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Abstract
We have developedanexperimentalsystemcalledPicSOMfor retrieving imagessimilar to a givensetof reference
imagesin largeunannotatedimagedatabases.Thetechniqueis basedonahierarchicalvariantof theSelf-Organizing
Map (SOM) calledtheTreeStructuredSelf-OrganizingMap (TS-SOM).Givena setof referenceimages,PicSOM
is ableto retrieve anothersetof imageswhich aremostsimilar to thegivenones.EachTS-SOMis formedusinga
differentimagefeaturerepresentationlikecolor, texture,or shape.A new techniqueintroducedin PicSOMfacilitates
automaticcombinationof theresponsesfrom multipleTS-SOMsandtheirhierarchicallevels.Thismechanismadapts
to theuser’spreferencesin selectingwhichimagesresembleeachother. In thispaper, abriefdescriptionof thesystem
andasetof methodsapplicableto evaluatingretrieval performanceof imageretrieval applicationsarepresented.

1 Introduction

Content-basedimageretrieval (CBIR) hasbeenasubjectfor activeresearchsincetheinitial releasesof thefirst notable
CBIR systemssuchasQBIC [3] andPhotobook[10] in themid 90’s. Thetaskof developingeffectiveproductsbased
on CBIR has,however, provento beextremelydifficult. Dueto thelimitationsof computervision, thecurrentCBIR
systemshave to rely only on ratherlow-level featuresextractedfrom the images. Therefore,imagesare typically
describedby rathersimplefeaturescharacterizingthecolor content,differenttextures,andprimitive shapesdetected
in them. On theotherhand,humanscaneasilydetectdistinctobjectsandusehigh-level semanticconceptsin image
recognition. As a result, humansroutinely grouptogetherimageswhich can be visually very differentand, for a
computer, mimickingthisbehavior is averychallengingtask.

For the developmentof effective imageretrieval applications,oneof the mosturgent issuesis to have widely-
acceptedperformanceassessmentmethodsfor different featuresand approaches.However, quantitative measures
for the performanceof an imageretrieval systemareproblematicdueto the subjectivity of humanperception.As
eachuserof a retrieval systemhasindividual expectations,theredoesnot exist a definiteright answerto an image
query. Also, theredoesnot exist any widely acceptedperformanceassessmentmethods.As a result,objective and
quantitative comparisonsbetweendifferentalgorithmsor imageretrieval systemsbasedon differentapproachesare
difficult to perform. Dueto thelack of standardmethodsin this applicationarea,theMoving PictureExpertsGroup
(MPEG) hasalsostartedto work on a contentrepresentationstandardfor multimediainformationsearch,filtering,
managementandprocessingcalledMPEG-7[8].

2 PicSOM

ThePicSOMimageretrieval systemis designedasa framework for genericresearchon algorithmsandmethodsfor
content-basedimageretrieval. The systemis basedon queryingby pictorial example(QBPE),which is a common
retrieval paradigmin currentCBIR applications.With QBPE,thequeriesarebasedon exampleimagesshown either
from the databaseitself or someexternal location. The useridentifiestheseexampleimagesas relevant or non-
relevantto thecurrentretrieval taskandthesystemusesthis informationto selectsuchimagestheuseris mostlikely
to be interestedin. The accuracy of the queriesis then improved by relevancefeedback[11] which is a form of
supervisedlearningadoptedfrom traditional text-basedinformationretrieval. In relevancefeedback,the previous
human-computerinteractionis usedto refinesubsequentqueriesto betterapproximatetheneedof theuser.
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In the currentPicSOMimplementation,queriesareperformedthrougha WWW-baseduserinterface. PicSOM
supportsmultipleparallelfeaturesandwith atechniqueintroducedin thePicSOMsystem,theresponsesfrom different
featuresarecombinedautomatically. This is useful,astheuseris not requiredto enterweightsfor theusedfeatures.
The goal is to autonomouslyadaptto the user’s preferencesregardingthe similarity of imagesin the databaseby
iteratively refining the queriesas the systemexposesmore imagesto the user. A moredetaileddescriptionof the
systemthanpresentedherecanbefoundin [7, 9]. ThePicSOMhomepageincludingaworkingdemonstrationof the
systemis locatedathttp://www.cis.hut.fi/picsom.

