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Abstract

We have developedan experimentalkystemcalled PicSOMfor retrieving imagessimilar to a given setof reference
imagesn largeunannotateimagedatabasesThetechniqués basedn a hierarchicalvariantof the Self-Oiganizing

Map (SOM) calledthe Tree StructuredSelf-OmganizingMap (TS-SOM).Given a setof referencémages,PicSOM

is ableto retrieve anothersetof imageswhich aremostsimilar to the given ones.EachTS-SOMis formedusinga

differentimagefeaturerepresentatiotik e color, texture,or shape A new techniquentroducedn PicSOMfacilitates
automaticcombinatiorof theresponseBom multiple TS-SOMsandtheirhierarchicalevels. Thismechanisnadapts
totheuserspreferencem selectingvhichimagesesembleachother In thispaperabrief descriptiorof thesystem
anda setof methodsapplicableto evaluatingretrieval performancef imageretrieval applicationsarepresented.

1 Introduction

Content-baseiinageretrieval (CBIR) hasbeena subjecffor active researctsincetheinitial releasesf thefirst notable
CBIR systemsuchasQBIC [3] andPhotobool10] in themid 90’s. Thetaskof developingeffective productshased
on CBIR has,however, provento be extremelydifficult. Dueto the limitations of computervision, the currentCBIR
systemshave to rely only on ratherlow-level featuresextractedfrom the images. Therefore,imagesare typically
describedy rathersimplefeaturescharacterizinghe color contentdifferenttextures,andprimitive shapegsletected
in them. On the otherhand,humanscaneasilydetectdistinct objectsandusehigh-level semantiacconceptsn image
recognition. As a result, humansroutinely group togetherimageswhich can be visually very differentand, for a
computermimicking this behaior is avery challengingask.

For the developmentof effective imageretrieval applications,one of the mosturgentissuesis to have widely-
acceptedperformanceassessmennethodsfor differentfeaturesand approaches.However, quantitatve measures
for the performanceof animageretrieval systemare problematicdueto the subjectvity of humanperception. As
eachuserof a retrieval systemhasindividual expectationstheredoesnot exist a definiteright answerto animage
query Also, theredoesnot exist ary widely accepteerformanceassessmenmhethods.As a result,objectve and
guantitatve comparisondetweendifferentalgorithmsor imageretrieval systemsasedon differentapproacheare
difficult to perform. Dueto thelack of standardnethodsn this applicationarea,the Moving PictureExpertsGroup
(MPEG) hasalsostartedto work on a contentrepresentatiostandardor multimediainformationsearch filtering,
managemerdandprocessingalledMPEG-7[8].

2 PicSOM

The PicSOMimageretrieval systemis designedasa framework for genericresearcton algorithmsandmethodsor
content-basetmageretrieval. The systemis basedon queryingby pictorial example(QBPE),which is a common
retrieval paradigmin currentCBIR applications With QBPE,the queriesarebasedn exampleimagesshavn either
from the databasetself or someexternallocation. The useridentifiestheseexampleimagesas relevant or non-
relevantto the currentretrieval taskandthe systemusesthis informationto selectsuchimagesthe useris mostlikely
to be interestedn. The accurag of the queriesis thenimproved by relevancefeedback{11] which is a form of
supervisedearningadoptedfrom traditional text-basedinformationretrieval. In relevancefeedback the previous
human-computeinteractionis usedto refinesubsequerjuerieso betterapproximatehe needof theuser
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In the currentPicSOMimplementationgueriesare performedthrougha WWW-baseduserinterface. PicSOM
supportsnultiple parallelfeaturesandwith atechniquentroducedn thePicSOMsystemtheresponseiom different
featuresarecombinedautomatically Thisis useful,asthe useris not requiredto enterweightsfor the usedfeatures.
The goal is to autonomouslhadaptto the users preferencesegardingthe similarity of imagesin the databasdoy
iteratively refining the queriesasthe systemexposesmoreimagesto the user A more detaileddescriptionof the
systemthanpresentedherecanbefoundin [7, 9]. ThePicSOMhomepageincludingaworking demonstratiotof the
systemis locatedat http://wwwcis.hut.fi/picsom

