclusion
In this paper we presented a comprehensive solfdion
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image retrieval applications that takes full adaaet of
advances in semantic web technologies to coherently
implement the annotation, retrieval and query
expansion components of the integrative framework.

The first stage of the development was producing
ontologies that conceptualise the objects and their
relations in the selected domain. We methodically
verified the consistency of our ontology, optimise
coverage, and performed normalisation methodsdto ri
of concept redundancies. Our annotation approash wa
based on a variation of the “sentence” structure to
obtain the semantic-relational capacity for
conceptualising the dynamic motion nature of the
targeted sport domain. This careful analysis of the
domain features allowed us to hardwire application
domain knowledge into the ontology and hence
implicitly perform query expansion either by simple
replacement of equivalent terms or by traversirg th
ontology tree to modify more complex queries.

The retrieval algorithm is based on a variatiorthaf
nearest-neighbour search technique for traverding t
ontology tree and can accommodate complex,
relationship-driven user queries. The algorithmoals
provides for user-defined weightings to improve the
ranking of the returned images and was extended to
embrace query expansion technology in a bid to
improve the quality of the recall.

We also presented our initial research into uséxghl
databases to analyze free-entry queries in ourtetio
make them compatible with the entry requirements of
our semantic search engine.
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Abstract

Biomedical images are invaluable in establishingulisis, acquiring technical skills, and implemegtiest practices in many areas
of medicine. At present, images needed for instneat purposes or in support of clinical decisiapgpear in specialized databases
and in biomedical articles, and are therefore rasfilg accessible. Our goal is to automatically dateoimages extracted from
scientific publications with respect to their ude@ss for clinical decision support and instrucibpurposes, and project the
annotations onto images stored in databases binginiknages through content-based image similafiibis paper presents an

overview of our approach to automatic image indgxicontent-based image analysis, and the resulés ot evaluation of an
automatic indexing method based on biomedical tesrtisacted from snippets of text pertaining to iem@ppearing in scientific

biomedical articles.

1. Introduction

Essential information is often conveyed in illuswas in
biomedical publications. These images can be used t
illuminate document summaries and answers to @inic
questions, to enrich large image collections witktial
information from articles, and for instructionalrposes.
The problem however is to automatically determine
which of the images in an article will best sereete of
the aforementioned purposes. Our approach to atitoma
image indexing is to describe (or annotate) an amaiy
three levels of granularity:

= coarse which addresses
- image modality,
- relation to a specific clinical task (image uti)ity
- body location;

= medium, which provides a more detailed description
of the image using existing biomedical domain
ontologies;

= specific which provides very detailed descriptions of
clinical entities and events in an image using &rm
that are not included in existing ontologies anigmf
are familiar only to clinicians specializing in arrow
area of medicine.

In this paper, we present a pilot evaluation of imed
level indexing that can be achieved by automaticall
extracting biomedical terms currently available tive
largest biomedical domain ontology, the Unified Noadl
Language Syste?n (UMLS®) Metathesaurus, from
snippets of text pertaining to images in scientific
biomedical articles (image captions and
discussion in the text). We also provide an ovevvig
our research in coarse- and specific-level imagexng
and content-based image analysis.

2. Background
In our previous exploration of coarse automatieiidg
of images by modality (color image, gray-scale imag
18

graph, graphic illustration, etc.) and image utilit
(suggested by the Evidence Based Medicine parasigm
elements of a clinical scenario that an image might
illustrate), we combined image and textual featiinea
supervised machine learning approach. Textual festu
were obtained from the captions to the images and
paragraphs of text containing discussion (“mentipo$
these images. The text and the images were autathati
extracted from the HTML-formatted articles. Textswva
represented as a bag-of-words or as a set of téstamed

by mapping these captions and mentions to the UMLS
Metathesaurus. Texture and color features were otadp

on the entire image without applying any image
segmentation techniques.

Texture features were computed as a 3-level ds@&d
Daubechies’ wavelet transform. The four most domina
colors were computed in the perceptually unifornic Cl
LUV color space and proved most effective. At this
coarse level of granularity, a multi-class SVM eiéier
trained on a bag-of-words representation of image
captions performed better in determining image rityda
(84.3% * 2.6% accuracy) than when trained on a
combination of textual and image features or festur
reduced to the domain specific vocabulary. For ienag
utility, however, the combination of image and tett
features was better than any single-source featate
achieving 76.6% * 4.2% accuracy (Demner-Fushman et
al., 2007).

Often in biomedical publications, several images ar
combined into a multi-panel figure. This requires

relevant Sub-figure separation for image analysis to deteemi

image modality. We therefore developed a two-phase
algorithm to detect and separate figure panelsyusires
from caption text analysis, horizontal and vertjpadfiles

and panel edge information (Antani et al., 2008ixther
analysis on each image panel revealed its coardalityo

For instance, using color histogram profiles we ldou
determine with sufficient precision if an imageaigolor



image, an illustration/drawing, or a radiographitage The indexing terms were extracted from the MetaMap
(CT, MRI, x-ray, sonogram, etc.). Detecting image machine output, which provides comprehensive
modalities is useful in further image analysis and information about the mappings of phrases founthe
sub-categorization. Our efforts in this area resllin text to the UMLS concepts. The following informatio
development of a method for detecting text overlags  was retained: the concept unique identifier (CUid a
images, arrows, and other content valuable forximde semantic type, the preferred UMLS name for the ephc
images by visual content and correlated text desari and the offset and length of the substring thatmapped
(Antani et al., 2008). to the concept.

2.1 Prior Work in Content-Based Image
Retrieval

To enable content experts to evaluate the quafitthe
extracted indexing terms we developed a Web-based

Our image analysis and image indexing work stemmfr ~ €valuation and annotation interface (see Figursdl2).
an ongoing long-term research and developmentteffor?rh'S m_terface dlsplay§ an Image, blpl|ograph|c
into image understanding and content-based imagénformatlon about the article from .wh|ch the imagas
retrieval (CBIR) of biomedical images. We have vestk ~ €xtracted, and two tabs for annotation and evainaiihe
with a large collection of digitized x-ray imagethe first tab shown in Figure 1 is used for coarsedlévege
spine derived from a nationwide health survey teettgp ~ @nnotation through selecting pre-defined indexiergns
image segmentation techniques for extraction aebeal  for modality, utility and body location. The secotab
shape information important to researchers of (Figure 2) serves two purposes:

osteoarthritis and musculoskeletal diseases. Whote 1. Evaluation of the automatically extracted indexing
partial shape similarity techniques, multiple objec terms for medium-level indexing; B
similarity, multidimensional data indexing, relegan 2. Manual annotation of the image with specific terms,

feedback, and Web-based frameworks for CBIR have More fine-grained than currently available in the

acellular human dermis grafParts of this term can be
mapped to the UMLS, but even the closest existing
term Acellular Dermal Replacementannot be
mapped to the specific term using existing tools.

Subsequently the research has been expanded into
localization and similarity matching of pre-canagso
lesions in the uterine cervix on a data set acquisethe
National Cancer Institute (NCI) from a multi-year
longitudinal study. For this dataset color, texfuamd
location methods were studied to enable CBIR oésav i :
types of regions of interest (Xue et al., 2007)bath data ~ The results of manual annotation will be used for
sets have free-text medical records correspondirtye ~ development and evaluation of automatic indexing
images, we have explored combined text and imageMethods on all three levels of granularity.

retrieval on this data.

Finally, we have also explored automatic coarsetlev The indexing terms and ontol_ogical information axted
image labeling and classification on the ImageceBgs ~ from the MetaMap output (Figure 2 top) were evaidat
data set using Semantic Error-Correcting OutputeSod On two axes: . _ _
(SECC) and achieved an overall error rate of 18ifigu 1. Usefulness in image indexing, evaluated on a binary
9,000 training images and 1,000 test images (Yeal.et scale.

2006). 2. Relevance to the image, evaluated on a five-point
Coarse-level image indexing is not sufficient teabe scale, ranging from agxact matcfto unrelated

an image taken from a publication beyond achieving AN identified term might not be useful for |nde>§|rig; is
retrieval of a particular modality, utility, anddation, for ~ t00 broad, too narrow, or unrelated to the image. A
example, ultrasound images for diagnosis of heart unrelated term might be extracted for two reasons:
conditions We hypothesize that medium-level image 1-A term might be extracted from the caption text

The purpose of the manual annotation is to iderstifgh
missing terms and establish their ontological refest

annotation will facilitate finding images to illuate
summaries and answers to clinical questions, farmgte,
about echocardiographic findingof mitral annular

verbatim, but the senses of the term availabléén t
UMLS are not relevant to the image. For example,
the stringapexidentified in the captiomhrombus in

left ventricular apexmaps through synonymy to the
UMLS concepts:
* APEX1 gene
e APEX1 protein, human
« Highest
The UMLS Metathesaurus does not contain the term
ventricular apex and mapping to the correct sense
Cardiac apexis not possible using strict matching,
because the set of synonyms for t@ardiac apex
concept does not include the teapex

calcification Specific-level indexing will be required to
answer detailed questions, such/dsat is the efficacy of
thick acellular human dermis grafts for posterionch
middle lamellae reconstruction?

3. Methods

To automatically achieve medium-level indexing we
extracted the image captions and mentions from the
article text and processed the text using MetaMapol

that maps biomedical text to the UMLS (Aronson, 200
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Having calcium deposited on € L2 € c
= <= Back | Mext o» [Same] or in an anatomic structure, [Clear Highlighting]
Mention Concept
» Caption: = i
From left to right, examples of normal mitral annulus and Lsetul Matching
lcified mitral annulus {mild = 12 derate=25 et for
calcifed mitral annulus (mild = il A Z Lz Indexing Exact  Marrower Broader Related Unrelated
and severe 5 mm calcified annulus).
MITRAL O (o] a o o/ ©
» Mention: Annular shape [ (@ o ® o] 6]
Background |diopathic [degenerative) mitral annular calciurn deposit substance O @ &l Il el i
calcification [MAL] is one of the most common cardiac Common r 3 o @ Fal C
abnormalities found upon autopsy. Four examples of
normal, mild, moderate and severe MAC can be s2en in Autopsy r & o o o o -
4] |
| http: ffarchive.nlm.nib, gov/orojitifweblnterfacal 1T php# |— 7%

Figure 1: A Web-based application for image indexig annotation and evaluation. Medium-level

indexing evaluation.
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2. A substring identified in the text could be nired to a
wrong term in the UMLS Metathesaurus because it is
an acronym or abbreviation. For example, the tevin
identified in the caption an initial increaselaf filling
pressureis synonymous with:

* Latvia
* Leucovorin Calcium
 Liposome Vesicle

The UMLS Metathesaurus does not contain the
expansion ofLV to left ventricular expected in the
context of cardiovascular imaging. The assumptiai t
only this sense of the term is expected in theedrf
cardiovascular imaging is based on the observdtiah

combined with the indexing terms added by the eatah,
Ais the set of all suggested indexing terms, aittimwA
there is a set of terms evaluated as useful fanimd C.
Precision P and recall R are:

P = |C/|A|

R = |CJ/|D]
Precision and recall were computed for each evaluat
and then averaged.

4. Results

The six evaluators scored 4, 006 concepts (3, 481 o
which were unique) pertaining to 186 unique images
extracted from 109 papers. Table 1 presents theagee

numbers of concepts per image evaluated and found

the term is not expanded anywhere in the paperseful for indexing by each evaluator. The majooityhe

containing the image.

Our interface tool assists the evaluators in deteng the
sense of the extracted terms through the UMLS
definitions which are displayed by positioning the
computer mouse over the suggested index term. ddie t

terms rated useful for indexing were also ratedrasxact
match.

Table 1: Average number of concepts per image.
Evaluators trained in medical informatics are mdnkith an asterisk.

retrieves the UMLS definitions using the extraateijue
concept identifiers. Assistance for determining ahigin

of an extracted term is provided through highligbtthe

substring that was mapped to a term in the caption

mention text upon clicking on the suggested inaéemt

The evaluation interface was used by five physiiand

one medical imaging specialist who manually assigne

missing specific terms, and evaluated the quality
medium-level indexing terms. The indexing terms aver

Indexing Terms
Specialty evaluated useful %useful
family physician* 19.26 2.3§ 12.4%
cardiologist* 17.80 2.02 11.4%
plastic surgeon* 17.89 1.80 10.1P6
internist* 17.55 2.18 12.4%
general surgeon 19.98 1.%0 7.9%
medical imaging 14.46 1.4D 9.9%
Mean = CI 17.83+2.0 1.89+0.4 10.6+2.0%

automatically extracted from captions and desanstiof

50 images randomly selected for each evaluator &thm
images published iBMC Annals of Facial and Plastic
Surgery and European Journal of Cardiovascular
Imaging during 2006 and 2007. Their judgments were
analyzed to answer the following questions:

1. Do captions and mentions of the image in the text
provide information beyond indexing terms assigned
by NLM indexers to the papers containing those
images?