2.1 The Self-Organizing Map

Theimageindexing methodusedin PicSOMis basedon theSelf-OrganizingMap (SOM) [4]. TheSOM definesan
elasticnetof pointsthatarefittedto theinputspace.It canthusbeusedto visualizemultidimensionaldata,usuallyon
a two-dimensionalgrid. TheSOM consistsof a regulargrid of neuronswherea modelvector ��� is associatedwith
eachmapunit

�
. Themapattemptsto representall theavailableobservationswith optimalaccuracy usinga restricted

setof models.At thesametime,themodelsbecomeorderedonthegrid sothatsimilarmodelsarecloseto eachother
anddissimilarmodelsfar from eachother.

Fitting of themodelvectorsis usuallycarriedoutby asequentialregressionprocess,where�����
	��
	������ is thestep
index: For eachsample������� , first theindex �����
����� of thebest-matchingunit (BMU) is identifiedby thecondition� ����� �������! �#" ����� �%$&� �������� � � ����� � � (1)

After that,all modelvectorsor a subsetof themthatbelongto nodescenteredaroundnode�'���(� areupdatedas��� �)�+*��,��� ��� ������*.-������ "0/21�354 � ���������� ��� �)�����6� (2)

Here -7�)��� "0/21,384 � is the“neighborhoodfunction”,adecreasingfunctionof thedistancebetweenthe
�
th and � th nodes

onthemapgrid. This regressionis thenreiteratedover theavailablesamplesand,to guaranteetheconvergenceof the
unit vectors,thevalueof -������ "0/21�354 � is let to decreasein time.

2.2 The Tree Structured SOM

In orderto achieve a hierarchicalrepresentationof the imagedatabaseandto alleviatethecomputationalcomplexity
of largeSOMs,we usea variantof theSOM calledtheTreeStructuredSelf-OrganizingMap (TS-SOM)[5, 6]. The
TS-SOMis usedto representthedatabasein severalhierarchicaltwo-dimensionalgridsof neuronswhereeachgrid
is a standardSOM.Thetreestructurereducesthetimecomplexity of theBMU searchfrom 9:�<;=� to 9:�)>2?A@B;=� . The
complexity of thesearchis thusremarkablylower thanif thewhole largebottommostSOM level hadbeenaccessed
withoutthetreestructure.Thestructureof atwo-dimensionalTS-SOMwith threeSOMlevelsis illustratedin Figure1.

Figure1: Thestructureof a three-level two-dimensionalTS-SOM.
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The computationallightnessof TS-SOMfacilitatesthe creationanduseof hugeSOMswhich, in our PicSOM
system,areusedto hold the imagesstoredin the imagedatabase.The featurevectorscalculatedfrom the images
areusedto train the levelsof theTS-SOMsbeginningfrom the top level. During thetraining,eachfeaturevectoris
presentedto themapmultipletimesandthemodelvectorsstoredin themapunitsaremodifiedtomatchthedistribution
andtopologicalorderingof the featurevectorspace.After the trainingphase,the imagesaredistributedto theTS-
SOMsaccordingto their best-matchingmapunits. Themodelvectorof eachmapunit may thusberegardedasthe
averageof all featurevectorsmappedto thatparticularunit. Consequently, atree-structuredhierarchicalrepresentation
of all theimagesin thedatabaseis formed.

For eachmapunit, we thensearchin the correspondingdataset for the featurevectorwhich bestmatchesthe
modelvectorandassociatethe correspondingimageasthe referenceimageof that mapunit. In an ideal situation,
thereshouldbeone-to-onecorrespondencebetweentheimagesandTS-SOMunitsin thebottomlevel of eachmap.

2.3 Image Querying

Imageretrievalwith PicSOMis aniterativeprocessutilizing therelevancefeedbackapproach.Thequerybeginswith a
fixedselectionof representativeimagesuniformly pickedfrom thetop levelsof theTS-SOMs.Onsubsequentrounds,
thequeryis focusedmoreaccuratelyto theuser’s presentneedassheselectsthesubsetof imageswhich bestmatch
herexpectationsandto somedegreeof relevancefit to herpurposes.Queryimprovementis achievedasthesystem
learnstheuser’spreferencesfrom theselectionsmadeon thepreviousrounds.