2.1 The Self-Organizing Map

Theimageindexing methodusedin PicSOMis basedon the Self-OiganizingMap (SOM) [4]. The SOM definesan
elasticnetof pointsthatarefitted to theinputspace It canthusbeusedto visualizemultidimensionatlata,usuallyon
atwo-dimensionafrid. The SOM consistsof aregulargrid of neuronswherea modelvectorm; is associatedvith
eachmapunit:. Themapattemptgo represenall the availableobsenationswith optimalaccurag usingarestricted
setof models.At the sametime, the modelsbecomeorderedon the grid sothatsimilar modelsarecloseto eachother
anddissimilarmodelsfar from eachothet

Fitting of themodelvectorsis usuallycarriedout by a sequentiategressiomprocesswheret = 1,2, .. . isthestep
index: For eachsamplex(t), firsttheindex ¢ = ¢(x) of thebest-matchinginit (BMU) is identifiedby the condition

Vi: [la(t) = me@)|| < [le(t) —mi(@)]l - 1)
After that,all modelvectorsor a subsebf themthatbelongto nodescenteredaroundnodec(z) areupdatedas
mi(t +1) = mi(t) + h(t)c(a),i(2(t) —mi(t)) - )

Hereh(t).(,),; is the“neighborhoodunction”, adecreasindunctionof thedistanceoetweertheith andcth nodes
onthemapgrid. This regressioris thenreiteratedver theavailablesamplesand,to guarante¢he corvergenceof the
unit vectors thevalueof h(t).(,),; is letto decreasén time.

2.2 TheTree Structured SOM

In orderto achieve a hierarchicakepresentationf the imagedatabasandto alleviate the computationatompleity
of large SOMs,we usea variantof the SOM calledthe Tree StructuredSelf-OlganizingMap (TS-SOM)[5, 6]. The
TS-SOMis usedto representhe databasén several hierarchicattwo-dimensionabrids of neuronswvhereeachgrid
is astandardSOM. Thetreestructurereduceghetime compleity of theBMU searchifrom O(N) to O(log N). The
compleity of the searchis thusremarkablylower thanif thewholelarge bottommostSOM level hadbeenaccessed
withoutthetreestructure Thestructureof atwo-dimensionall S-SOMwith threeSOM levelsisillustratedin Figurel.

Figurel: Thestructureof athree-level two-dimensional S-SOM.
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The computationalightnessof TS-SOM facilitatesthe creationand use of hugeSOMswhich, in our PicSOM
system,are usedto hold the imagesstoredin the imagedatabase.The featurevectorscalculatedfrom the images
areusedto train the levels of the TS-SOMsbeginning from thetop level. During thetraining, eachfeaturevectoris
presentetb themapmultipletimesandthemodelvectorsstoredn themapunitsaremodifiedto matchthedistribution
andtopologicalorderingof the featurevectorspace.After the training phase the imagesare distributedto the TS-
SOMsaccordingto their best-matchingnapunits. The modelvectorof eachmapunit maythusberegardedasthe
averageof all featurevectorsmappedo thatparticularunit. Consequentlyatree-structuretiierarchicatepresentation
of all theimagesin the databasés formed.

For eachmap unit, we thensearchin the correspondinglatasetfor the featurevectorwhich bestmatcheshe
modelvectorandassociatghe correspondingmageasthe referencamageof that mapunit. In anideal situation,
thereshouldbe one-to-oneorrespondendeetweertheimagesandTS-SOMunitsin thebottomlevel of eachmap.

