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ABSTRACT

In this paperwe describea web image indexing and re-
trieval systemcalled ARTISTIC thatallows text and/orim-
agequeries.Unlike othersystemghatonly procesghetext
in HTML tags,in the image captionor in the pagetitle,
ARTISTIC processethe completepagetext anduseskey-
words(relevanttermswith eventuallymorethanoneword)
to index theimages. Traditional color andtexture features
arealsoused.

1. INTRODUCTION

MPEG-7 setsa standardfor multimediadescriptionin or-
derto efciently andeffectively describeandretrieve mul-
timediainformation[1]. However, nding usefuldescrip-
torsis dif cult asthey have to be searchedn an eclectic
ervironmentandseldomimplies cognitive issues.In order
to tackle theseproblems,we proposea methodologythat
combinegextualinformationandimagefeaturesn orderto
describethe contentsof imagesin a searchengineframe-
work. Thereareseveralsystemgo searctfor imagesonthe
web, thatusetext information: WebSeef2], WebSeek3],
the systemdescribedn [4] andWebMARS[5]. Thereare
alsothe imageversionsof the mainstreansearchengines,
suchas,Alltheweb, Altavista, Ditto, Excite, Google,Lycos
and Picsearch. Among these,only Google seemsto pro-
cessthetext pagebeyondtheimage le namesandHTML
tags(althoughit is not easyto know for suresincethe de-
tailsarenotmadepublic). Thesesystemsuffer from oneor
moreof thefollowing dravbacks:thetext in thewebpageis
only partially processedopnly simplewordsareconsidered
astextual featuresit is not clearhow textual informationis
usedto supportimageindexing andretrieval; term lists or
taxonomiesarebuilt in the setupphaseof the systemwith
userintervention; directory-to-termcorversiontableshave
to becreatedby hand.ARTISTIC hasa clearalgorithmfor
usingthe completepagetext informationto aid imagein-
dexing; it is a non-supervisedystem(no userinteraction
is neededor setup);it is languagendependentit supports

both imageandtext queries;it usesmultiword units (See
Sectiond4) andnotjust singlewordsaskeywords.

Section2 introduceghegenerakchemeof ARTISTIC .
Section3 and4 respectiely presenimageanalysisandtext
processingletails. The procesf text andimagequerieds
explainedin section6.

2. GENERAL SCHEME

Fig. 1. Generakcheme

The generalschemeof ARTISTIC is divided into six
main steps(see gure 1). First, a softbot gathersall the
web pagesof a given site in the weh Second,the page
imagesareextractedandtheir characteristicareprocessed.
In parallel,the usefultextual informationin theweb pages



is extracted(step3). Finally, theimageindexing processs
carriedout(step4). Theusercannow performimageand/or
text querieshasenthe computedmageindex (stepss-6).

3. IMAGE ANALYSIS

ARTISTIC is able to read JPEG,GIF and PNG images.
Theseaccountfor the majority of image le typesin the
weh We useinformationfrom color andtextureto charac-
terizeanimage. The analysisis doneon seven prede ned
regions(whichincludetheimageasawholetoo). Thesere-
gionsarethewhite portionsin gure 2. Notethatthe useof
regionscorveys spatialinformation, makingthe color fea-
turesyield color layoutinformation. Theinformationfrom
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Fig. 2. 7 imageregionsusedto determinadmagefeatures.

the color andtextureis combinednto a 840-Dfeaturevec-
tor to represeneachimagein thefeaturespace.

3.1. Color features

Colorfeaturesarethemostcommonlyusedfeaturego char
acterizeimagesin the context of imageretrieval. They are
independentf imagesizeandorientationandarerelatively
robust to backgroundnoise[6]. Among the possiblefea-
tures,color histogramsarepreferredsincethey yield agood
representationf the color distribution in a compactform.

To extractthe color featuresthe imageis transformed
from RGBto HSV colorspace This color spacehasa color
representatiortloserto humanperceptionthan RGB. The
rst setof featuresare color histograms:three color his-
tograms(onefor eachcolor componentwith 32 binseach
are calculatedfor eachof the sesen regions. The choice
of 32 bins represent®a compromisebetweena sparsehis-
togram(onewith mary bins,which hashigh noisesensibil-
ity) andonewith poor representatiocapability (with few
bins). The color histogramsare normalized,suchthat the
sumof thevaluesfor all binsof eachcolor componensum
to one. The color histogranvaluesareincludedin the vec-
tor featurerepresentatiomf the image. The factthat this
informationis includedin the vectorfeaturerepresentation
solvesthe problemof the combinationof similarity mea-
suresfrom differentapproachesThesecondsetof features
arecolormomentsthe rst andsecondnomentsarefound
for eachof thesevenregionsandfor eachcolor component,
thusresultingin 42 features.