Thesystemmarkstheimagesselectedby theuserwith apositivevalueandthenon-selectedimageswith anegative
valuein its internaldatastructure.Basedon this information,thesystempresentstheusera new setof imagesaside
with theimagesselectedsofar. TherationalebehindthePicSOMapproachis asfollows: If theselectedimagesmap
closeto eachotherona TS-SOMmap,it seemsthatthecorrespondingfeatureperformswell in thepresentqueryand
therelative weightof its opinionshouldbeincreased.This canbeimplementedin practiceby markingthelocations
of thepreviously shown imageson themapseitherwith positive or negative values,dependingon whethertheuser
hasselectedor rejectedthecorrespondingimage.Theresponsesarenormalizedsothattheir sumequalsto zero.

EachSOM level is thentreatedasa two-dimensionalmatrix formedof valuesdescribingtheuser’s responsesto
thecontentsof theseenmapunits.Then,themapmatricesarelow-passfilteredwith symmetricalconvolutionmasks
in orderto spreadtheresponsesto theneighboringmapunitswhich,by presumption,containimagesthatareto some
extentsimilar to thepresentones.Startingfrom theSOMunit having thelargestpositiveconvolvedresponse,PicSOM

C

Figure2: An exampleof convertingthepositive andnegativemapunitsto convolvedmapsin a three-level TS-SOM.
Map surfacesdisplayingthe positive (white) andnegative (black) mapunits areshown on the left. The resulting
convolvedmapsareshown on theright.
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Figure3: ThePicSOMuserinterface.

retrievesthereferenceimageassociatedwith thatmapunit. If thatimagehasnotalreadybeenshown to theuser, it is
presentedonthenext round.Thisprocessis continuedwith themapunit having thesecondlargestresponseandsoon
until a presetnumberof new imageshavebeengathered.Thissetof imagesis thenpresentedto theuser.

Theconversionfrom positive andnegativemarkedimagesto theconvolutionsin a three-level TS-SOMis visual-
izedin Figure2. First,aTS-SOMdisplayingthepositivemapunitsaswhiteandnegativeasblackis shown ontheleft.
Thesemapsarethenconvolvedandtheresultingmapsurfacesareshown on theright. Thewhiteandblackregionsin
theconvolvedTS-SOMsillustratepositiveandnegativevaluesaftertheconvolution,respectively. On thenext round,
theimagequeryis, therefore,targetedto thewhitepartsof themaps.

A typical retrieval sessionwith PicSOMconsistsof a numberof subsequentqueriesduringwhich theretrieval is
focusedmoreaccuratelyon imagesresemblingthepositive exampleimages.Thesequeriesform a list (or a treeof
queriesif theuseris allowedto go backto previousqueryroundsandproceedwith a differentselection)in which all
thequeriescontainusefulinformationfor theretrieval system.

2.4 User Interface

ThecurrentPicSOMuserinterfacein a midstof anongoingqueryis displayedin Figure3. First, the threeparallel
TS-SOMmapstructuresrepresentthreemaplevelsof SOMstrainedwith RGBcolor, texture,andshapefeatures,from
left to right. Thesizesof theSOM levelsare DFE�D , ��GFEH�,G , and G'DIEJG
D , from top to bottom.Below theconvolved
SOMs,thefirst setof imagesconsistsof imagesselectedaspositive on thepreviousroundsof theretrieval process.
Theseimagesmaybeunselectedon any subsequentround,thuschangingtheir contribution from positive to neutral.
In thisexample,aquerywith asetof imagesrepresentingbuildingsselectedaspositiveis displayed.Thenext images,
separatedwith ahorizontalline, arethecurrent16best-scoringnew imagesobtainedfrom theconvolvedmapunitsin
theTS-SOMs.

TheChallengeof ImageRetrieval, Brighton,2000 4



The PicSOM Retrieval System: Description and Evaluations

3 Evaluating Retrieval Performance

A numberof measuresfor evaluatingthe ability of variousvisual featuresto reveal imagesimilarity arepresented
in this section.Assumea databaseK containinga total of ; imagesandan imageclassLNM�K with ;PO somehow
similar images.Then,thea priori probability Q O of theclassL is Q O �SR�TR . An idealperformancemeasureshouldbe
independentof thea priori probabilityandthetypeof imagesin theusedimageclass.