2.3 Image Querying

Imageretrieval with PicSOMis aniterative procesaitilizing therelevancefeedbaclkapproachThequerybeginswith a
fixedselectiorof representatieimagesuniformly pickedfrom thetop levelsof the TS-SOMs.On subsequenbunds,
the queryis focusedmoreaccuratelyto the users presenneedassheselectghe subsebf imageswhich bestmatch
her expectationsandto somedegreeof relevancefit to her purposes. Queryimprovements achiezed asthe system
learnsthe users preferencefrom the selectionsnadeon the previousrounds.
Thesystemmarkstheimagesselectedy theuserwith a positive valueandthenon-selecte@nageswith anegative
valuein its internaldatastructure.Basedon this information,the systempresentghe usera new setof imagesaside
with theimagesselectedsofar. Therationalebehindthe PicSOMapproachs asfollows: If the selectedmagesmap
closeto eachotherona TS-SOMmap.,it seemghatthe correspondindeatureperformswell in the presentjueryand
therelative weightof its opinionshouldbe increased This canbeimplementedn practiceby markingthelocations
of the previously shavn imageson the mapseitherwith positive or negative values,dependingn whetherthe user
hasselectedr rejectecthe correspondingmage. Theresponsearenormalizedsothattheir sumequalsto zero.
EachSOM level is thentreatedasa two-dimensionamatrix formedof valuesdescribingthe users responseto
the contentsof the seemmapunits. Then,the mapmatricesarelow-pasdilteredwith symmetricalcorvolution masks
in orderto spreadheresponseto the neighboringmapunitswhich, by presumptioncontainimageshatareto some
extentsimilarto thepresenbnes.Startingfrom the SOMunit having thelargestpositive convolvedresponseRicSOM

- | !
Figure2: An exampleof corvertingthe positive andnegative mapunitsto convolvedmapsin athree-level TS-SOM.

Map surfacesdisplayingthe positive (white) and negative (black) map units are shovn on the left. The resulting
corvolvedmapsareshovn ontheright.
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Figure3: ThePicSOMuserinterface.

retrievesthereferencamageassociatedvith thatmapunit. If thatimagehasnotalreadybeenshavn to theuser it is
presente@dnthenext round. This processs continuedwith themapunit having thesecondargestresponsandsoon
until a preseinumberof new imageshave beengatheredThis setof imagess thenpresentedo theuser

The corversionfrom positve andnegative markedimagesto the convolutionsin athree-leel TS-SOMis visual-
izedin Figure2. First,aTS-SOMdisplayingthepositve mapunitsaswhite andnegative asblackis shavn ontheleft.
Thesemapsarethencorvolvedandtheresultingmapsurfacesareshovn on theright. Thewhite andblackregionsin
the convolved TS-SOMsillustratepositive andnegative valuesafter the corvolution, respectiely. Onthenext round,
theimagequeryis, therefore targetedto the white partsof the maps.

A typical retrieval sessiorwith PicSOMconsistsof a numberof subsequengueriesduringwhich the retrieval is
focusedmoreaccuratelyon imagesresemblingthe positive exampleimages. Thesequeriesform a list (or a tree of
gueriesf theuseris allowedto go backto previousqueryroundsandproceedwith a differentselection)n which all
the queriescontainusefulinformationfor theretrieval system.

2.4 User Interface

The currentPicSOMuserinterfacein a midstof anongoingqueryis displayedin Figure 3. First, the threeparallel
TS-SOMmapstructuresepresenthreemaplevelsof SOMstrainedwith RGB color, texture,andshapdeaturesfrom
left to right. Thesizesof the SOM levelsare ,1 1 ,and , from top to bottom. Below the corvolved
SOMs, the first setof imagesconsistsof imagesselectedaspositive on the previous roundsof the retrieval process.
Theseimagesmay be unselectedn ary subsequeniund,thuschangingtheir contritution from positive to neutral.
In thisexample,aquerywith asetof imagesepresentinguildingsselectedspositive is displayed. Thenext images,
separatedvith a horizontalline, arethe current16 best-scoringnenv imagesobtainedrom the corvolvedmapunitsin
the TS-SOMs.
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3 Evaluating Retrieval Performance

A numberof measuregor evaluatingthe ability of variousvisual featuresto reveal imagesimilarity are presented
in this section. Assumea database containinga total of NV imagesandanimageclass with N somehav
similarimages.Then,thea priori probability —oftheclass is = —. Anidealperformanceneasureshouldbe
independentf thea priori probabilityandthetype of imagesn theusedimageclass.