Is the extracted text sufficient for image annaota®i

Is our extraction method satisfactory?

2.
3.

The first question was answered by intersecting the
extracted terms evaluated as useful for imaging wie

The 349 exact matches constitute 77.4% of the terms
marked as useful for indexing. The remaining 102
selected indexing terms were rated primarily asidpei
broader than an exact description of the image davoul
warrant.

4.1 Indexing terms assigned to the article and image
annotation

Overall, the evaluators rated 451 extracted tesnssaful
for indexing and submitted 255 additional indexiegns.

Table 2: Match between indexing terms assigned to
images and papersEvaluators trained in medical informatics are
marked with an asterisk.

indexing terms assigned to the papers by NLM indexe
and extracted from the bibliographic citations tet

papers. These citations in XML format were retriéve

using PubMed/MEDLINE.

The second question was answered by intersectiag t

additionally assigned terms with the extracted txd

with the full-text paper.

MeSH Terms
Specialty extracted added %used

family physician* 33.0% 34.9% 11.5%

cardiologist* 39.8% 48.7% 20.5%

plastic surgeon* 46.9% 41.2% 11.1%
N internist* 25.0% 25.7% 11.7%

general surgeon 33.3% —— 7.1%

medical imaging 28.8% —— 5.3%

Mean + CI (%) 34.548.2 25.1+21)9 11.2455

The extraction method was evaluated using recall an

precision computed for each evaluator as followse T 15pe 2 presents the percentages of terms assignthe:

desired index terms D for the images are the set of

extracted terms evaluated as useful for indexing
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addition, the %used column of the table shows theinformation was easily recognized by the evaluators
proportion of the MeSH terms assigned to the péegr
were deemed useful in annotating images.

4.2 Locating additional terms in the text
For three of the 255 indexing terms added by the COmMplex natural language processing and ontology
evaluators no image-related text was extractedth®f
remaining 252 added terms, 75 were extracted vembat
from the caption text and 11 from the discussionhef
image in the text. Another 139 added terms were is some correlation between the MeSH terms assignad
generated using captions and mentions through:
= extracting strings with gaps, for example, extragti
Preoperative photographfrom Preoperative and
postoperative photographs
= paraphrasing, for example, derivinglderly from

89-year old

average, only 64% of the desirable indexing termdc

be found using the existing extraction methods and

ontologies. More sophisticated mapping algorithms a

needed to extract another 15% of the terms, ande mor

expansion are needed to identify the remainingserm

The pilot evaluation clearly indicates that althbubere

paper and image annotation, only a small proportibn

the MeSH terms could be used to describe an inagk,

additional indexing terms have to be extracted fitbm

text.
The variations in the annotation results among the

annotators could be partially attributed to the

the imageza mobile, left-sided, nasal dorsal implant ©f the images annotated by more than one evaldaies

with tip ptosis, erythema, and swelling of the hefsal
vestibuleasimplantation complications
= generalizing based on the figure and the caption, f

example,

ultrasound

surgical

transthoracic echocardiography
The remaining 27 terms were found in the papee,titl
abstract, and MeSH terms assigned to the papetheOf Stale ©
255 additionally assigned terms 103 were subsetyuent annotation, it should not be used for the mediuvelle
mapped to the UMLS concepts.

4.3 Extraction accuracy

The design of the extraction evaluation was recall

method or

oriented. All extracted terms were given to theleatrs
without any filtering to have enough training exdesgfor
learning term selection in the future. Recall anecjsion
achieved by this baseline extraction method argvahio

Table 3.

Table 3: Evaluation of the baseline extraction metbd.
Evaluators trained in medical informatics are mdnkith an asterisk.

not allow computing inter-annotator agreement skore
but there are indications that the differences ddug
reduced by better defined rules. For example, snaase,

two evaluators marked the extracted tefypertrophic

Cardiomyopathyas useful, but only one of them also rated
Echocardiographyas a useful term. Had the instructions
clearly stated that if a term belongs to the cotesgel

description, the discrepancy might have been adoié&
plan to develop a set of specific rules that descthe
appropriate terminology, annotation precision, eds.
described in (Grubinger et al., 2006).

6. Future work

In the next phase, we will focus on the improvemnmant
the evaluation/annotation interface; improvementhef
coarse-level controlled vocabularies; selection tloé
extracted terms to be suggested as indexing terms;
improvement of term extraction, and expansion eftdst
collection. The implementation of some of the
improvements to the interface and coarse-level
vocabularies suggested by the evaluators is already
underway. Figures 3 presents the changes to the
coarse-level annotation tab implemented after tiha p

[9 evaluation. The changes involve a better layoggarch

22anatomy an notation,

function for controlled vocabulary terms for coalseel
and a new teaching quality

79 annotation axis.

Specialty Recall Precision F-score
family physician* 0.723 0.124 0.211
cardiologist* 0.447 0.114 0.1811
plastic surgeon* 0.827 0.101 0.1]
internist* 0.565 0.124 0.204
general surgeon 0.333 0.075 0.1
medical imaging 0.917 0.099 0.17
Average 0.635 0.106 0.182

5. Discussion
The results of this baseline pilot evaluation are

encouraging. Similarly to Declerck and Alcantar@Q@)
who identified the title, caption, and abstractaofVeb

document among the text regions possibly relevant t

image annotation, we found captions, mentions rabist
and titles of scientific publications to provideffaient

information

image annotation.

Although
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Abstract

Object and scene recognition is widely recognizea aifficult problem in computer vision. We presaere an approach to this
problem that merges recognition of an object asdbétckground. Relying on the assumption that gil®@eats are strongly linked to
given background scenes (a deer is more likelypjmear in a forest than on an iceberg), we leareabhjlassifiers using joint
estimations of object and scene. Such an approamifidwnormally require a large quantity of trainiimgages labelled with
object/background scene associations. To circumgestly manual training set labelling, we proposerass-modal approach,
learning and incorporating contextual informatida automatic text analysis from theWeb, to gendtseonditional probabilities of
an object given a background scene. This methaavalus to strictly distinguish the object classifiem the background scene
classifier, and then merge them using estimateditional probabilities through a learned Bayesiatwoek. The key contribution of
this paper is a framework that provides a unifiedjtimodal approach to learning and using contexnfarmation for improving
image processing using statistics obtained froncgssing Web text.

must collect and annotate a significant amountrages.
1. Introduction The number of association is at least
o Mmax(|backgroung,|object]) (where |.| denotes
the number of element of the set) and at most
|backgroundx|object|. The lower bound of this
estimation is very unlikely since it would suppose
situation in which a given object always appearshim
same background. If one want to jointly annotate
background and objects, one has to consider orbeof
two following solution: 1 - building a "double artated"
base of image; 2 - finding an innovative metho@void
the explicit building of a (double) annoted databasd
images. We explore this second option on the faligw
The key contribution of this paper is a framewaonktt
provides a unified approach to learn and incorgorat
contextual information obtained from automatic text
analysis from the Web for object and backgrounchece
classification. Using this scheme, one does notdnee
manual annotations of images anymore to learn the
contextual relationships between concepts withiages.
This textual framework is compared to state-of-dins-
frameworks based on BN and Support Vector Machine
(SVM) learned on manually annotated corpora. Ow ne
approach shows significant improvement of classfion
compared to simple non-contextual classificatioth gets
closer from the performances obtained by the most
efficient frameworks learned on image annotation.
The rest of the paper is organized as follows. méxet
section deals with the related work on object and
background scene classification and contextualébase
classification. The image corpus used for the eatan
of our framework and our first classification moadsl
objects and background scenes to evaluate the
performances on our testbed is presented in se8titm
section 4, we introduce our new approach for ekitrgc
context from the Web as well as the integration
framework within the classification process. Intget 5,
we evaluate our approach on a scene/animal joint

Classifying objects and background scenes is
challenging task, in particular because of the guities
in the appearance of visual data. As a source efuls
information to tackle this issue, one can distisbui
appearance and context In this paper, appearance
information refers to the features commonly used fo
objects and scene recognition such as color artdréex
histogram. On the other side the context refershto
information relevant to the detection task but diogctly
due to the physical appearance of the object, aactheir
semantic nature or their relative position andes¢@lolf
and Bileschi, 2006). In other words, the context ba
seen as an expression of the particular relatipntiat
link an object and the backgroung within a naturege.
It well worth noting that several evidences comirgm
neuroscience have shown that human strongly rethen
context to recognize objects (Cox et al., 2004).

The use of contextual information for classificatibas
already been successfully considered using fusion
frameworks learned on visual information from amated
images corpora (Luo and Savakis, 2001)(Torralbal.et
2004)(Jasinschi et al., 2002)(Giridharan et al020This
type of joint estimation relies on learning the
co-occurence of a given object with all the posstigpes

of backgrounds within the images. Note that therlieg
database must contain a significant number of fal t
possible object/background associations. Such carpo
exist for specific domains but are very expensovbuild

in general. Most of the existing annotated corgwee a
unigue annotation per image, considering specifical
given object without annotating the background -(fFei

et al., 2004)(Everingham et al., 2006) or the camtr
Moreover the usual size of those corpora is redativ
small. Indeed, for each couple (background, objects
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classification problem by comparing its performanoe
the first classification scheme and to state-ofahs
contextual models. Concluding remarks and prosgecti
are given in section. 6.

2. Related Work

2.1 Object and background scene categorization

The previous works on recognizing isolated objesfts
various kinds is mainly divided into two approachBse
first approach localizes potential objects, with an
automatic segmentation algorithm, prior to trying t
recognize the objects: (Barnard et al., 2002) ateet
objects after dividing the image into regions witie
normalized cuts segmentation algorithm, then festare
computed on each region to allow its classificatibhe
second group recognizes objects without any
segmentation step. The most common works in this
category are the one based on local features suchject
recognition with SIFT features developed by Lowe
(Lowe, 1999).

A scene is considered here as the picture of aralatu
environment such as those taken with usual digital
cameras. The problem s€ene categorizatiooonsists in
recognizing a very typical environment from the Veho
image. The first works in this vein focused on peois
with a low ambiguity on the concepts to identifycklas
natural versusartificial landscapes (Gorkani and Picard,
1994)(Oliva and Torralba, 2001) imdoor versusoutdoor
scenes (Szummer and Picard, 1998), using a contrinat
of low level features (describing colour and tegjuwith
simple classifiers (such as K-nearest neighbodrsgy
achieved about 90% accurate classification on small
databases (from 100 to 1300 images). A step fusklaer
proposed in (Vailaya et al., 1998) with a hierareinyong
possible categories to classify the scenes (indattbor,
city/landscape,etc). They tested their method 06070
images and obtained 90% accuracy.

The second approach, generally narbed of features
rely on the computation of local features arourntérigst
points, then making an aggregative feature (sucla as
histogram) as a signature of the image. A key ehgk is

to determine a method to obtain as much robustagss
possible in the computation of the local featurAs.
reference in this domain is the SIFT (Lowe, 199%)e
last approach, initiated in (Oliva and Torralba02))
takes advantage of the statistics of natural imagegsit
into relief some intrinsic properties. Contraryfaymer
approaches that measure the quantity of pre-detedni
features within each image, this method constrtluts

image features directly from data. An algorithmic .

principle, usually linked to some perceptual propsrof

the human visual system (Hervé Le Borgne, 2007), is
applied on a collection of natural scenes to obtamew
basis of representation allowing a particular
discrimination between scene categories.

2.2 Contextual Fusion Model

The general idea is to take into account some iaddit
semantic cueqsometimes named mid- or high-level
features) to classify scenes. Although these detrures
are themselves determined from the low level festur
the fusion process usually leads to an improverogtite
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final classification by considering the globadntextof

the scene that express the relationship between the
constituting elements. Lots of works exist but @z
distinguish two main approaches (see (Bosh e2aly)

for a review).