3.1 Observed Probability

For eachimage UHVWL with a featurevector X�Y , we calculatetheEuclideandistanceZ\[^]'�)U_	a`7� of X�Y andthe feature
vectorsXcb of theotherimages̀HVdK=egf,Uih in thedatabase.Then,wesorttheimagesbasedontheirascendingdistance
from theimageU andstoretheindicesof theimagesin a �);� ��c� -sizedvector j(Y . By klY� , wedenotethe

�
th component

of j(Y . Next, for all imagesUIVdL , wedefinea vector m�Y asfollows� � VHn2�
	o;p q��r � - Y� � s �t	vu2w�k
Y� VxL�	y 	v?'zo{^|�}o~�u���|�� (3)

Thevector m�Y thushasvalueoneat location
�
, if thecorrespondingimagebelongsto theclassL . As L has; O images,

of whichoneis theimageU itself, eachvector m�Y containsexactly ; O  q� ones.
In orderto performwell with theclassL , the featureextractionshouldclusterthe imagesU belongingto L near

eachother. Thatis, thevalues- Y� ��� shouldbeconcentratedon thesmallvaluesof
�
.

We cannow definetheobservedprobability � � :� � VHn2�
	o;p q��r � � � � �; O���%� O - �� � (4)

Theobservedprobability � � V�n y 	���r is ameasureof theprobabilitythatagivenimage��VxL hasanimagebelonging
to theclassL asthe

�
:th nearestimageaccordingto thefeatureextraction X .

In theoptimalcase,� � ��� if
��$ ; O  �� , and � � � y

if
��� ; O  N� . This is equivalentto thesituationwhere

all the imagesin classL areclusteredtogetherso that the longestdistancefrom an imagein L to anotherimagein
thesameclassis alwayssmallerthantheshortestdistanceto any imagenot in L . On theotherhand,Theworstcase
happenswhenthe feature X completelyfails to discriminatethe imagesin classL from the remainingimages.The
observedprobability � � is thencloseto thea priori Q O for everyvalueof

� V�n2�
	0;� ��ar .
3.2 Forming Scalars from the Observed Probability

Theobservedprobability � � is a functionof the index
�
, so it cannoteasilybeusedto comparetwo differentfeature

extractions.Therefore,it is necessaryto derivescalarmeasuresfrom � � to enableusto dosuchcomparisons.As large
valuesof � � with smallvalues

�
andsmallvaluesof � � with largevalues

�
correspondto gooddiscriminatingpower,

thescalarmeasureshouldrespectively rewardlargevaluesof � � when
�

is smallandpunishlargevaluesof � � when
�

is large. We choseto usethreefiguresof merit to describetheperformanceof individual featuretypes.First, a local
measurecalculatedastheaverageof theobservedprobability � � for thefirst 50 retrievedimages,i.e.:�

local �p������2��� � ��'y (5)

The � local measureobtainsvaluesbetweenzeroandone. Figuresnearonecanbe obtainedeven thoughthe classes
weregloballysplit into many clustersif eachof theseclustersareseparatefrom theclustersof theotherclasses.

For a globalfigureof meritweusedtheweightedsumof theobservedprobability � � calculatedas:�
global � Re �:� R�� ��2� � � �
�a�0� ��� R� R�� ��2� � � �   (6)
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Also � global attainsvaluesbetweenzeroandone.It favorsobservedprobabilitiesthatareconcentratedin smallindices
andpunishesfor largeprobabilitiesin largeindex values.

Thethird valueof merit, � half, measuresthetotalfractionof imagesin L foundwhenthefirst half of the� � sequence
is considered:�

half � � R �o¡��� � � �;¢O¢ �� (7)�
half obviouslyyieldsavalueonein theoptimalcaseandavaluehalf with thea priori distributionof images.

For all thethreefiguresof merit, � local,
�

global, and � half, thelargerthevaluethebetterthediscriminationability of
thefeatureextractionis.

3.3 £ Measure

We have appliedonequantitative figure, denotedasthe ¤ measure,which describesthe performanceof the whole
CBIR systeminsteadof a single featuretype. It is basedon measuringthe averagenumberof imagesthe system
retrievesbeforethecorrectoneis found. The ¤ measureresemblesthe“target testing”methodpresentedin [2], but
insteadof usinghumantestusers,the ¤ measureis fully automatic.

For obtainingthe ¤ measurewe usethe samesubsetL � of imagesas beforefor the single features. We then
implementedan“ideal screener”,acomputerprogramwhichsimulatesthehumanuserby examiningtheoutputof the
retrieval systemandmarkingtheimagesreturnedby thesystemeitherasrelevant(positive)or non-relevant(negative)
accordingto whetherthe imagesbelongto L . The queryprocessingcan thusbe simulatedandperformancedata
collectedwithoutany humanintervention.

