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Abstract

A low-level content-basetheasuremertdf imagesimilarity canbe usedto createa visualisationof animageset,
in which visually similar imagesare displayedcloseto eachother We are carryingout a seriesof experimentsto
evaluatethe usefulnes®f this type of visualisationasanimagebrowsing aid. Sofar, theseexperimentshave used
a complex imagesimilarity measurdghat wasdesignedor imageretrieval, but we wereinterestedn finding out if
simplermeasuresould bejust aseffective. We createdbasictestcollectionsof imagesfrom a widely availableset
of stockphotographsandusedtheseto comparea numberof differentmeasurementsf imagesimilarity. Precision-
recallgraphsshav the expecteddifferencesdetweerthe measuresvith regardto retrieval accurag. However, these
differenceglisappeain a comparisorof their effectivenesdor creatingvisualisations.

1 Introduction

Fully automaticmethodsof indexing and searchingarge collectionsof digital imagesare basedonly on the low-
level visual featuresof the images,suchas colour andtexture. Thereis someevidencethat visual propertiesare
importantto peoplewhensearchindgor imagesput it canbedifficult for usergo expressheirrequirementin avisual
form, perhapshaving to rely on drawing sketchesor specifyingcolour distributions. The resultsarelikely to beless
meaningfulthanthosefor atextual query becausef thelow-level natureof thefeatureusedto judgesimilarity. It is
thusvery importantthatsystemsshouldprovide goodsupportfor browsing of images.

In previous work, we have carried out experimentsevaluatingthe usefulnes®f information visualisationtech-
nigueswhenappliedto imagebrowsing. This applicationwasfirst suggestedy Rubner[11] who did not carry out
ary experimentalkevaluation.A setof imagescanbelaid out sothatthe usercanseehow they arerelatedwith regard
to thesimilarity measureised.Userscanthensimply allow theirgazeto moveinto theareasf thevisualisationwvhere
theimagesresembleheir “mentalimage”, insteadof beingforcedto describeor sketchit. For example,we would
expectthat,whensearchindgor aeroplanesa users eye would be drawn to picturescontaininga lot of blue sky.

To arrangea setof imagese first createa similarity matrix, measuringhe content-basesisual similarity of all
pairsof imagesn the set. We thenusemultidimensionakcaling(MDS) [2], atechniquewhich treatsinter-objectdis-
similaritiesasdistancesn somehigh dimensionakpaceandthenattemptdo approximatehemin alow dimensional
(commonly2D or 3D) outputconfiguration. Algorithmsto performMDS are availablein mary commonstatistical
packagesalthoughwe have developedour own algorithmas part of separatelypublishedinformation visualisation
researchfl]. OnceMDS hasfounda 2D configurationof pointsusingthe matrix, thumbnailversionsof theimages
canthenbeplacedat thesepoints,to producea layout. Examplesof thesdayoutscanbefoundin Figures4 and5.

In ourinitial experiment[9], we shavedthatusersgenerallyfind a specific,givenimagemorequickly in a visu-
alisationthanin a randomarrangementThis simulatesa situationwherethe useris trying to find a particularimage
thathe or shehasseenbefore.Next, we choseto considera situationwherethe userwishesto find imagesmatching
a generalrequirement.We assumedhat no annotationof imageswasavailable,andthusit would only be possible
to searchfor very generalclasse®f image(suchas*“surfing” or “birds”), thatdo not dependon anindividual users
ability to recognisespecificpeopleor places.This correspondso the non-uniquenon-refinedtype of querydescribed
by Enser[4] in his analysisof requestsubmittedto a large photographarchive. We found that peoplewere ableto
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find relevantimagesmorequickly in a setthatis arrangedaccordingto visual similarity thanin a setthatis arranged
randomly[8].

Sofar, we have useda fairly complex imagesimilarity measuremen(describedn section2.4), basedon current
researchin image segmentation,and designedor usein animageretrieval system. Our experimentsshoved that
it appearedo work well. However, we wereinterestedn exploring other similarity measuresto seehow effective
they couldbein comparisonln particular becausg¢hefirst stepin creatinga visualisationis calculatingthe similarity
matrix, whereeveryimagein thesetis comparedo every otherimage,we wereinterestedo know if asimpler, quicker
measuremertould producevisualisationof anequallyhigh quality.

Rogawitz etal. [10] implicitly make the assumptiorthatthereis a directrelationshipbetweenanimagesimilar-
ity measures retrieval performanceandits effectivenesdor creatingvisualisationsan assumptiorthat we testin
Section6 of this paper They createdVIDS arrangementsf a singlesetof 97 images,usingtwo differentsimilarity
measuresandcompareahese py inspectiononly, to two otherarrangementthatwerebasedon the similarity judge-
mentsof humanassessorsThey concludedhatoneof the similarity measuresvascloserto humanperceptiorthan
the other, but did not attemptary quantitative evaluationof the differentarrangementsyr testthemasbrowsingtools
in theirown right.

It shouldperhapsde emphasisedhatin this paperwe are concernedspecificallywith the problemof evaluating
imagesimilarity measuredor usein constructingvisualisationsyatherthanfor retrieval, althoughour dataon the
latteris givenfor the sale of comparison.