The first approach consists in identifying some capis
(grass sky, or evenindoor or city) within a region of the
image, which can be a segmented object. These ptance
are further fused in a general framework that aastu
scene context by discovering intra-frame as well as
inter-frame dependency relations between the seétnant
concepts. E.g.: Markov Random Fields (MRFs) (Geman
and Geman, 1984) or Conditional Random Fields (JRFs
(Torralba et al., 2004). Using a discriminative aygech

for classification rather than spending the effoits
modeling the generation of the observed data is an
advantage of CRFs over the traditional MRFs. The
disadvantage of these techniques is that they must
consider the relations between all the conceptshef
ontology which may make computing time prohibitive.

A solution, given by the second approach, is tatere
hierarchy to explicitly represent concepts usirzasis of
other semantic-concepts. In a similar vein, (Lua an
Savakis, 2001)(Jasinschi et al., 2002)(Giridharaale
2002) consider a set of atomic semantic-conceuts as
sky, musig water, speechi.e all those which cannot be
decomposed or represented straightforwardly in $esfn
other concepts. They are assumed to be broad erough
cover the semantic query space of interest. Coadept
can be described in terms of other concepts, ssch a
scenes, are then defined as high-level conceptscdie
estimation of the scene concepts is a multiclass
classification problem over the representation of
low-level features and atomic semantic-conceptsain
semantic space. It is amenable by the modellingaxfs
conditional densities with Bayesian network (Luadan
Savakis, 2001)(Jasinschi et al., 2002) or more
discriminative techniques such as SVMs (Giridharane
al., 2002). Our approach presented in the Sectios 5
based on this hierarchical context modelling.

3. First-level classification

This section deals with the classification withdugion,

that is to say with the classification of animatsthe one
side an the background (scene) classification erother
side. However, since we are finaly interested ih&ojoint
classification, the database is the same for hgibst of
considered images.

We built our database with images coming from thebW
found on Google Imagé. We manually selected 30
categories of animals with 50 images for each ahifitee
images were then segmented into an object (here the
animal) and the background. Six types of background
were found (see columns of table 2) among these
30x50=1500images. Images were segmented using
the computer assisted segmentation from the SAIST
software developed by Hanbury et al. (Hanbury, 2006
well worth noting this paper does not deal with the
problem of automatic segmentation and thus we ased
semi-automatic segmentation in order to specifjcall

Yhttp://images.google.com/
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Figure 1: Example of image segmentation from the
SAIST software.

study the effect of fusion since it is the topicioé work.
In the same vein, the collect of the images wasualiyn
checked since we do not study the influence oériitig
during this phase. Of course, in a real applicatiose
two processing would probably have an influencehan
performances This study is currently in progress aill
be reported in further works.

The 1500 images have been randomly separated into Savanna
training set of 20 images per animal, and a test@tgof By %
30 images per animals. This random selection has be %
done 10 times, and the results shown in the fotigwiill

be an average on these 10 experiments (cross tatifla
As far as classification is concerned, global fesguwere
computed on each region and used to train an SVM Figure 2: An example of each animal consideredhim t
classifier. The same method is applied to leareabjand paper.

background scenes. Two global features are used: ¢
64-bins color histogram (RGB quantized into 4 vaked

a 512-bins texture histogram (local edge pattetme(@

and Chen, 2003)). These two features extraction
algorithms have been adapted to work on regionh wit
non rectangular shapes, such as the one produced b
manual segmentation. It was done considering okl
within the region for the color histogram, and exéor

Meadow
ﬂﬁfff -t |

Desert

Waters

which the 8 neighbors are also within the regiontfe
texture histogram.
We combine the color and texture information into

576-bins histograms to learn SVM models with the
LibSVM library (Chang and Lin, 2001) with a Gaussia Ice
kernel. To manage the multiclass aspect, we used th
one-against-one method. The kernels parameters hav
been estimated by cross-validation on the trairdata.
The result obtained for our baseline is 44.3% of
confidence for animals and 50.7% for backgrountase Figure 3: Two examples of each background scene
considered in this paper.

4. Fusion Models .
background scene (e.& = arctic or savann).

. The variables fromF are real values, they are said,
4.1 General Fusion Scheme observed since they are computed by processing of the
Constructing a generative probabilistic model obga  image without a priori knowledge. The variablesyird\
content consists in modeling variables (concept andand S are discreet variables valued in a fixed set (the
features) by a general probability distribution eatib taxonomy of the concept) and will be evaluated by
cover all the possible cases. The distribution therst treatment of the content model. The general classibn
represent the various descriptions of the image. of the imagel consists in attributing the values of the
Let | be an image of the databade; is the set of  concepts that maximize the probability to obsehese
features (such as color or texture histogrands)is the concepts knowing the observed variablEs. This
semantic concept representing animals presence (e.gestimation is the rule of the maximum a posteiiiotAP)
A=walrus or lion); S is the concept for noted:

{S, Ay =argmax ,P(S,A|F,F,) (1)
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detection probability. Late fusion focuses on the

Where Fg is the set of features used to classify the scenesndividual strength of concepts within the overaihtext.

and F, the animals. Then, using the Bayes rule, the
MAP rule may be written:

{S, A} =argmax ,P(S, A Fs,F,) (2)
The expression of the general joint probability tbé
random variables is fairly complex. A simplifyingethod
consists in restricting the model structure in ortie
express the joint probability by several independems.
The main idea of this method is to specify a nurrdfer
probabilistic dependences between random variables
based on the a priori knowledge of the modeled
phenomenon. That allows reducing the complexitthef
inference and learning in comparison with a modetne
all the probabilistic dependences are considemedhis
case, the classification scheme without fusion eartexi
in the fourth section may be approached by conisiger
that the animals and the scene are statisticallgpandent.
The MAP rule may then be expressed by the
maximization of two independent terms:

{S, A = argmax, ,P(S|Fs)P(A|F,) (3)
(4)

Where P and P, are the probability of the concepts
knowing the associated features calculated by itis¢ f
SVM classification. Our first assumption is thateth
independence hypothesis is too strong and that
considering the dependence
concepts help to better understand the contexpaftare
and then improves classification performances.

{é, A} ={argmaxP;,argmax,P,}

4.2 SVM Late-Fusion Model

SVM Late fusion model

30 animals 5 scenes
classifications classifications
> Py > Py

Joint estimation of the new P, and

}

{i A}: {ill‘g:nux (P,)

,arg max (P4 )
A

Figure 4: SVM based late fusion model.

The first model is based on SVM Late-Fusion techeg
(Westerveld et al., 2003) presented in figure 4relHthe
context of semantic concepts is considered by éimdo
concepts interrelation within a pattern recognition
problem. Late fusion starts with extraction of Itavel
features and concepts are learned from these ésatur
Probabilites B- and P, are combined afterwards
within SVMs models (one for each concept) to yi@hel
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relationships between

A big disadvantage of late fusion schemes is its
expensiveness in terms of the learning effort, fees t
combined representation requires an additionahiegr
stage. Moreover, the second learning phase nemssit
an image corpus annotated with all the chosen qasce
For scene extraction this model has shown is efiicy
compared to Bayesian Network fusion model. It tivils

be considered as a baseline for comparing contextua
fusion performances.

4.3 Bayesian Network Fusion Model

S

(5)

Figure 5: BN based late fusion model.

The second model may be approached by specifying
particular probabilistic dependences between the
descriptors using a Bayesian Network (BN) formaligm
our case, the BN representing the variables is shiow
figure 5. The general joint probability may then be
simplified:

P(S,A Fs, F,) = P(S)FP(A[S)B,  (6)
If we suppose that the classes from the choseneptsic
are equiprobable, the maximum a posteriori may then
expressed by:

{S, A} = argmax, \PsP(A|S)P, ™
The conditional probability of obtaining the animél
knowing the background scer®, P(A|S) is used as a
balancing term between the two first probabiliti®#se
evaluation of this conditional probability may be
approached by different learning techniques based o
external knowledge.

4.3.1 Human Knowledge Technique
A first method consists in manually fixing the cdrahal
probability based on human knowledge. For exaniple,
we assume that HON may not be seen in a@rctic
scene, the probability is arbitrary set to zero:
P(A=lion|S=arctic) =0 . During the learning
phase, we assume that a particular animal flmcan
only be detected in one particular background sc8ne



P(AS | S) =0. We also assume the animals from one expected better results from more linguisticallyassv
scene are equiprobable, that is to A | S) =| A | counts (co-occurrence in a 16-words window ceryainl
(where| A | is the number of animals species that can becan not be considered as a deep linguistic infdomabut
found in the backgroun®). This learning technique is it is still better than a simple document-based
easily implementable but rather radical. Assumhag &in co-occurrence).

animal may not be seen in different backgroundsdsep

limit. Moreover, manually fixing the conditional 4.4.2 Joint Probability Estimation

probabilities is feasible in our case where we axtta We queried these engines on 2 parameters: count of
limited range of concepts but can be problematienwh individual expressions (object or background-evgkin

this number grows. This technique can not be censdl  and count of co-occurring expressions
here, but will serve as a baseline for comparimgathners (object/background pairs). We defined four différen
learning techniques. settings for the query procedure: where co-occegen
are at the document level, ExaleadNear where thimga
4.3.2 Annotated Images Corpus Technique queries were made with the NEAR operator, FlickeTag
A second technique consists in estimating the d¢immdil and FlickrTexts
probabilities on an annotated images corpus. As&uts |A N S|
are valued in a discrete space, this estimatid®ased on mO(A7 S) = (9)
counting concept values on ground truth images jdinée |A| |S‘
probability can be computed by counting the freqyeof
specific configurations among the samples: mo(A., S
p g g p P(A|S) = o( : ) | 10)
ZsGScenes mo (A‘ ‘5)
P(Als) = A5 (®) | | |
S The quantity we are interested for our purposeh&s t

conditional probability of finding a particular amal
The main limitation of this approach is that it uges a given the background scene. While the conditional
large images corpus annotated with the whole set ofprobability may be a good predictor in the geneeae,
concepts from the chosen ontology. A problem occursthe standard estimation (see equation (8)) is glyon
each time one has multiple corpora annotated wjithraa ~ biased toward most frequent animals (in our settiog
of the ontology (animals and scenes). It will beessary  instance, horses are cited and photographed more
to collect a large volume of photographs, with aets of frequently than any other animal). It is highly idaisle
object/background scene associations. Most ofithest that the measure be independent of the relatiepéecy
we will have to construct it from scratch by seangtthe of the animals. For this reason, a measrmge(A, S) (see
web. equation (9)) close to the Pointwise Mutual Infotioa
In this article, we propose a third strategy tortrea was used to approximate the conditional probabiiig
conditional probabilities from external data. Thiew can then defind?(A|S) from m, with a normalization
technigue does not need any common images corpdra a step (equation (10)).
only uses information automatically extracted frome
web. Thus, the learning phase of the fusion schdoes 4.4.3 Example
not require manual intervention anymore.

Class Terms
Scenes| readow “green grass" tall grass" trupk
4.4 Joint Probability Estimation from the Web log branch leaf snow mud tree}désert

dune oasis sand},wWaters spume plunge
dive swim sand}, {orest foliage woods
trunk log branch leaf snow mud treejcé
floe icefield}, {savanna “tall grass"
“yellow grass" trunk log branch leaf sand

We have used two resources to count words and
cooccurrences: Flickr (Fli, ) and Exalead (Exa, ).