3.1 Observed Probability

For eachimage with afeaturevector , we calculatethe Euclideandistance ( , ) of andthefeature
vectors of theotherimages in thedatabaseThen,we sorttheimagedasedntheirascendinglistance
fromtheimage andstoretheindicesof theimagesn a (N —1)-sizedvector . By ,,wedenotetheithcomponent
of . Next, for allimages , wedefineavector asfollows

Vi 1,N—-1:h,= ’ O" ’ (©)]
Thevector thushasvalueoneatlocationi, if thecorrespondingmagebelongdotheclass . As hasN images,
of which oneis theimage itself, eachvector containsexactly N — 1 ones.

In orderto performwell with theclass , the featureextractionshouldclustertheimages belongingto near
eachother Thatis, thevaluesh; = 1 shouldbeconcentratedn thesmallvaluesof <.

We cannow definethe observedgrobability ;:

1
Theobsenedprobability ; ,1 isameasuref the probabilitythata givenimage hasanimagebelonging
totheclass asthei:th nearestimageaccordingo thefeatureextraction .
In theoptimalcase, ; = 1ifi <N —1,and ; = ifi N - 1. Thisis equivalentto the situationwhere

all theimagesin class areclusteredogetherso thatthe longestdistancefrom animagein  to anotherimagein
the sameclassis alwayssmallerthanthe shortestistanceto ary imagenotin . Ontheotherhand,Theworstcase
happensvhenthe feature completelyfails to discriminatetheimagesin class from the remainingimages. The
obseredprobability ; is thencloseto thea priori ~ for everyvalueof¢ 1,N —1.

3.2 Forming Scalarsfrom the Observed Probability

The obsenedprobability ; is afunctionof theindex ¢, soit cannoteasilybe usedto comparewo differentfeature
extractions.Thereforejt is necessaryo derive scalameasurefrom ; to enableusto do suchcomparisonsAs large
valuesof ; with smallvaluesi andsmallvaluesof ; with largevaluesi correspondo gooddiscriminatingpower,

thescalatmeasureshouldrespectiely rewardlargevaluesof ; wheni is smallandpunishlargevaluesof ; wheni

is large. We choseto usethreefiguresof merit to describethe performancef individual featuretypes. First, a local

measurealculatedasthe averageof the obsenedprobability ; for thefirst 50 retrievedimagesij.e.:

local = L : (5)

The |0ca Measureobtainsvaluesbetweerzeroandone. Figuresnearonecanbe obtainedeventhoughthe classes
wereglobally splitinto mary clustersf eachof theseclustersareseparatérom the clustersof the otherclasses.
For a globalfigure of meritwe usedtheweightedsumof the obsenedprobability ; calculatedas:

. i
global = Re - (6)

i i
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Also gioba attainsvaluesbetweerzeroandone. It favorsobseredprobabilitiesthatareconcentrateéh smallindices
andpunishedor large probabilitiesin largeindex values.

Thethird valueof merit, nhar, measurethetotalfractionofimagesn foundwhenthefirsthalf of the ; sequence
is considered:

—_i 1 7
half = 7 (7
haif Obviously yieldsavalueonein the optimalcaseanda valuehalf with thea priori distribution of images.
For all thethreefiguresof merit, |oca, globar @aNd harr, thelargerthe valuethe betterthe discriminationability of
thefeatureextractionis.

3.3 M easure

We have appliedone quantitatve figure, denotedasthe measurewhich describeghe performanceof the whole
CBIR systeminsteadof a singlefeaturetype. It is basedon measuringhe averagenumberof imagesthe system
retrievesbeforethe correctoneis found. The measurgesembleshe “targettesting” methodpresentedn [2], but
insteadof usinghumantestusersthe measures fully automatic.

For obtainingthe measurewe usethe samesubset ; of imagesas beforefor the single features. We then
implementedn“ideal screener”acomputemprogramwhich simulateghe humanuserby examiningthe outputof the
retrieval systemandmarkingtheimageseturnedoy the systemeitherasrelevant(positive) or non-relerant(negative)
accordingto whetherthe imagesbelongto . The query processingcanthus be simulatedand performancedata
collectedwithout ary humanintervention.