3.2. Texturefeaturesusing DWF

Theoreticakndimplementatioraspect®f waveletbasedl-
gorithmsin texturecharacterizatioarewell studiedandun-
derstood.Following Mallat's initial proposal7], mary re-
searcherfiave examinedthe utility of variouswaveletrep-
resentationsn texture analysis[8, 9, 10]. Unsers experi-
ments[9] suggesthat lters play animportantrole in tex-
ture description. In waveletapproachestextureis usually
characterizedby its enegy distribution in the decomposed
subbandsSimplenorm-basedlistancestogethemwith heuris-
tic normalizatiorarealsoused.However, in [11] theauthors
shaow thatthe modelingof maminal distribution of wavelet
coefcients usingthe generalizedsaussiardensity(GGD)
anda closedform of the Kullback-Leiblerdistancébetween
GGDs provide greataccurag and e xibility in capturing
textureinformation.

In the presentwork, we emplgy the discretewavelet
frames(DWF) using the 9-7 biorthogonal lter [12] that
presentin [13] betterresultsthanthe 8-tap Daubechieor-
thogonalwaveletsproposedn [11]. Given animage,the
DWF decomposei usingthe samemethodasthe wavelet
transform,but without the subsamplingprocess. This re-
sultsin four Itered imageswith the samesize asthe in-
putimage. The decompositionis thencontinuedin the LL
channelnly asin thewavelettransform but sincetheim-
ageis not sub-sampledthe Iter hasto be up-sampledy
insertingzerosin betweerits coefcients. Themainadwan-
tagesof thewaveletframerepresentatioarethatit focuses
on scaleandorientationtexture featuresjt decomposethe
imageinto orthogonalcomponentsandit is translationin-
variant. So, we thenusethe methodproposedn [11] that
we brie y expose.TheGGD,is de ned as:

)= me (ixj=) 1)

p(X; ;
where ( ) is the Qlammafunction, i.e. thefollowing ex-
pression( z) = e 7 dt, z > 0: Here, models
the width of the PDF peak(variance)while is inversely
proportionalwith thedecreasingateof thepeak.Giventhe
GGD model,the PDF of the wavelet coefcients at a sub-
bandcanbe completelyspeci ed by the two parameters
and . The closedform of the Kullback-Leiblerdistance
(KLD) betweertwo GGDsis:
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Using the chainrule of KLD [14] with the reasonables-
sumptionthatwaveletcoefcients in differentsubbandsire
independentthe overall similarity betweentwo imagesis



the sum of the KLDs given in equation(2) betweencor-
respondingpairs of subbands. The methodusedyield 2
featuresper wavelet subband. We usethreescalesof de-
compositionthuswe have 9 subbands.Using the regions
presentedn gure 2, we haveatotalof2 9 7= 126
featuregperimage.

4. TEXT PROCESSING

Extractingusefulinformation from texts is a crucial issue
in Information Retrieval, and especiallyin Multimedia In-
formationRetrieval. In particulay two kindsof information
shouldbe evidenced:information aboutthe language(i.e.
multiword units)andinformationaboutthetext content(i.e.
keywords).

On oneside, extractingmultiword units (MWUS) from
textsis the rst steptowardstext normalization MWUSs in-
cludealargerangeof linguistic phenomenauchasphrasal
verbs(e.g. “to go for the ball”), nominalcompoundge.g.
“free kick”) andnamecentities(e.g.“ManchestetJnited”).
MWUs arefrequentlyusedin everydaylanguage usually
to preciselyexpressideasthatcannotbe compressethto a
singleword. Therefore,it is clearthat their identi cation
is crucial for languageunderstandingndconsequentlyor
correcttext indexing. For this purpose multiword unitsare
extractedfrom theavailableweb pageausinga statistically-
basedsoftwarecalledSENTA (Softwarefor the Extraction
of N-ary Textual Associations]15]. SENTA is particularly
suitablefor our task sinceit is languageindependenen-
ablingits applicationto any pageon the web without pre-
de ning languagéheuristics.

Ontheotherside,theindexing taskcanbeconsidereds
the identi cation of a setof keywordsthatde nes the text
content. In the context of our work, we de ne a keyword
asa relevantword or a pertinentmultiword unit. In order
to correctlyindex texts, we usea well-known methodology
introducedby G. Salton[16] calledthetf :idf score. This
scoreis de nedin equation3 wheret is aterm(awordor a
MWU) andp is awebpage.

tf sidf (t; p) = TERL Jog s ®3)

For eacht in p, we computethe term frequeng tf (t; p)
thatis the numberof occurrencesf t in p anddivide it by
the numberof termsin p, jpj. We thencomputetheinverse
documenfrequeng of t by takingthelog, of theratioof N,
thenumberof webpagesn ourexperimentto thewebpage
frequeng of t, thatis the numberof web pagesin which
thetermt occurs(d (t)). As aresult,aterm occurringin
all web pageswill have aninversedocumentfrequeny O
giving him no chanceo beakeyword. A termwhichoccurs
very oftenin oneweb pagebut in very few web pagesof
the collectionwill have a highinversedocumenfrequeny

thusa high tf :idf score. Consequentlyit will be a strong
candidatdor beinga keyword.