4.4.1 Web ressources
Flickr is a commercial service for storing and &hgr

photographs on the internet. One of the main ait&c _ mud tree} : :

features of this site is the ability to easily téue Objects| elephant, horned viper, clownfish, cow,
photographs. Flickr also proposes two simple search deer, dolphin, dromedary, giraffe, gorilla,
mechanisms: search in tags or in full text desiomst For hare, horse, husky, jackal, jellyfis,
each of these modes, usual boolean operators arg kangaroo, lion, oryx, penguin, polar begr,
available: AND, OR, () and NOT. rh|n_o, boar, scorpion, seal, urchin, shegp,
Exalead is a French search engine that claimsdexin squirrel, walrus, whale, woodpecker, zebra
more than 8 billion pages. Since we use it hi aounter o

we preferred it over other popular search enginasrhay Table 1: Terms or group of terms used for joint
have a bigger coverage, because of the reliahdlitg probability estimation.

stability of its count results. Exalead allows fbe usual ] ) )
combination of operators to be used in queries: ASR, In our experiment, we approximate the relation leetw
(), NOT, but also more powerful operators sucNBAR animals and scenes. We count individual and

(words must be less than 16 words away from edwrlpt ~ (@nimal/scene) joint count on the terms presentedble

NEXT or even OPT for optional words. The NEAR 1. Based on the counts we realized using the Edtalea

operator is particularly interesting in our casecs we  Search engine and the NEAR operator to join ananall
scene terms, the joint probabilities we obtain are
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presented in table 2. As shown by the urchin exampl performances. The results on BN demonstrates their
some estimations can be totally wrong, perhapsuseca ability to handle context in the images and shdweshest
of occasionnal odd answers from the search engims. performances of BN fusion model by learning thetern
is however definitely cheaper and faster to colteset of  from ground truth. BN learned on the Web is le§isient,
terms describing scenes and animals than to cadlect but still shows a fair improvement compared to the
collection of pictures representing the “patural” classification scheme without fusion (+5.3% on ager
distribution of animals in differents environments. for BNftext). These results demonstrate that camigx
fusion using information extracted from the Web is

meadow| desert| waterd foredt ick  savadna efficient. The main advantage of our method is to
elephant 22 18 .05 16 06.33 circumvent costly manual training set labelling of
horned viper| .04 62 17 03 ool 13 images.This method allows us to strictly distinguike
clownfish o4 1 | 72 05 02| o7 object classifier from the background scene classiéind
cow a1 09 08 12 1 19 then merge them using estimated conditional prditiabi
deer 20 08 03 | 42 | 12| 15 through an easily learned Bayesian network viaraati
dolphin 06 14 | .60 07 08| .05 text analysis from the Web.
dromedary o 0 09 o o o7 Within the different BN fusion models learned frahe
, Web, we observe a variation of classification
giraffe 17 .05 .03 .10 .0B .62
, performances. The performances are always lower tha
gorilla .07 .57 .08 .08 11 .09 .
hare P 4 o b ol 26 the one_of the BN model learned on t_he image corpus
Indeed, it seems that the more a BN fusion isiefii; the
horse 16 09 10 18 36| 12 more conditional probabilities are close from theage
husky 18 .04 .04 A5 | 48| 12 ground truth.
jackal 18 37| 06 10 | 06 .23 Our next goal will then be to enforce the robustnet
jellyfish 05 14 | 49 05 | 19] .08 joint probability estimation from the Web in orderget
kangaroo 16 19 10 | 35 07| 13 closer from the estimation obtained with image ocoap
lion 24 14 09 -10 1p 31 Another way of improvement would be to better
oryx .06 44 .06 03 01 41 considerate the statistical dependence relatioaship
penguin 09 05 13 09| 56| 08 between animals and scenes. Indeed BN model is less
polar bear 01 .00 .07 01| 90| .00 efficient than SVM for this task, as BN only corsica
rhino 24 17 .08 A1 ap .27 first order relationship through the conditionals
boar 23 14 08 | 24 08| .23 probabilities of observing animals knowing the s®n
scorpion .10 33 12 11 a1 22 Another fusion framework should be found to obtadth
seal 08 07 18 08| .49 | .09 good statistical dependence consideregd Web-based
urchin .03 10 16 .04 O .66 learning phase
sheep 30 16 .05 10 25 .15
squirrel 24 .08 08 | 26 14| 20 No BNima | BNexa| BNexan
walrus 01 .05 02 01| 91| 01 fusion
whale .04 09 | 52 .05 25| .05 Animals | 44.3 49.1 45.5 47.5
woodpecker .26 .10 .05 29. .08 | .21 Scenes 50.7 64.2 54.1 57.8
zebra .26 .09 .08 .08 .10 .39
Table 2:_AnimaI/Scene joint probability estimat Animals E6Nitag 4$gﬂXt SS\Q/JM Late
using Exalead and NEAR operator. Scenes 545 530 676

S>. Experiments Table 3: Classification performances of the

The confidences in the classifications of animals their fusion models
associated scenes are presented in table 2. Weacemp
the classification performances of the differensidn 6. Conclusion

models: classification without fusion (No fusiorBN
fusion learned on images corpus (BNima), on Exalead
cooccurences (BNexa), on ExaleadNear (BNexan), on
FlickrTags (BNftag), on Flickrtexts (BNftxt) and $A/
late fusion (SVMlate).

This experiment gives rise to two interesting resuirst,
contextual fusion can be used to improve clasgitica
performances. Second, conditional probability ledrn
from the WWW provides useful information for thenp
estimation of animals and scenes.

SVM late fusion models better consider the coriefat
between the classification scores. This is dueh® t
quality of the estimation of their inter-relatiolearned
from the ground truth examples from photographs
mapped in the initial semantic space through thadte
function. It thus reaches the best classification

In this article, we have addressed the problembjdats
and background scenes joint classification frormsciomer
photograph using contextual information. We propase
learn a Bayesian Network fusion model with inforimat
extracted from the Web, instead of annotated imalgas
new model leads to drastically reduce the manual
annotation effort that is a critical task to tdstssification
fusion models. Feasibility of such a framework was
demonstrated for the automatic annotation of phajuiys
with animals and background scenes concepts.

A fair improvement compared to the classificatiesults
obtained without fusion (+5% precision) shown the
efficiency of our method. Using our method, one naw
consider to efficiently learn fusion schemes to
automatically annotate photographs using large
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ontologies (such as LSCOM), or very specializedsone Analysis and Machine Intelligences(6):721--741,

Several directions exist to improve the classifaa 1984.
fusion scheme described in this article. First,nfoi lyengar Giridharan and Nock, Harriet J. and Neti
probability extraction from the Web may be develbpe Chalapathy and Franz, Martin. Semantic indexing of
get closer from ground truth from the images. Sdbon multimedia using audio, text and visual cues.
an alternative fusion framework could be considdred Proceedings of IEEE International Conference on
order to better model the dependencies betweerctsbje Multimedia and Expo 2002 (ICME '02002.
and scenes within joint classification scheme. Gorkani, Monika M. and Picard, Rosalind W. Texture
Orientation For Sorting Photos At A Glance".
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Abstract

Television news has been the predominant way oératainding the world around us, but individual nevaadcasters can
frame or mislead audience’s understanding aboitiqgaland social issues. We aim to develop a cdemaystem that can
automatically identify highly biased television rewvhich may prompt audience to seek news storgas €ontrasting
viewpoints. But can computers determine if newsewil were produced by broadcasters holding diffeideglogical
beliefs? We developed a method of identifying diffg ideological perspectives based on a largeeseislual concept
ontology, and the experimental results were prorgisi
. In this paper we proposed a method of identifying

1. Introduction differing ideological perspectives in news videcd@don
Television news has been the predominant way ofthe imagery chosen to show on the screen. We ntedva
understanding the world around us. Individual news OUr method based on visual concepts in SectiofVe..
broadcasters, however, can frame, even misleaddescribed how to represent a video in terms ofalisu
audience’s understanding about political and sdssales. ~ €Oncepts (e.g., outdoor, car, and people walking) i
A recent study shows that people’s main news ssiame ~ Section 3.1, and then how to quantify the simijari
highly correlated with their misconceptions abtet raq ~ P€tween two news video footage in terms of visual
War (Kull, 2003) . 80% of the respondents whosengry ~ CONCepts in Section 3.2..
news source is FOX have one or more misconceptions; e evaluated the proposed method on a large broad
while among people whose primary source is CNN, 50% cast news video archive (Section 4.1.). To deteeniin
have misconceptions. two videos portray the same news event from diifgri
The difference in framing news events is cleareenive  ideological perspectives, we trained a classifienéie a
compare news broadcasters across national andagagu binary decision (i.e., same perspective or differen
boundaries. For example, Figure 1 shows how anperspectlv_es). Th_e classifier was shown to achiegle h
American broadcaster (NBC) and an Arabic broadcaste &ccuracy in Section 4.3.. We applied the same idea
(LBC) portray Yasser Arafat’s death in 2004. Theo tw determme if two videos covered the same news event
broadcasters’ footage looks very different: NBCwgho ~ Section 4.2.. . .
stock footage of Arafat, while LBC shows the actual * SO far we conducted the experiments using manual
funeral and interviews with general public. concept annotation to avoid ‘concept classifiers’rpoo
We consider a broadcaster’s bias in portraying wsne Performance being a confounding factor. In Secéch
event “ideological.” We take the definition of idegy as ~ We repeated the above experiments and replacedaianu
“a set of general beliefs socially shared by a groé annotations with empirically trained concept classs.
people” (van Dijk, 1998). Television news produntio
involves a large number of people who share similar
social and professional beliefs. A news broadcasizy
consistently exhibit bias in reporting politicalcasocial
issues partly because producers, editors, and tezpor
collectively make similar decisions (e.g., whatctwer,
who to interview, and what to show on a screengtham
shared value judgments and beliefs.

2. Motivation

We were inspired by the recent work on developing
large-scale concept ontology for video retrieval
(Hauptmann, 2004), and considered a specific kind of
visual grammar that may exhibit ideological persivec
composition (Efron, 1972). Here visual concepts are
generic objects, scenes, and activities (e.g.,cautctar,

Wi : devel h and people walking). Visual concepts can represent
e aim to develop a computer system that canijegs visual content more closely than low-level

automatically identify highly biased television m@w  features (e.g., color, texture, and shape) can.yMan
Such system may increase audience’s awareness abowésearchers have actively developed concept clrssifi

individual news broadcasters’ bias and prompt thiem
seek news stories from contrasting viewpoints. Haxe
can computer automatically understand differing
ideological perspectives expressed in televisiomwsne
footage?
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automatically detect concepts’ presence in video. A
concept classifier reads an image and outputs the
likelihood that a visual concept is present ongsbeeen.
Therefore, if computers can automatically identifye
visual concepts, computers may be able to learn the
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(b) From an Arablc news broadcaster LBC

Figure 1: The key frames of the television newddge about Yasser Arafat’s death from two broadcsst

difference between broadcasters holding differing

ideological perspectives based on what are chosen t

show in news footage.

Adult Ammal Armed_Person Bulldlng

Caucasmné glllan_ erson
aytlme utdoor Explosion_Fire

Adult Animal guilding cascasions

Civilian Person crowd
Daytime_Outdoor Entertainment Face
Female_Person Furniture Government_Leader

Ground Vehicles Group Head_And_Shoulder
Individual Interview_On_Location

Male,Person Meeting Microphones
Military_Personnel Qutdoor Person

Politics Powerplants Press_Conference Scene_Text
Single_Person Single_Person_Male Sitting Sky
Standing suits Talking Ties Vegetation
Vehicle Walking_Running Weapons Windows

ace
Female Person Government_Leader
Ground_Combat Group Head _And_Shoulder
Individual Interview_Sequences Machine_Guns

M a | e,Person Military_Personnel
News_Studio Outdoor

Overlaid Text Person
Powerplants Rifles Single_Person
Single_Person_Male Sitting Sky Soldiers
Speaking_To_Camera Standing
Studio_With_Anchorperson Suits Ties Trees
Vegetation Walking_Running Weapons

(a) CNN (b) LBC
Figure 2: The text clouds showed the frequencyef t
visual concepts that were chosen by two broadaster
thelraq War stories. The larger a visual conceptnioee
frequently the concept was shown in news footage.

We illustrate the idea in Figure 2. We counted \tisial
concepts in the television news footage about g War
from two different broadcasters (an American br@atier
CNN vs. an Arabic broadcaster LBC), and displayet

in text clouds (see Section 4.1. for more detdilgua the
data). Due to the nature of broadcast news, itotssar
prising to see many people-related visual concépts,
“Adult”, “Face”, and “Person”). Because the newsris
are about the Iraq War, it is also not surprismgee many
war-related concepts (e.g., “Weapons”, “Military
Personnel”,
differences, however, lie in the subtle emphasiss«nnne

and “Daytime Outdoor”). The surprising

news event, can computers determine if they portray
the event from differing ideological perspectives?

We could identify news stories’ topic using textahles
(e.g., words in automatic speech recognition trapts),

but here we attack a more challenging questionigny
television news stories on the same event using onl
visual clues. More and more videos are produced and
consumed by users on the Internet. Contrary to news
videos, web videos do not usually come with clear
voice-over that describes what a video is about. An
imagery-based topic tracking approach is more yikel

be applicable for web videos than a text-basedcampr.

The two research questions can be boiled down do th
same question:

How well can we measure the similarity in visual
content between two television news videos?

News videos on the same news event are likely t@ ha
similar visual content, while news videos on didfietr
news events are less likely to have similar visaaitent.
Similarly, given two news videos on the same nevest
broadcasters holding similar ideological beliefs kiely

to portray the new event in a similar manner, whisvs
broadcasters holding different ideological views krss
likely to display similar visual content. Therefotbe key
research question becomes measuring the “semantic”
similarity in visual content.