For eachof theimagesn theclass , wethenrecordthetotalnumberof imagespresentedby the systemuntil that
particularimageis shovn. Fromthis data,we form a histogramandcalculatethe averagenumberof shovn images
neededdeforeahit occurs.After divisionby N, thisfigureyieldsavalue

21T ©

where = — isthea priori probabilityof theclass . For values ., the performancef the systemis thus
betterthanrandompicking of imagesand,in generalthesmallerthe valuethebettertheperformance.

4 Experiment Settings

We evaluatedthe PicSOM approachwith a setof experimentsusing an image collection from the Corel Gallery
1 product[1]. The collectioncontains photographs&ndartificial imageswith a very wide variety of
subjects.All theimagesareeitherof size2 or 2 pixels. The majority of theimagesarein color,
but therearealsoa small numberof grayscalémages. Theimageswerecorvertedfrom the original WIF (wavelet-
compressed@nage)formatto JPEG.

Fivedifferentfeatureextractionmethodswereappliedto theimagesandthecorresponding S-SOMswerecreated.
The TS-SOMsfor all featuresweresized 1 1, , and2 2 , from top to bottom. During the
training,eachvectorwasusedl00timesin theadaptationThefeaturesusedin this studyincludedtwo differentcolor
andshapefeaturesanda simpletexture feature[9]. The color andtexture featureswere calculatedn five separate
zonesf theimage.Thezoneswereformedby first determininga circularareain the centerof theimage.The sizeof
thecircularzonewasapproximatelyonefifth of theareaof theimage.Thentheremainingareawasdividedinto four
zoneswith two diagonalines.

Average Color feature(cavgin Tablesl and2) wasobtainedby calculatingaverageR-, G- and B-valuesin five
separateegionsof theimage. Theresulting15-dimensionafeaturevectorthusnot only describeshe averagecolor
of theimagebut alsogivesinformationon the spatialcolor composition.

Color Momentfeature(cmon) wereintroducedin [12]. The color momentfeatureswere computedby treating
the color valuesin differentcolor channelsas separatgrobability distributions and then calculatingthe first three
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features classes

airplanes( = . 1) |faces( = .1)|cars( = . )
ca/g 0.05/0.10/0.56 0.03/0.21/0.63 0.06/0.16/0.59
cmom 0.05/0.10/0.56 0.04/0.21/0.63 0.06/0.16/0.59
texture 0.06/0.16/0.57 0.07/0.22/0.63 0.04/0.04/0.52
shist 0.10/0.54/0.82 0.13/0.34/0.68 0.11/0.62/0.84
SFFT 0.07/0.39/0.72 0.10/0.30/0.65 0.04/0.49/0.78

Table1: Comparisorof the performance®f differentfeatureextractionmethodsfor differentimageclasses.Each
entrygivesthreeperformancdigures( ocai global har)-

moments(mean,variance and skewness)from eachcolor channel. This resultsin a =  dimensional
featurevector Dueto thevaryingdynamicrangesthefeaturevaluesarenormalizedo zeromeanandunit variance.

Texture Neighborhoodeature(texture) in PicSOMwas calculatedn the samefive regionsasthe color feature.
The Y-valuesof the YIQ color representatiorof every pixel's 8-neighborhoodvere examinedand the estimated
probabilitiesfor eachneighborbeingbrighterthanthe centerpixel areusedasfeatures Whencombinedthis results
in one40-dimensionaleaturevector

ShapeHistogram feature(shis) wasbasedon the histogramof the eight quantizeddirectionsof edgesn image.
Whenthe histogramwas separatelyformedin the samefive regionsasbefore,a 40-dimensionafeaturevectorwas
obtained.Thefeaturedescribeghe distribution of edgedirectionsin variouspartsof theimageandthusrevealsthe
shapdn alow-level statisticalmanner

ShapeFFT (sFFT) featurewasbasedn the Fourier Transformof the binarizededgeimage. Theimagesizewas
normalizedo 512 512pixelsbeforethe FFT. Thenthe magnitudaémageof the Fourier spectrumwasfirst low-pass
filteredandthereafteddecimatedy thefactorof 32, resultingin a 128-dimensiondieaturevector