For eachof theimagesin theclassL , wethenrecordthetotalnumberof imagespresentedby thesystemuntil that
particularimageis shown. Fromthis data,we form a histogramandcalculatetheaveragenumberof shown images
neededbeforeahit occurs.After divisionby ; , thisfigureyieldsa value¤�V�n Q O� 	��� Q O� r (8)

where Q\O�� R TR is thea priori probabilityof theclassL . For values¤�¥ y � � , theperformanceof thesystemis thus
betterthanrandompickingof imagesand,in general,thesmallerthe ¤ valuethebettertheperformance.

4 Experiment Settings

We evaluatedthe PicSOM approachwith a set of experimentsusing an imagecollection from the Corel Gallery� yAy
y�yAy
y product[1]. Thecollectioncontains
�'¦B¦
¦A�

photographsandartificial imageswith a very wide varietyof
subjects.All the imagesareeitherof size � � GFEH§
¨'D or §A¨'DxE©� � G pixels. Themajority of the imagesarein color,
but therearealsoa smallnumberof grayscaleimages.Theimageswereconvertedfrom theoriginal WIF (wavelet-
compressedimage)formatto JPEG.

Fivedifferentfeatureextractionmethodswereappliedto theimagesandthecorrespondingTS-SOMswerecreated.
TheTS-SOMsfor all featuresweresized DxEJD , ��GdEW��G , G'DxE=G'D , and � � GFE©� � G , from top to bottom. During the
training,eachvectorwasused100timesin theadaptation.Thefeaturesusedin thisstudyincludedtwo differentcolor
andshapefeaturesanda simpletexture feature[9]. The color andtexture featureswerecalculatedin five separate
zonesof theimage.Thezoneswereformedby first determininga circularareain thecenterof theimage.Thesizeof
thecircularzonewasapproximatelyonefifth of theareaof theimage.Thentheremainingareawasdividedinto four
zoneswith two diagonallines.

Average Color feature(cavg in Tables1 and2) wasobtainedby calculatingaverageR-, G- andB-valuesin five
separateregionsof the image.Theresulting15-dimensionalfeaturevectorthusnot only describestheaveragecolor
of theimagebut alsogivesinformationon thespatialcolor composition.

Color Momentfeature(cmom) wereintroducedin [12]. The color momentfeatureswerecomputedby treating
the color valuesin differentcolor channelsasseparateprobability distributionsandthencalculatingthe first three
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features classes
airplanes( Q O � y � y � ¦ ) faces( Q O � y � y ��D ) cars ( Q O � y � y
y\� )

cavg 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: Comparisonof the performancesof differentfeatureextractionmethodsfor differentimageclasses.Each
entrygivesthreeperformancefigures � � local ª � globalª � half � .
moments(mean,variance,andskewness)from eachcolor channel.This resultsin a §�EH§�E � ��D � dimensional
featurevector. Dueto thevaryingdynamicranges,thefeaturevaluesarenormalizedto zeromeanandunit variance.

Texture Neighborhoodfeature(texture) in PicSOMwascalculatedin the samefive regionsasthe color feature.
The Y-valuesof the YIQ color representationof every pixel’s 8-neighborhoodwere examinedand the estimated
probabilitiesfor eachneighborbeingbrighterthanthecenterpixel areusedasfeatures.Whencombined,this results
in one40-dimensionalfeaturevector.

ShapeHistogram feature(shist) wasbasedon thehistogramof theeightquantizeddirectionsof edgesin image.
Whenthehistogramwasseparatelyformedin thesamefive regionsasbefore,a 40-dimensionalfeaturevectorwas
obtained.Thefeaturedescribesthedistribution of edgedirectionsin variouspartsof the imageandthusrevealsthe
shapein a low-level statisticalmanner.

ShapeFFT (sFFT) featurewasbasedon theFourierTransformof thebinarizededgeimage.Theimagesizewas
normalizedto 512E 512pixelsbeforetheFFT. Thenthemagnitudeimageof theFourierspectrumwasfirst low-pass
filteredandthereafterdecimatedby thefactorof 32,resultingin a 128-dimensionalfeaturevector.