3.1 Representing Video As Visual Concepts

concepts. “Weapons” and “Machine Guns” are shownwe proposed a method of measuring semantic sityilari

more often in CNN (relative to other visual consept
CNN) than in LBC. On the contrary, “Civilian Persamd
“Crowd” are shown more often in LBC than in CNN.Wo
frequently some visual concepts are chosen seeraflié¢ot
a broadcaster’s ideological perspective on a pdatic
news event.

3. Measuring Semantic Similarity in Visual
Content

To develop a computer program that can identifyeoid
conveying differing ideological perspectives on ewn
event, we need to address the following two quastio

1. Can computers determine if two television news
stories are about the same news event?

2. Given two television news stories on the same
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between two news stories using a large-scale visual
concept ontology. Our method consists of four stags
illustrated in Figure 3. In Step 1 we first run eaotsh
detector to de tect shot boundaries in a news sty
select the middle frame of a shot as its key frdmé&tep

2 we check if any concepts in a visual conceptlogto
are present in the key frames. A concept’s preseaicde
manually labeled by human annotators, but can be al
automatically but less accurately labeled using himec
learning classifiers. An example key frame and igsial
concepts are shown in Figure 4.



T Oz
o=z Ll .
<4 thousands of concepts collected from various saurce
such as TGM, Time Life, TV Anytime, Comstock, and

D(P||@) WordNet. Later around one thousand concepts were
= —— a chosen based on video retrieval utility, machire#eg
5 ™o ™ (S L I feasibility, and observability. The LSCOM taxonomgs
EepouonFien | also mapped to Cyc to suggest new concepts. Ther maj

categories and example concepts in each categery ar
1 2 ] 4 listed in Table 3.1..

Figure 3: Our method of measuring similarity inusé 3.2 Measuring Similarity using Visual Concept
content consisted of four steps. Step 1: extrafetos’ key Representation

frames. Step 2: determine what visual concepts are  |n Step 3 we model the occurrences of visual coisdep

present in key frames. Step 3: model the occurseate  key frames using a statistical distribution. A matu

visual concepts using a multinomial distributiotefs4: choice for discrete occurrences is a multinomial
measure “distance” between two multinomial distribution. We take the visual concepts deteateStep
distributions using Kullback-Leibler divergence. 2, and count how many times every concept in aavisu

concept ontology appears. We obtain the maximum
likelihood estimate (MLE) of a multinomial distribon’s
parameter by dividing the visual concept frequengyhe
total number of visual concepts in a news videcaBse
the number of unique visual concepts in a newsystor
usually much smaller than the total number of cptxef

a visual concept ontology, the MLE contains mangpze
entries. We thus smooth the MLE by adding a small
pseudo count (0.001), which is equal to the maxinaum

Figure 4: This key frame is annotated with thediaing posteriori estimate with a Beta prior (Manning and
LSCOM visual concepts: Vehicle, Armed Person, Sky, Sch’utze, 1999). We measure the similarity between
Outdoor, Desert, Armored Vehicles, Daytime Outdoor, Videos' multinomial  distributions in  terms  of

Machine Guns, Tanks, Weapons, Ground Vehicles. ~ Kullback-Leibler (KL) divergence (Cover and Thomas,
1991). KL divergence is commonly used to measuee th

We choose to represent the visual content of aitbs “distance” between two statistical distribution$eTKL
news story as a set of visual concepts shown oscdteen.  divergence between two multinomial distributionsril
By visual concepts we mean generic objects, scemgs, Q is defined as follows:

activities (e.g., outdoor, car, and people walking) P(c)
Low-level features (e.g., color, texture, shape)easy to D(P||Q) = Z P(e) log m:«
compute but fail to closely represent a video'suals < €

content. For example, to compare how different where cis all visual concepts. The value of KLedgence
broadcasters portray the Irag War, knowing how many quantifies the similarity between two news videas iar
“soldiers” (a visual concept) they choose to shewiich terms of visual concepts chosen by individual
more informative than knowing how many brown pagche broadcasters. The smaller the value of KL divergetie
(a low-level color feature) are shown. more similar two news videos. KL divergence is

Category Examples asymmetric, and we tak_e th_e average of D(P ||Q) and
- D(Q||P ) as the (symmetric) distance between Rand

Program advertisement, baseball, weather nejws

Scene indoors, outdoors, road, mountain 4. Measuring Semantic Similarity in Visual

People NBA players, dficer, Pope Content

Objects rabbit, car, airplane, bus, boat

Activities walking, women dancing, cheering 4.1 Data

Events crash, explosion, gun shot We evaluated the proposed method of identifying
: differing ideological perspectives on a broadcasivs

Graph th , NBA , sched h : ) .

Lo L e Scores, schecup video archive from the 2005 TREC Video Evaluation

_ _ _ (TRECVID) (Over et al., 2005). The TRECVID 2005
Table 1: The major categories and sample LSCOM yigeo archive consisted of television news videos
concepts in each category. recorded in late 2004. The news programs came from

) multiple news broadcasters in three languages: iérab
In this paper we chose the Large-Scale Conceptl@yto Chinese, and English, as shown in Table 2.
for Multimedia (LSCOM) (Kennedy and Hauptmann,

2006) to represent television video’s visual cohten
LSCOM, initially developed for improving video
retrieval, contains hundreds of generic activit@gects,

and scene¥. LSCOM started from more than ten

5 The complete list of visual concepts is availaltlbttp:
Ilwww.Iscom.org/concept.htm
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most visual concepts are far from perfect, why \Wowk
start from assuming perfect concept classifiersds It

Language Hours  |News Broadcoaste because manual annotations allow us to test the adfe
Arabic 33 LBC measuring similarity in visual concept using corisep
Chinese 52 CCTV, NTDTV without being confounded by the poor accuracy @& th
English 73 CNN, NBC, MSNBC concept classifiers.

Table 1: The news broadcasters and the total lesfgth 4.1 Identifying News Videos on the Same News

newsvideos in each language in the TRECVID'05 video Event

archive. Because we are interested in how the same news isven
We used the official shot boundaries that the TRELCVI portrayed by different broadcasters, we need to tfied
organizer, NIST, provided for the TRECVID 2005 television news stories on the same news evenvide
participants. We ran an in-house story segmentationarchive. As we argued in Section 3., this tasksbddwn
program to detect news story boundaries (Hauptneann to comparing similarity between two videos’ visual
al., 2005), resulting in 4436 news stories. Therysto content. News videos on the same news event &l tii
segmentation program detected a news story’s boynda show similar visual content. Given two news videss,
using cues such as an anchor’s presence, comnsercial could measure their similarity in terms of visuahcepts
color coherence, and average story length. We rethov as proposed in Section 3..
anchor and commercial shots because they containe®Ve developed a classification task to evaluate the
mostly talking heads and conveyed little ideolobica proposed method of identifying news videos on tiae
perspective. We collected ten news events in l@@42 event. Each time the classifier is presented wiphiaof
and news videos covering these news events. We madtelevision news videos, and is asked to make arpina
sure the news events in Table 3 were covered bydecision between two categories:  Different News
broadcasters in more than one language. A newy stor Events (DNE) vs. Same News Event (SNE). DNE
covered a news event if a news event’s keyword® wer contains news video pairs that are frotme same
mentioned in the video’s English automatic speech broadcaster but on different news events (e.g.videos from
recognition (ASR) transcripts. NIST provided Engglis CNN: one is about the “Iraq War” and the otherhsuat
translation for non-English news programs. Notet tha “Powell’'s resignation”). SNE contains news vidpairs
ASR transcripts were used only for linking storiesthe from the same broadcaster and on the same news @uen,
same news event. LSCOM annotators did not use ASRtwo videos from CCTV about the same event “Tel Aviv
transcripts and made judgments solely based oralvisu bomb”). The predictor for the classification taskthe

content. value of KL divergence between two videos. Our radth
is effective if such classifier achieves high accyra
News Ever Hours Among all possible video pairs that satisfy thedibans

of Different News Event (DNE) and Same News Event

Irag War 231 (SNE), we randomly sampled 1000 video pairs fotheac
United States presidential election 114 category. We looked up their LSCOM concept
Arafat’s health 308 annotations (Section 3.1.), estimated multinomial
Ukrainian presidential election 11 distributions’ parameters, and tra_ined classifteased on
the values of (symmetric) KL divergence (see Sectio
AIDS 21 3.2.). We varied the training data from 10% to 9G#td
Afghanistan situation 42 reported the accuracy on the held-out 10% of viukcs.
Tel Aviv suicide bomb 2 Accuracy is defined as the number of video paias e

correctly classified divided by the total numbervafeo

Powell’s resignation 45 pairs in the held-out set. Because there were aivagnt
Iranian nuclear weapon 46 number of video pairs in each category, a random
North Korea nuclear iss 51 guessing baseline would have 50% accuracy. We tegea
Table 3: The number of television news storieshenten  the experiments 100 times by sampling differenewid
news events in late 2004. pairs, and reported the average accuracy. The eluic

classifier did not change the results much, and we

We used visual concepts annotation from the LaxgeeS reportgd only thg results using Li_near Discriminant
Concept Ontology for Multimedia (LSCOM) v1.0 (Kennedy Analy§|s and omitted the results using Support bfect

and Hauptmann, 2006). The LSCOM annotations cousiste Machlnes.. . .

the presence of each of the 449 LSCOM visual cosérpvery The experimental results in Figure 5 showed _tha"t ou
video shot of the TRECVID 2008deos. There are a total of Method based on visual concepts can effectively tel
689064 annotations for the 61901 shots, and thdamed NEWsvideos on the same news event from news vioteos

number of annotations per shot is 10. different news events. The classification accura@as

We conducted the experiments first using the LSCOI\/EigniﬁC"’mtly better than the random baseline ¢t;te <

i d lat laced | (atigitis :01), and reached a plateau around 70%. Our
annotations, and later replacéd manual annota concept-based method of identifying television news

predictions from empirically trained concept cléess.  siories on the same event could thus well complémen
Using manual annotations is equal to using veryi@te other methods based on text (Allan, 2002; Zhanal.et
concept classifiers. Given the state-of-the-artsifi@ss for ~ 2004), color (Zhai and Shah, 2005), and near-dafgi
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images (Wu et al., 2007). Although LSCOM was itiigia
developed for supporting video retrieval, the resalso
suggested that LSCOM contained large and rich emoug
concepts to differentiate news videos on a vaonétyews

events.
/1-_{/3' e
I
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Figure 5: The proposed method can differentiate snew
video pairs on the same news events from the naes v
pairs on different news events significantly bettean a
random baseline. The x axis is the percentageaofitg
data, and the y axis is the binary classificatiocusacy.

N
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Figure 6: The proposed method can differentiatenthves
video pairs conveying the differing ideological
perspectives from the news videos conveying similar
ideological perspectives significantly better than
random baseline. The x axis is the percentageaofitg
data, and the y axis is the binary classificatiocusacy.
Different

4.2 ldentifying New Videos of

Ideological Perspectives

Given two news videos on the same news event, laow c
computers tell if they portray the event from diéfet
ideological perspectives? As we hypothesized irtiG@ec
2., given a news event, broadcasters holding simila
ideological beliefs (i.e., the same broadcastes)li&ely

classification training and testing procedure irctioa
4.2.

The experimental results in Figure 6 showed that ou
method based on visual concepts can effectivdiypgsis
videos produced by broadcasters holding similar
ideological beliefs from those holding differing
ideological beliefs. The classification accuracy swa
significantly better than the random baseline ¢t;te <
0:01), and reached a plateau around 72%. Given tws ne
videos are on the same news event, we can thethese
propose method to test if they portray the newsnfro
differing ideological perspectives.

Because we already knew a video’s broadcaster titeen
video was recorded, wasn't the task of identifyihtyvo
news videos portray the news event from differing
ideological perspectives as trivial as checkinghiéy
come from different broadcasters? Although we can
accomplish the same task using metadata such ess n
video's broadcaster, this method is unlikely to be
applicable to videos that contain little metadatg.( web
videos on YouTube). We opted for a method of broade
generalization, and developed our method solelgdas
visual content and generic visual concepts.