Thetext processingendswith a list of wordsandmul-
tiword units associatedavith their tf :idf score. Thesedata
will be Itered outin the next stepof our architectureithe
imageindexing process.

5. IMA GE INDEXING

Image Indexing can be de ned as the processthat asso-
ciatesa setof keywordsto animagethusde ning its con-
tent. For this purposewe proposean innovative unsuper
vised methodologybasedon the textual information that
surroundgheimage.

First, we associatéo eachimagethesetof all theterms
thatarein the sameweb pageor in the web pagethatthe
imagerefersto!. This canbe viewed asthe following ex-
pression:

8ix 2 1;ig 7! ftky; i tkng 4)

wherety; is ary termin thesetof all termsT relatedto iy,
whichis any imagein the setof all imaged .

Sincenotall thetermsaregoodkeywords,thebestones
neecdto beselectedAs aconsequenceahenext stepaimsat
evaluatingthe relationshipbetweeneachterm and the im-
age. For that purpose,it is clearthat termsevidencinga
high tf :idf scoreshouldbe preferred.However, the prox-
imity betweenthe term andthe imagemustalso be taken
into account. It is obvious that the more distanta term s
from theimage,thelessit shouldbe consideredisa poten-
tial keyword. Thuswe introducea straightforwardrelation
betweeratermty; andtheimageiy:

1

(g3 1) jpos(tkj ; ik)]
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wheredti (ty; ; i) istheterm-imajedistanceandpos(t; ; ik)
is the numberof termsthatseparatethe rst occurrencef

thetermty; from its correspondingmageiy. It is impor-

tant to notice that pos(ty;j ;ix) is negative whenthe term

precedesheimageandpositive whenit followsit.

After the secondstep the readercan easily conclude
that a term with a high tf :idf scoreanda high dti is a
strongkeyword candidate. However, this assumptiorcan
be strengthened.Indeeda term which is highly concen-
trated asidethe image shouldbe preferredto thoseterms
thatspreadalongthetext. For thatpurposewe introducea
new measuref density?:

Q1 1
dist (occur(ty; ; g); occur(tyj ; g+ 1))

dens(tk;) =

(6)

q=1

1in the latter case,it is moreprobablethatthe referredtext dealswith
thetopic of theimage.
20ur measurdollows theideaof [17].



wheredens(ty; ) is the densityof the termty;, Q is the
numberof occurrence®f thetermty; in the text andthe
expressioroccur(ty; ; g) denotegshed” occurrencef ty; .
To conclude,a good indexing term shouldevidencea
high tf :idf score,a high dti anda high density This as-
sumptionis supportedy thefollowing relevancemeasue:
WEight(tkj yik) = tfidf (tkj ;pik) dti (tkj k) 7)
dens(tk,- )

whereweight(ty; ;i) is therelevancefunctionandthefol-
lowing expressiortf :idf (ty; ; pi, ) is thetf :idf scoreof the
termty; in thewebpagetext p;, thatcontainsmagei®.

Onceall the termsrelatedto a givenimagehave been
evaluatedthe selectionprocessmustbe carriedout. This
taskaimsatchoosinghe bestkeyword candidatesFor that
purposeatermis chosenaskeyword candidatdf its rele-
vancemeasurexceedgsheaverageerm-imageawveight(:;:)
by somethresholdnumberof standarddeviations. For in-
stanceall termsin ftyy;:::; tkn g exceedingthe averageby
two standarddeviationsshouldbe selectedas keywordsto
index theiyx image.

6. QUERY AND RETRIEVAL

Whentext is usedto performa query ARTISTIC searches
in theimageindex for imagesthat are associateavith the
qguery Theimagesareranked accordingto their similarity
score.

An imagecanalsobeusedto performaquery The840-
D featurerepresentationf thequeryimageis obtained.The
closest imagesin the featurespaceare analyzedandtheir
keyword lists arecombined.Thislist is thenusedto expand
the query The nal outputis a ranked list of images(1)
orderedaccordingto their similarity with the queryimage,
(2) orderedaccordingo their similarity computedisingthe
keywordsthatexpandthe query

7. CONCLUSIONS

In thispaperwe proposeawebimageindexing andretrieval
system, ARTISTIC thatallows text and/orimagequeries.
The interestof combininginformationfrom both text and
imagesin a Multimedia searchengineis olbvious. Unlike
most systemsthat do not take into accountthe complete
textual information,ARTISTIC proposesaninnovative un-
supervisedpproachthatcombinedull textual information
with image characteristic§suchas color and texture) for
accuratémageindexing andretrieval.

3|t is obvious that all threemeasuresre normalizedin orderto give
equvalentweightto eachone

4The notion of closenesss de®nedby a statisticalmeasuresimilar to
the oneusedin section5 for keyword selection
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