In order to evaluatethe performanceof the single featuresandthe whole PicSOMsystemwith differenttypes
of images,threeseparateimageclasseswerepickedmanuallyfrom the

�'¦�¦A¦A�
-imageCorel database.Theselected

classesarefaces, cars, andairplanes, of which thedatabaseconsistsof 1115,864,and292images,respectively. The
correspondinga priori probabilitiesare0.019,0.014,and0.005.Thecriteriafor animageto belongto thefacesclass
wasthat themaintargetof the imagehadto bea humanheadwith botheyesvisible andtheheadhadto fill at least
1/9 of the imagearea.In thecars class,themaintargetof the imagehadto bea car, andat leastonesideof thecar
hadto becompletelyshown in theimage.Furthermore,thebodyof a carhadto fill at least1/9 of theimagearea.In
airplanesclasstherewereno restrictions,all imagesof aircraftor helicopterswereaccepted.

Thenumberof new imagesthesystempresentseachroundhasalsosomeeffect on theresulting ¤ value. In the
experiments,thesystemwassetto return20best-scoringimageseachround.

5 Results

Table1 showstheresultsfrom forming thethreescalarmeasures,� local,
�

global, and � half, from themeasuredobserved
probabilities.It canbeseenthatthe � local measureisalwayslargerthanthecorrespondingapriori probability. Also, the
shapefeaturesshistandsFFTseemto outperformtheotherfeaturetypesfor everyimageclassandeveryperformance
measure.Otherwise,it is not yet clearwhich oneof thethreeperformancemeasureswould bethemostsuitableasa
singledescriptor.

Theresultsof theexperimentswith thewholePicSOMsystemareshown in Table2. First,eachfeaturewasused
aloneasthebasisfor theretrieval andthendifferentcombinationsof thefeaturesweretested.Thetwo shapefeatures
againyield betterresultsthanthecolorandtexturefeatures,whichcanbeseenfrom thefirst five rows in Table2. By
examiningtheresultswith all thetestedclasses,it canbeseenthatthegeneraltrendis thatusingalargersetof features
yieldsbetterresultsthanusinga smallerset. Most notably, usingall featuresgivesbetterresultsthanusingany one
featurealone.Theresultsin thesecondandthird sectionsof thetablealsovalidatetheoverall trendthatusingmore
featuresgenerallyimprovestheresults.Therefore,it canbeconcludedthatthePicSOMsystemis ableto benefitfrom
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features classes
cavg cmom texture shist sFFT faces cars airplanesE 0.35 0.39 0.30E 0.43 0.34 0.31E 0.26 0.34 0.26E 0.22 0.18 0.16E 0.22 0.18 0.19E E E 0.21 0.18 0.16E E E 0.23 0.18 0.17E E E E 0.21 0.16 0.14E E E 0.21 0.18 0.15E E E 0.22 0.19 0.18E E E E 0.20 0.16 0.14E E E E E 0.20 0.16 0.14

Table2: Theresulting¤ valuesin theexperiments.

the existenceof multiple featuretypes. As it is generallynot beforehandknown which featuretypewould perform
bestfor a certainimagequery, the PicSOMapproachprovidesa robust methodfor usinga setof differentfeatures
andimagemapsformedthereofin parallel.However, it alsoseemsthatif onefeaturetypehasclearlyworseretrieval
performancethantheothers,it maybemorebeneficialto excludethatparticularTS-SOMfrom theretrieval process.
Therefore,it is necessaryfor theproperoperationof thePicSOMsystemthattheusedfeaturesarewell balanced,i.e.,
they shouldon theaverageperformquitesimilarly by themselves.

6 Conclusions and Future Plans

We have in thispaperintroducedthePicSOMapproachto content-basedimageretrieval andmethodsfor quantitative
evaluationof its performance.Theresultsof ourexperimentsshow thatthePicSOMsystemis ableto effectivelyselect
from a setof parallelTS-SOMsa combinationwhich yieldsthebestretrieval performance.Oneobviousdirectionto
increasePicSOM’s retrieval performanceis to doanextensivestudyof differentfeaturerepresentationsto find asetof
well-balancedfeatureswhich on theaverageperformaswell aspossible.As a vastcollectionof unclassifiedimages
is availableon theInternet,we have alsomadepreparationsto usePicSOMasanimagesearchenginefor theWorld
WideWeb.
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