4.3 Concept Classifier's Accuracy

So far our experiments were based on manual amnogat
of visual concepts from LSCOM. Using manual
annotation is equal to assuming that perfect cancep
classifiers are available, which is unrealisticagithat the
state-of-theart classifiers are far from perfeat foost
visual concepts (Naphade and Smith, 2004). So hellv w
can computers determine if two news videos convey a
differently ideological perspective on a news evdsihg
empirically trained classifiers? We obtained 44€ICB/
concept classifiers’ empirical accuracy by training
Support Vector Machines on 90% of positive examples
and testing on the held-out 10%. We first trained
uni-modal concept classifiers using single low-leve
features (e.g., color histogram in various gricesiand
color spaces, texture, text, audio, etc), and built
multimodal classifiers that fused the outputs frbest
uni-modal classifiers (see (Hauptmann et al., 2005)
more details about the training procedure). Wewatal

the performance of the best multi-modal classifa@rshe

to choose similar visual concepts to compose newsheld-out set in terms of average precisions (AP).

footage, while broadcasters holding different idgadal
beliefs (i.e., different broadcasters) are likedychoose
different visual concepts. The task of identifyifigwo
news videos convey differing ideological perspesgiv
boils down to measuring if two videos are simitatérms
of visual concepts (Section 3.).

We varied concept classifiers’ accuracy by injegtioise
into manual annotations. AP is a rank-based evialuat
metric, but our experiments relied on set-basedicset
We thus approximated AP using recall-precision
break-even points, which was highly correlated vAth
(Manning et al., 2008). We randomly flipped the ipes

We developed a classification task to evaluate theand negative labels of visual concepts until weched

proposed method of identifying news videos from
differing ideological perspectives. There were two
categories in the classification task: Differergdtbgical
Perspectives (DIP) vs. Same ldeological Perspective
(SIP). DIP contains news video pairs that are alloeit
same news event and from different broadcastegs, (e.
two videos about “Arafat’s death”: one from LBC amtk
from NBC). SIP contains news video pairs that dmeua
the same event but from the same broadcaster {eq.,
videos both from NTDTV and about “Powell’s
resignation”). We trained a binary classifier tedglict if a
news video pairs belong to DIP or SIP. We follovee
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the desired breakeven points. We varied the classif
break-even points from APs obtained from empiricall
trained classifiers to 1.0 (i.e., perfect accuracyid
repeated the experiments in Section 4.2. and Seéti.
The experimental results showed that the empiyicall
trained classifiers cannot satisfactorily identifiews
videos covering the same news event (Figure 7a) and
news videos conveying differing perspectives (Fegtin).
Although the classification accuracy using emplhca
trained concept classifiers (i.e., the leftmostadabint)
was statistically significantly from random (t-tegt <
0:01), the difference was not practically significafbe



median AP of the empirically trained classifiersswa Alexander Hauptmann, Rong Yan, andWei-Hao Lin. 2007

0:0113 (i.e., the x coordinate of the leftmost daianpin How many high-level concepts will fill the semantic
Figure 7). It was not surprising to see the classiion gap in news video retrieval? Rroceedings of the Sixth
accuracy improved as concept classifiers’ breakieve International Conference on Image and Video Redliev
points increased. To achieve reasonable performance (CIVR)
seemed to need concept classifiers of break-evamnspo Alexander G. Hauptmann. 2004. Towards a large scale
0:6. concept ontology for broadcast video.Rroceedings
of the Third International Conference on Image and
£ a r - Video Retrieval (CIVR)
i 7 il S l/“" Lyndon Kennedy and Alexander Hauptmann. 2006.
e i e LSCOM lexicon definitions and annotations (version
il / . 1.0). Technical Report ADVENT 217-2006-3,
i PR Columbia University, March.

oo oo eomon oo Steven Kull. 2003. Misperceptions, the media aredrtg
war.http://65.109.167.118/pipa/pdf/oct03/IragMedia\

Oct03\_rpt.pdf, October.

Christopher D. Manning and Hinrich Schutze. 1999.
Foundations of Statistical Natural Language Prangss

Figure 7: We varied the classifiers’ accuracy apkated The MIT Press

the two experiments in Figure 5 and Figure 6. Tlaxis Christopher D. Manning, Prabhakar Raghavan, and

is the (simulated) classifiers’ accuracy in term& o  Hinrich Schitze. 2008. Introduction to Information

precision-recall break-even points. The leftmostada Retrieval Cambridge University Press

point was based on the performance of the emgyiical Milind R. Naphade and John R. Smith. 2004. On the

trained classifiers. The y axis is the classifmati detection of semantic concepts at TRECVID. In

accuracy. Proceedings of the Twelfth ACM International

Conference on Multimedia

We should not be easily discouraged by current Paul Over, Tzveta laneva, Wessel Kraaij, and Alan F

classifiers’ poor performance. With the advance of Smeaton. 2005. TRECVID 2005 - an overview. In

computation power and statistical learning algonth it Proceedings of the 2005 TREC Video Retrieval

is likely that concept classifiers’ accuracy wille b Evaluation

continuously improved. Moreover, we may be able to Teun A. van Dijk. 1998. Ideology: A Multidisciplima

compensate for poor accuracy by enlarging the nuwibe Approach. Sage Publications.

concepts, as demonstrated recently in the study ofXiao Wu, Alexander G. Hauptmann, and Chong-Wah Ngo.

improving video retrieval using more than three  2007. Novelty detection for cross-lingual news ist®r

(a) Identifying news wideo (b) Identifving news video
pairs covering similar news  pairs of different ideclogical
events perspectives

thousands of visual concepts (Hauptmann et al.7R00 with visual duplicates and speech transcripts. In
Proceedings of the 15th International Conference on
4. Conclusions Multimedia pages 168-177.

Yun Zhai and Mubarak Shah. 2005. Tracking newsesor
across different sources. Proceedings of the 13th
International Conference on Multimedia

ong-Qing Zhang, Ching-Yung Lin, Shi-Fu Chang, and
John R. Smith. 2004. Semantic video clustering scro
sources using bipartite spectral clustering. In
Proceedings of the 2004 IEEE International
Conference on Multimedia and Expo (ICME)

We proposed a method of measuring difference inabis
content using a large-scale video concept ontoldge
experiment results showed that by representing news,
footage in terms of visual concepts, we could stelgarn

news broadcasters’ patterns in composing news sideo
about different news topics and in portraying a siewent

from different ideological perspectives.
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Abstract

The work described here concerns the use of conguitary resources in sports video analysis; soacauii case. Structured web data
such as match tables with teams, player namess guais, substitutions, etc. and multiple, unstnect, textual web data sources
(minute-by-minute match reports) are processed \aih ontology-based information extraction tookxtract and annotate events
and entities according to the SmartWeb soccer ogyolThrough the temporal alignment of the prim@afy data (soccer videos) with
the textual and structured complementary resouthese extracted and semantically organized ewam$e used as indicators for
video segment extraction and semantic classifinatie. occurrences of particular events in theementary resources can be used
to classify the corresponding video segment, engldemantic indexing and retrieval of soccer videos

1. Introduction 2. Resources Complementary to A/V

We present an experiment in the use of complementar streams

resources for the semantic indexing and analysis ofDespite the advances in content-based video asalysi
audio/visual (A/V) streams, i.e. in the domain @mws techniques, the quality of video analysis, indexargl
(soccer matches) this concerns structured web dataetrieval would strongly benefit from the exploitat of
(match tables with teams, player names, score goalsrelated (complementary) textual resources, espgdfal
substitutions, etc.) and unstructured, textual vdeltba these are endowed with temporal references. Good
(minute-by-minute match reports). Events extraftech examples can be found in the sports domain. Current
these resources are marked up with semantic classesesearch in sports video analysis focuses on event
derived from an ontology on soccer by use of an recognition and classification based on the extvaobf
information extraction system. Through the temporal low-level features and is limited to a very smalinber of
alignment of the primary video data (soccer maidbas) different event types, e.g. 'scoring-event’. On tither
with the textual and structured complementary reces) hand, complementary resources can serve as a laluab
these extracted and semantically organized evambe source for a more fine-grained event recognition an
used as indicators for video segment extraction andclassification.

semantic classification, i.e. the occurrence ofleader’ When describing complementary resources we
event in the complementary resources will be used t distinguish between two different kinds of informoat

classify the corresponding video segment accorgingl sources according to their direct vs. indirect @ation to
This information can then be used for semanticais| the video material. Primary complementary resources
indexing and retrieval of soccer videos, but alsothe include such information that is directly attachedthe
selection of A/V features (motion, audio-pitch |didine, media - namely overlay texts, audio track and spoke

close-up, ...) for specific soccer event types, eag. commentaries. Secondary complementary resources
CornerKick event will have a specific value for the include information that is independent from thediae
field-line feature (EndLine), a ScoreGoal event Wive itself but related to its content — it must be iifead and

a high value for the audio-pitch feature, etc. Ashs processed first. The next two sections describé edc
identification of characteristic features is basadextual these in more detail.

evidence we call this 'cross-media feature selectnd

extraction’. 2.1 Primary Complementary Resources

The remainder of this paper is organized as folldws  Although primary complementary resources are net th
section 2 we will discuss the nature and potenti®#l of  main focus of our current research and remain rimottes
complementary resources in video analysis. In@e@i  fie|d of low-level analysis, we consider them astuable
we present the experiment we did on using source of relevant information. Apart from the autlack
complementary resources in the analysis and seenanti containing spoken commentaries we can make use of
annotation of soccer match videos. In section 4liseuss overlay text that is present in the video pictdiee audio
our approach to the extraction of ‘cross-media track of sports events is however unfortunatelyvkméor
features’ and finally in section 5 we draw some 4 very high Word Error Rate on automatic speech
conclusions of our work and look forward to futuverk. recognition (Sturm et al., 2003), even when dealiith a
limited vocabulary such as player names and likgbnts.
We decided therefore not to use the audio track
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information in our research. The overlay text (pi¢gl
example is the time counter in sport events repgrés
shown in Figure 1 below) instead provides us withyv
important information about the time offset betwdka
video file time and the real match time. This imfation
is crucial for the alignment of events extractedndr
complementary text resources with the low-leveleaid
analysis results.

Figure 1: Primary Complementary Resources Example

2.2 Secondary Complementary Resources

The focus of our work is on the use of secondary
complementary resources that come in the form of
semi-structured tables, containing the summary of
statistical, numerical and categorical data coreteutith

enriched with complementary information that we
extracted from web tables (based on the ‘SmartWata D
Set' described below) and textual minute-by-minute
reports.

The video material was analyzed independently ftioen
research described here (Sadlier et al. 2005)ahhdysis
results are simply taken as input for our reseanct
consist of video segmentation, with each segmefimet

by a set of feature detectors, i.e. Crowd detegtion
Speech-Band Audio Activity, On-Screen Graphics,
Scoreboard Presence/Absence Tracking, Motion &gctivi
measure, Field Line (for a more extensive discussae
below).

The SmartWeb Data S&is an experimental data set for
ontology-based information extraction and ontology
learning from text. The data set consists of a eocc
ontology, a corpus of semi-structured and textuatcim
reports and a knowledge base of automatically etdda
events and entities.

Minute-by-minute reports are usually publishedatcer
web sites and enable people to “watch” the game in
textual form on the web. These reports provide atalie
information including the exact time point when leac
event happened. Combining several of these repdlits
increase the coverage of events. We thereforeifibeht
and collected minute-by-minute reports from the
following web sites: ARD, bild.de, LigaLive (in Gean)
and Guardian, DW-World, DFB.de (in English).

events covered by video broadcasts (such as soccq
matches) and in the form of unstructured textupbres
containing detailed descriptions about particuleengs
covered by video broadcasts including time point
information.

Semi-structured as well as unstructured match tegan

be readily obtained from web sources and infornmadamn

be extracted by use of wrappers based on reguld
expressions in the case of semi-structured tablesf o
more sophisticated techniques that involve NLP-hase
information extraction in the case of unstructutest
reports (Nemrava et al., 2007).

For our purposes we used semi-structured matcasasl
well as so-called minute-by-minute match reportsictv
combine unstructured text information on typicatets
that are not covered by the tabular match repoitts av
level of temporal structure through time points. i.
indication of minute in the match.

Complementary resources amalysis

Py ME; DE peu

k

Events: pautyick | cuter g | cer| ovtefplay| e |

Events with participating players
shot comnibed by Haawy |

Match: Ita vs. Fra Held at: Beriin { lyaupiastadion, 09, Jali 2006 2000 Uhe
Attendance: 69000 Referee: ELIZONDO Horacio ARG
Events:

Players: Henry | Zidane | Boffon | Zambrotta| Thuram | Malouda | Materazzi |
Cannavaro |

Referee:

(:05:10

‘Tirne:
Crowd: |
I
=]

Deutsche Welle: iaterazzi tekes out Malouds's g and France could go up ane satly

Guandian: Herry knocked on Barthez's clearance and, ss Ilalouda burst through from the left past Canvavaro,
Ivlaterazzi catce across him, If there was contact - and I'ra not sure there was, because Materazzi tried to pull out - it
was extremely rinimal, bt M alonda went ves and the referee gave it. In fact Malouda might have tripped aver bis
o feet there. Either woy, it looks very harsh on [taly.