In orderto evaluatethe performanceof the single featuresand the whole PicSOM systemwith differenttypes
of images threeseparatémageclasseavere picked manuallyfrom the -imageCorel databaseThe selected
classesarefaces cars, andairplanes of which thedatabaseonsistof 1115,864,and292imagesyespectiely. The
corresponding priori probabilitiesare0.019,0.014,and0.005.Thecriteriafor animageto belongto thefacesclass
wasthatthe maintarget of theimagehadto be a humanheadwith both eyesvisible andthe headhadto fill atleast
1/9 of theimagearea.In the cars class,the maintamgetof theimagehadto be a car, andat leastoneside of the car
hadto be completelyshovn in theimage. Furthermorethe body of a carhadto fill atleast1/9 of theimagearea.In
airplanesclasstherewereno restrictionsall imagesof aircraftor helicopteravereaccepted.

The numberof new imagesthe systempresenteachroundhasalsosomeeffect on the resulting value. In the
experimentsthe systemwassetto return20 best-scoringmageseachround.

5 Reaults

Tablel showstheresultsfrom forming thethreescalarmeasures, ocal, globa, and harr, from the measuredbsered
probabilities.It canbeseerthatthe .o measurés alwayslargerthanthecorresponding priori probability. Also,the
shapdeaturesshistandsFFTseemnto outperformthe otherfeaturetypesfor everyimageclassandevery performance
measureOtherwise|t is not yet clearwhich oneof the threeperformancaeneasuresvould be the mostsuitableasa
singledescriptor

Theresultsof the experimentswith thewhole PicSOMsystemareshavn in Table?2. First, eachfeaturewasused
aloneasthebasisfor theretrieval andthendifferentcombination®f the featuresveretested. Thetwo shapdeatures
againyield betterresultsthanthe color andtexture featureswhich canbe seenfrom thefirst five rowsin Table2. By
examiningtheresultswith all thetestedclassesit canbe seerthatthegeneratrendis thatusingalargersetof features
yields betterresultsthanusinga smallerset. Most notably usingall featuresgivesbetterresultsthanusingarny one
featurealone. Theresultsin the secondandthird sectionsof the tablealsovalidatethe overall trendthatusingmore
featureggenerallyimprovestheresults.Thereforejt canbeconcludedhatthe PicSOMsystemis ableto benefitfrom
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features classes
cavg cmom texture shist sFFT | faces cars airplanes

0.35 0.39 0.30
0.43 0.34 0.31
0.26 0.34 0.26
0.22 0.18 0.16
0.22 0.18 0.19
0.21 0.18 0.16
0.23 0.18 0.17
0.21 0.16 0.14
0.21 0.18 0.15
0.22 0.19 0.18
0.20 0.16 0.14
0.20 0.16 0.14

Table2: Theresulting valuesin theexperiments.

the existenceof multiple featuretypes. As it is generallynot beforehandnown which featuretype would perform
bestfor a certainimagequery the PicSOMapproactprovidesa robust methodfor usinga setof differentfeatures
andimagemapsformedthereofin parallel. However, it alsoseemghatif onefeaturetype hasclearlyworseretrieval

performancehantheothers,t maybe morebeneficialto excludethatparticularTS-SOMfrom theretrieval process.
Thereforeijt is necessarfor the properoperatiorof the PicSOMsystenthatthe usedfeaturesarewell balancedi.e.,

they shouldonthe averageperformquite similarly by themseles.

6 Conclusionsand Future Plans

We havein this paperintroducedhe PicSOMapproacho content-baseanageretrieval andmethoddor quantitatve

evaluationof its performanceTheresultsof ourexperimentshow thatthe PicSOMsystenis ableto effectively select
from a setof parallelTS-SOMsa combinationwhich yieldsthe bestretrieval performance Oneobviousdirectionto

increasd’icSOMs retrieval performances to do anextensve studyof differentfeaturerepresentationt find a setof

well-balancedeatureswvhich on the averageperformaswell aspossible.As a vastcollectionof unclassifiedmages
is availableon the Internet,we have alsomadepreparationso usePicSOMasanimagesearchenginefor the World

Wide Weh
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