DEB.de: Penalty for France after Malouda was brought dowa by Materazzi.

Audio
Wotion:

Eeay 12 4 2642 46«50 52 53 63548599 105 107 109

Zidatie
Buffon 72146316371 103 104123
Zambrotta 5 53 545583

Twram |4 36

Malouda 6 4253 55 69759399

67273441 51717580 8387103 109 110 112115123

Materazzi 6915 1D 202728 109 10112

3. Semantic Indexing of A/V Streams with
Complementary Resources

Major sports events, such as the FIFA Soccer Woud
Tournament that was held in Germany in 2006, pmad
range of readily-available resources, ranging frafd
material broadcasted by television or Internet,
semi-structured data in the form of tables on wads sto

textual summaries and other match reports. For the

research reported here, we used a data set ohalrigi
videos of television broadcasted matches as priuchaiy,
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Figure 2: Semantic Indexing Demo

By use of the information extraction system SProUT
(Drozdzynski et al, 2004) in combination with the
SmartWeb soccer ontology (D. Oberle et al, 2007) we
were able to derive a domain knowledge base fraseh
resources, containing information about playerks(eof
players names, their numbers, substitutions ethd,

16 http://www.dfki.de/sw-It/olp2 dataset/




match metadata (basic information about the game ca
contain information such as date, place, referaaena
attendance, time synchronization information) avehés
(score goals, penalties, headers, etc.).

Obviously, such extracted information can be used t
build up a semantic index of players and eventthe
match. Figure 2 depicts an example applicationuchs
semantic indexing implemented with SMfL Various
extracted information is aggregated and displayedga
with the match video (A/V stream of a television
broadcast), providing the user with direct access/ents
and entities occurring in the selected minute, avhilso
enabling non-linear browsing through the match eide

4. Cross-Media Feature Extraction

Apart from the indexing and retrieval, information
extracted from the complementary resources carseé u
also for the selection of A/V features specific for
particular soccer event types. As such identifaratof
characteristic features is based on textual evielareccall
this 'cross-media feature selection and extractibising
machine learning techniques we try to determine
discriminative features of selected football evemes
and build classifiers assigning the appropriatenetype

to segments of A/V streams. These classifiers allitlw

creating a permanent connection between the textual

information and the A/V analysis. We test whethwse t
A/V detectors themselves are able to classify evehf
certain kind. The following events were selectealil f
free kick, header, shot on goal, corner kick andl.go
These events are all of different importance, fieceed
also in the A/V streams by the time allocated folags,
crowd reaction, interruption etc.

cevent_entry:
cevent_ID»49 ¢ /event_ID»
cfrom_times>00: 12 :07 102 « Fraon_times
cto_time:00:12:10:11 < to_time:
cevent_typesfoul o fevent_types
eplayer_1:=Campbell < /player_1:
cteam_playver_l:England«tean_playver_1:
eplayer_z2=Janckers/player_2»
cteam_player_zxGermany o/ team_player_2:»
clocationsownsides/locations
¢score=0:0</ scores

o fevent_entiry s

Figure 3: Textual Annotation Example

Match 1 Match 2
- Training Data - - Test Data -

Foul 31 28
Free kick 18 14
Header 27 22
Shot On Goal 8 17
Corner kick 3 8

Goal 7 1

Table 4: Training vs. Test data

We first aimed at creating a binary classifier &ery
event type predicting whether the given video segme
falls into a particular event type or not, ratheart trying

to built up one classifier over all event types.diher
words, we wanted to know if a particular video segtris

for example a foul or not. We later extended tlassifier

to a ternary classifier aiming at two event types
predictions (fouls and shot on goals).

Creating derived values:Two problems occurred when
we tried to build up a classifier for soccer evdrased on
he A/V analysis. The first limitation is the geality of
ideo detectors and their low number and the seusotine
fact that each second (or other time window) ofiticeo
analysis will be treated individually without redao the
previous and the next values (and thus behavitima)
of the detectors. We tried to overcome this by agdi
derived detectors describing the previous and #e n
values of the detectors in the same time rangeeaswtent
instance itself (usually 3-5 seconds). We belidna this
can help the machine learning algorithms to make
clearer distinction between the different evenespAfter
this preprocessing we had 15 detectors in totalidBanes
are crowd, audio pitch, motion level and close-up
detectors, derived ones are the previous and tlosviag
average values for each detector and the remathieg
denote the proportion between the end-zone, miziuie
and other zone of the soccer field based on the lirge
orientation within the video segment.

Train and test: For the given event type, every event
element in the textual annotation file was assediatith
the appropriate video segment and its A/V analfgsithe

Data: We used two soccer matches from the Euro Cup, o =i -has These data were labeled as traininigie

2000, one as training and the other as testing dsi¢a

data. The negative instances (i.e. non-event ine&n

used this data because these matches contained Vel¥ere created by selecting segments of the A/V stsea

detailed manual annotation (see Figure 3) creatdtid
context of the MUMIS® project. Table 1 has the statistics
of selected events. Unfortunately for the goal eodher
kick event types the number of instances was itsefft
for the experiment and we left them out.

17 hitp:/imww.w3.0rg/ TR/REC-smil/
18 hitp://lands.let.kun.nl/TSpublic/MUMIS/
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where none of the selected events occurred.

Building up a model: Decision trees provided the best
performance over the given dataset. Table 2 shbes t
results from the experiment. The first 4 rows dne t
binary classifier and the results while the lasb twws
present results from the ternary classifier préaicthree
classes (2 event types and other)



e ene Ml e bose] | sastinror wemnpe | 10€ EU IST Project BOEMIE (Castano, 2007) focuses o
hinary classifier linstances [correct lincorrect |instances [correct [incorrect |PrecisiofRecall [F-Measur the use of multlmedla ana|ySIS reSUltS for popumand

foul a6 44 12 25 17 11 0,94 051 074

fraekick 42 28 14 14 10 4 050 | 071 059 1 i i i !
feehicl . DR A enrlqhment of ontologies, in the athle_tlcs quMmst
ShiloTFs 5| 20 | 18 7 s & [[oa [0s3] 08 | published results of the project deal with stilbiges.
ernary classilier

shot on goal 17 3 14 1,00 018 0,30
foul i - - 28 17 il 063 | 081 0g2

6. Conclusions and Future Work

Table 2: Results table We presented an approach to the use of resouraearth

N complementary to A/V streams, such as videos dbfalb

can identify A/V detectors that are more discrimiv@  fyrther presented an experiment with event detectio
than others for particular event types: based on general A/V detectors supported by textual
annotation. We showed that such event-detectiordbas

crowd audio meotion closeup field line . i
o PlcIN] [PICIN[[PICIN] [P[E[N] [ M [ E [O] on general detectors can work as a binary classjtige
1] X X X X X . . . . . .
Freeldc x x x | x satisfactorily, but when trained to provide classifion
Header X X % X X H 4 H
o . - T for more cl_as_ses performs significantly Worse._lgsm
Foul + shot n goal X X x[ ]« ] x classifiers similar to those we have tested togethith

complementary textual minute-by-minute information
(providing minute-based rough estimates where a
Table 3: Feature Selection particular event occurred) can help in refining Weo
(P, C, N —Previous, Current, Next; M, E, O — midelag, other) indexing and retrieval.
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Abstract

We present a system which applies text mining usiagputational linguistic techniques to automaljcaxtract, categorize,
disambiguate and filter metadata for image acc€smdidate subject terms are identified throughdstech approaches; novel
semantic categorization using machine learningdisaimbiguation using both WordNet and a domainifipehesaurus are applied.
The resulting metadata can be manually edited bggéncatalogers or filtered by semi-automatic rul&e describe the
implementation of this workbench created for, amdlgated by, image catalogers. We discuss themsystcurrent functionality,
developed under the Computational Linguistics fotddata Building (CLiIMB) research project. The CLiMB Tkibhas been tested
with several collections, including: Art Images foollege Teaching (AICT), ARTStor, the National @ayl of Art (NGA), the Senate
Museum, and from collaborative projects such asLdmedscape Architecture Image Resource (LAIR) andfithé guides of the
Vernacular Architecture Group (VAG).

facilitating the assignment of subject terms. antigular,
1. Project Goals we are interested in the impact of computatiomajuistic
technologies in extracting relevant access poindsnf
pre-selected texts. The CLiIMB Toolkit applies Natu
Language Processing (NLP), categorization, and
disambiguation techniques over texts about images t
identify, filter, and normalize high-quality subjec

Creating access to ever-growing collections of tdlgi
images in scholarly environments has become
increasingly difficult. Studies indicate that curre
cataloging practices are insufficient for accomniivdg
this volume of visual materials, particularly foiverse

user needs. The goal of the CLIMB project is i@tage metadata

text already written about images for automatically . .

identifying, categorizing, filtering and selectinigjgh 2. The CLiMB Toolkit

quality descriptive metadata for image access. Figure 2 shows a screen shot of the CLIMB Toolkiemu

interface for an image and text from the Nationall&y
Typically, in libraries and museums, cataloging is of Art online collectio”. Note that the center top panel
performed manually with minimal tombstone catalggin  contains the image, so catalogers can examine it&ms
i.e. the basic set of information (e.g. name ofkyoreator,  they work. The center panel contains the input, t@ith
date). However, what is usually lacking are rich proper and common nouns highlighted. Terms under
descriptive terms (e.g. for Picasso’s Guernicagaming consideration are displayed below the full text hwit
horse”, “the frozen women”, “fauns” and “minotauys” thesaural information accessible in the right-hpadel.
In addition, many legacy records lack subject estri Under this is the term the user has selected for
altogether. The literature on end users’ imagecéig consideration. The right-hand panel gives thesaura
practices, though sparse, indicates that this lefel information. For normalizing terms, we use thet@et
subject description may be insufficient for somerus Vocabularie¥: the Art and Architecture Thesaurus (AAT),
groups, including both general users and domairmsp the Thesaurus for Geographic Names (TGN), and the
with knowledge of specialized vocabularies. Fumtiare, Union List of Artist Names (ULAN). In this example
the lack of subject-oriented description precludes two senses for the word “landscape” are displayethe
searching and image analysis across topic area (e.gight. Note that the top portion of the panel tisp
searching for works with “minotaurs” as a theme). possible matches in the AAT, followed by the middle

portion which shows the chosen definition for thkested
Our hypothesis is that automatic and semi-automaticterm, and finally, the bottom panel in which thdimen
techniques may help fill the existing metadata ggp  hierarchy is displayed for the user to view andduge

% Taken from the exhibition notes from the Picasso ** www.nga.gov
exhibit at the National Gallery of Victoria, pubiisd by 22 http://www.getty.edu/research/conducting_research/
www.thornton.com vocabularies/
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identify any related terms. iconologic level (Shatford's about) addresses tlwem
symbolic, interpretive, subjective meanings of arage.
To extract terms from these relevant segments, se&e u To aid user access, catalogers are encouragedsideo
off-the-shelf software to perform traditional NLP both general and specific terms for describing the
techniques. In the current Toolkit, the Stanfoadger objective content of an image as well as to incltie
(Toutanova and Manning, 2000; Toutanova et al. 3289 more subjective iconologic, symbolic, or interpveti
used since it is Java compliant and currently atfpes meanings. Iconologic terms may be the most diffifor
other taggers. We have used the open source Luceneatalogers to assign but occur often in texts daiscy
toolbox to index. Internally developed noun phrasd images.
proper noun identification rules have been appliéd
part of categorization, we have applied a machine

learning technique trained over text in the art and 4. Current Cataloging Approaches

22;25f;u(gasi%rgr?(lagutozosogdeir?alr;nv?/goggleigg?nuc In the QLiMB wquflow studies, we examined existing
disambiguation technidues Which we’ continue tineef cataloging practices and.gathergd ca_taloger perspsc
and test with our user gréups (Sidhu, 2007). Kinal on current challenges in image indexing. L_Jndersm;nd
candidate terms are proposed to catalbgers féct'smie the component processes In current practice hdﬂeﬂha
and export into an image database f[he development _of _the CLiMB workbench to be _easny
: integrated into existing standards, systems, aadtiges.
Furthermore, by determining which challenges are
general to the field and which arise in conjunctigth
specific collections, we were able to identify ditdial
needs which our research may address. In araligect
collections, for example, text may describe a bagdr
architectural site as a whole while the correspaadi
image typically provides only a detailed view oé tivork.
Part-whole relationships such as these presenifispec
'linguistic challenges for associating segment&xif with
one or more images. This research is not the wipthis
paper, and will be described in a forthcoming &tic

Currently, CLIMB focuses on nouns and noun phrases.
Recent literature on image indexing indicates, hmme
that other parts of speech may be valuable inengtrg
images. In a study of image professionals, (g@phi
designers, advertising staff, etc.), Jorgensen3pfund
that “while nouns account for the largest perceamtafy
term type in image searches (just over 50%), agEt
account for 18% of the total term usage, verbs 10%
proper nouns 5%, concept 8%, byline 2%, visual eaint
2%, and date 1%. Of course, these results ardyhigh
dependent on the users and their image needg, dots
give some indication of the relative importancesthaf

term types being searched.” 5. CLIMB Architecture: Systems and

Methods

3. Related Research The CLIMB architecture is shown in Figure 1. Thraa
flow for CLIMB starts at the upper left which shotise

Broad domain users (as opposed to specialists)reequ input to the system:

access using broader non-specialist terms. Chdi an
Rasmussen (2003) studied the image-searching lmehavi
of faculty and graduate students in the domain of
American history and found that generalists suladitt
more subject-oriented queries than known authottiled
searches. Currently, much cataloging is gearedcridsv
the specialist. On the other end of the spectspure
indexing of textual material in the physical domafran
image, such as that done by google (Palmer n.d.).
Although such approaches are valuable for initizhge
access, the resulting high recall can make foustriating
browsing experience for the end user.

1. animage,
2. minimal metadata (e.g. image, name, creator)
3. text.

This input is pre-processed, using external tealgies,

to identify coherent segments of text and assocthaise
segments with relevant images. Input texts aréeaanp
using TEI lite (Text Encoding Initiative) to idefyti
topical divisions (chapters, sections, etc.). Ehes
divisions, or segments, are then mapped to cornekpg
images through the identification of plate and fegu
numbers. For art historical survey texts, suclassen
(2004) and Gardner (2001), the automation of tewdge
association produces reliable results. CLIMB has
investigated the application of linguistic techrgits to
semi-automatically classify, or categorize, texgreents
according to their semantic relationship to the ge(a)
which they describe Passonneau, et al (2007).

On the other hand, the subjective nature of images
inherently complicates the generation of accuratd a
thorough descriptions. Berinstein (1999) points that
even the guidelines provided by the Shatford-Pdyofs
matrix on what to describe are fluid and may bé&alift

to apply. Shatford (1994), building on Panofsk962),
proposed a method for identifying image attributesich
includes analysis of the generic and specific eyent
objects, and names that a picture is “of” and theem
abstract symbols and moods that a picture is “dbout
Panofsky describes the pre-iconographic, iconodcaph
and iconologic levels of meaning found in Renaissart
images. Shatford's generic and specific levelseespond

to Panofsky's pre-iconographic and iconographielkyv
respectively, and encompass the more objective and
straightforward subject matter depicted in an imagke

Through our partnership with the Getty Researctitlts,
we have been given access to three resources:

The Art & Architecture Thesaurus (AAT), a
structured vocabulary for describing art objects,
architecture, and other cultural or archival
materials. The AAT’s structure is comprised of
seven major facets (Associated Concepts,
Physical Attributes, Styles and Periods, Agents,
Activities, Materials, and Objects) from which
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multiple hierarchies descend. In total, AAT has
31,000 such records. Within the AAT, there are
1,400 homonymes, i.e., terms that can lead to
several AAT records that may have multiple
meanings only one of which may apply in a
given context.

The Union List of Artist Names (ULAN), a name
authority that includes the given names of artists,
as well as any known pseudonyms, variant
spellings, and name changes (e.g., married
names). The structure of this resource is similar
to the Agents facet of the AAT in that it contains

Person and Corporate Body as its primary facets.

The Thesaurus of Geographic Names (TGN), an
authority for place names, including place names
as they appear in English as well as in other
languages, historical names, and names in
natural order and inverted order.

These vocabularies are well-established and widség
multi-faceted thesauri for the cataloging and indgof
art, architecture, artifactual, and archival matlsri Each
of these resources specifies which variation ofiverg
concept or name is the preferred term, enablingistent
cataloging across collections. We have utilizeds¢he
resources to link terms derived from testbed terts
standardized, controlled terms, thus helping usgpsnd
their information space. The Getty resources asal o
select the particular homograph of a term.

5.1 Disambiguation

We have tested three approaches to disambiguatiouri
domain, using the AAT as our baseline thesaurudh(§
2007). However, it is clear that we need to iliz
additional terminological resources since many camm
terms—and senses of ambiguous terms--are missing fr
the specialist thesaurus.
domain-specific vocabularies combined with general
vocabularies, and the impact on disambiguationa is
little-studied topic. We have observed that temith

AAT causes errors. As a general resource, Worddlet
domain independent and thus offers wider, more
comprehensive coverage. However, the lack of domain
specificity also creates overhead as there are many
irrelevant senses to choose from and the corretsese
needed for art and architecture discourse may ®ot b
available. Similarly, lyer and Keefe (2004) report an
exploratory study on the use of WordNet to clarify
concepts for searching architectural visual resesirc
Twenty participants were shown images which theyewe
asked to locate using natural language or Wordétetd.
Although 70% of participants stated that WordNatiéied

the terms or the images, 30% reported problems with
conceptualizing the image, and 55% had terminology
problems. To address these types of problemsaree
exploring the option of re-implementing conceptsibd
SenseRelate to directly map terms to the AAT.
Additionally, in Future Work we will test approachéor
employing hybrid techniques (including machine théag)

for disambiguation. This will enable us to expldte
trade-off in precision between different configimat of
resource calling.

5.1.1. Catalog Record Creation: Select

As shown in Figure 2, a cataloger is presented wiéh
image to be cataloged, the text segment assoopitad
the image, and a number of index terms suggestékeby
Toolkit. The user decides which of the terms pregidsy
the CLIMB system should be included in the image’s
record.

5.2 Testbed Collections

We are currently working with five image-text setisd
one image collection for which we are conducting
experiments with dispersed texts located onlinabld 1
illustrates the relationship between the associsets

The challenge of usingand the image collections which we use to tessgstem.

Feedback from catalogers indicates that one thakaur
resource is insufficient for cataloging a range aof

many senses in the AAT may have just one sense in @istorical and architecture images. The Getty ueses

general dictionary, and that some terms with mamgss
in a general resource are simply missing altogdthtre
AAT. The impact of these observations on disamkigna
has yet to be established.

In order to test our disambiguation technique, wst f
annotated a text to use for evaluation. Follovdtemdard
procedure in word sense disambiguation tasks (RPadine
al., 2006), two labelers manually mapped 601 stbjec
terms to the AAT. Inter-annotator agreement fos thisk
was encouragingly high, at 91%, providing a notiona
upper bound for automatic system performance (&ale

are extensive but, as with any resource, are ntirebn
comprehensive. Our goal is to expand our capaslior
disambiguating  domain-specific  terminology
cross-searching multiple, established thesaurhe drt
and architecture domain. Resources currently under
consideration include Iconcla¥sand the Library of

Cg)snzgress’ Thesaurus for Graphic Materials (TGMind a
===

by

6. Conclusion and Future Work
The CLIMB project techniques exceed simple keyword

al, 1992). We have used SenseRelate (Banerjee angXtraction and indexing by:

Pederson, 2003; Patwardhan for

disambiguating AAT senses.

et al., 2003)

SenseRelate uses word

applying novel semantic categorization to text

sense definitions from WordNet 2.1, a large lexical segments,
database of English nouns, verbs, adjectives, and identifying and filtering linguistically coherent
adverbs.23 phrases,

Results from our evaluations (discussed in Sidhalget
2007) show that mapping to WordNet first and theethe

% http://wordnet.princeton.edu/
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associating terms with a thesaurus, and

4 http://www.iconclass.nl/
% http://www.loc.gov/rr/print/tgm1/
%6 http://lwww.loc.gov/rr/print/tgm2/



- applying disambiguation algorithms to these terms.

Although each of these techniques has been usatthén
projects, they have not been combined and testx iart
and architecture domains for improving digital &by
access. Our future work will consist of three foci

- Integration of functional semantic categorization
with disambiguation
- Improvement of disambiguation

tradition. Revised 6th edition. Upper Saddle River;
Pearson/Prentice-Hall.

Jorgensen Corinne, and Peter Jorgensen. (2005)Imag

querying by image professionals. Journal of the
American Society for Information Science and
Technology. Hoboken: Oct 2005. Vol. 56, Iss. 12; pg
1346.

Klavans, Judith L. (2006) Computational Linguistfos

Metadata Building (CLiMB). In Procedings of the

- Testing the system and its components with users to Ontolmage Workshop, G. Greffenstette, ed. Language

drive improvements

Resources and Evaluation Conference (LREC),
Genova, ltaly.

We also hope to incorporate the output of CLIMBttex Palmer, Justin (n.d.) Optimizing Your Images foroGle

data mining with a social tagging approach to image

Image Search - 4 Image SEO Tips.

labeling, such as that of steve.museum to examine http://ezinearticles.com.
terminological comparisons and their impact on immag Palmer, M., Ng, H.T., Dang, H.T. (2006) Evaluatibm.

access.
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Figure 1: CLIMB Architecture

Image Collection Text Image/Text
Relationship
National Gallery of Art (NGA) Narratives associated with Integrated
Online Collection images on the NGA website
U.S. Senate Museum U.S. Senate Catalogue of Findntegrated
Arts
The Vernacular Architecture Forum (VAF) VAF Fieldi@es: Integrated
The Society of Architectural Historians Buildings Across Time: An External
(SAH): World Architectural Survey and the | Introduction to World
American Architectural Survey Architectureby Marian Moffett,
et al.
Landscape Architecture Image Resource | Landscape Design: A Cultural | External
(LAIR) and Architectural Histonpy
Elizabeth Barlow Rogers
Art History Survey Collection (AHSC), Disparate texts located online External
ARTstor

Table 1: Sources of Image and Testbed Text Caotlesti
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CLiMB Cataloger Workbench: The Marfyrdom of Sa

Export Wiew Help

Image '\{maqe Information

AAT Browser(2) T Browser(1) W(ULAN Browser(3)

Bearch Term; landscape [Show Partial Match

landscapes [Settlements and Landscapes)

Selected Record Description

5 came to understand the world through printed maps and geographies, landscape emerged asa. 2
popular subject. The Italian artist and biographer Giorgio Vasari noted that "there is no cabbler's house

Use for creative wiorks that depict outdoor scenes where the
picture is dominated by the configuration, wisual and aesthetic,
of the land, bodies of water, and natural elerments, when the
ocean or ather large body of water dominates the picture, Lse
"spascapes,” For images that are mare documentary than
rreative, prefer "iews" or "topographical views, " For actual areas
of land having certain notable characteristics, use "landscapes
(erviranments),"

Selected Record Hierarchy

without its landscape because one becomes attracted by their pleasant view and the working of depth." Here @ ~Exchangs Media (e
the torture of is overwhelmed by the scenery in a way typical of the panoramic "world : @ ":L’:‘"\:,*:I:"’ms
landscapes" painted by northern artists. Eerspectlve and point of view are manipulated to provide the most Svisual works
information possible: this is m 's-eye view that sees everything simultaneously. Varied terrain and @ visuat works by Form
visual warks by function
captlvatlng detall compel the viewer to travel across the picture with his eyes. This painting may be the work @ oy e
{ whose bmther Hleronymus was a welH known publlsher of prints, including many by it ok b el o bevhin e
=) wisual warks by subject bype
= Buddhas

|oubject Terms o x| Christmas trees
Term Under Consicleration aninal paintings
j capricel =
1\and5cape |@ cityscapes

i Lrosses
Terms Assigned s
Term Normalized Term _ Subject ID Figures
Fatinir Patinir, Joachim{Patinir, Joachim, Person) ULAN: 500013, ﬁ‘m :
mountain mountains(landforms by shape or position: upward, landforms by sh... |A4T: 3000037395 E] 5101y palings
rock rock(inorganic material, materials by composition, ... Top of the AAT ... |AAT:300011692 landscapes i

anorarma panararmas(visual works by form: image form, visual works by form, .. |AAT 300015537

Legend: Selected Term Terms With Childven

Figure 2: CLIMB User Interface for the term “landpe”
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