2 Measuring image similarity

In orderto quantifythe similarity of a pair of imageswe first needto extractrepresentatie featuredrom theimages,
andthen comparethe similarity of thosefeatureswith a suitablemeasure.ldeally, the featureswould correspond
with thosethat a humanobsener might usein judging similarity. However, this would involve recognitionof the
objectsin theimagesandinterpretatiorof their high-level meaningataskwhichis presentlyery difficult to perform
automatically

Instead,we can attemptan approximation,using low-level featuresthat are easierto extract, suchascolour or
texture. In this sectionwe discussthe differentfeaturesand correspondingimilarity measureshat we compared.
Featuresregenerallyonly computedonce,andthenstored.With a smallcollection,it may alsobe possibleto store
thepairwisedissimilaritiesof all imagesput generallythesemustbe computedeachtime a similarity matrixis created.

Thereare,of coursemary possibleversionsof (andalternatvesto) the measuresve comparedwherepossible,
we adoptedsimple measuredrom existing imageretrieval literature. In the caseof the Earth Mover’s Distance
(section?.3),its inventorwasusingpartof thesamemagecollection,andkindly agreedo make hisimagefeaturesand
similarity measurevailable. Puzichaet al. [7] offer a more comprehensie and systematiaccomparisorof similarity
measures.

2.1 Average colour

This is the simplestmethodof all, usingonly a singlecolour (the averagehue, saturation andvalue of all pixelsin
theimage)to representin entireimage. The HSV colour spaceis cylindrical, with the huerepresentetby the angle
aroundacircle (e.g.0 degreeds red,120degreess green,240degreesds blue). Distancefrom thecentreof this circle
representsaturationwith mostcolour presentat the edgeof thecircle. Thelong centralaxisrepresentsalue,from
blackto white.

Measuringthe similarity of theimagesis thenjust a questionof measuringhe Euclideandistancebetweertheir
averagecoloursin the HSV space(assuminghatthis is a reasonabl@pproximationof their perceptuakimilarity).
Becauséhe spacds cylindrical, thefollowing formulamustbe used[13]:

Nf=

d(i,j)=1- (v; — vj)® + (s; cos h; — sj cos hj)? + (s;sin h; — s; sin h;)?]

|

V5

wherei andj arecoloursin HSV spaceandh,, s., andwv, are,respectrely, the hue,saturationandvalueof a
colour, c.
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Thismeasureanbe madeto take someaccouniof imagecompositionby dividing theimagesnto agrid of equal-
sizedparts,say4 or 9, andthencomparingcorrespondingpartsof the two images usingthe above measure We can
thentake the meanof the numbersasthe distancebetweertheimages.

2.2 Colour histograms

The main drawbackof averagecolouris, of course thatit meandosing all information aboutthe large numberof
colourswhich maybe presenin animage,andtheir relative distributions. If the coloursarequantisednto a number
of bins, histogramscan be producedby countingthe numberof pixelsin the imagethat fall into eachbin. There
aremary possiblequantisatiorschemesbut the simplestusea fixed numberof bins of equalsize. The dissimilarity
betweertwo histogramanthenbemeasurednostcommonlyby comparinghecontentof correspondindpistogram
bins.

For our work we chosethe quantisatiormethodoutlinedby Smith[13]. Hueis assumedo bethe mostsignificant
characteristiof a colour, andthusrecevesthefinestlevel of quantisationyith the 360degreesof the huecircle split
into 18 sectionsof 20 degrees.Saturatiorandvalueareassumedo be lessimportant,andareeachquantisedo three
levels. Pixelswith no hueor saturatioraretreatedasa specialcase andsplit into 4 levels: black,darkgrey, light grey,
andwhite. Thus,thereare166binsperhistogram:18 huesx 3 saturations< 3 values,plus4 grey levels.

Thereare mary differentwaysin which the resultinghistogramscanbe comparedn orderto producea single
numberrepresentinghe similarity of the correspondingmages.Herewe try onemeasurdrom eachof thefirst three
catgyoriesdescribedy Puzichaetal. [7]: aheuristichistogramdistance(L, ), anon-parametriteststatistic(y2), and
aninformation-theoretiaivergencegthe Jefrey divergence).

It is alsopossibleto make thesemeasuresake someaccounbof imagecompositionusinga similar methodto that
outlinedatthe endof the previoussection.

2.2.1 L, distance

The L, distanceis a simple and popularmeasureof the similarity of colour histograms.It involvesaddingup the
differencedetweercorrespondingdpinsin thetwo histograms:

dL1 (ha k) = Z |h1 - k2|
whereh andk arehistogramsandh; representshevaluein bin ¢ of histogramh.

222 ¥?

This statisticmeasuresow unlikely it is thatonedistribution wasdrawvn from thepopulationrepresentetly theother:

hi — k;)?
dya(h, k) =) 7(,1’ +k?

2.2.3 Jeffrey divegence

This is aninformation-theoretidivergence measuringhow compactlyonedistribution canbe codedusingthe other
oneasthecodebool7]. It is calculatedasfollows:

dy(h,k) =" (h,- log ::L— + kilog :T)

- [
%

wherem; = Litki,
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2.3 Colour signaturesand EMD

The main fault of colour histogramss their inflexibility. They only comparedirectly correspondingins (thusdis-
regardingary informationthat could be gainedfrom consideringneighbouringbins of similar colour), andthey are
sensitve to the bin sizechosen(if they aretoo small, thensimilar colourswill be split acrossoo mary bins, but if
they aretoo large eachonewill containtoo mary colours,losingdiscrimination).

More adaptve methodshave beensuggestedo get aroundtheseproblems. Rubner[11] proposeaisingsimple
coloursignaturesywhereeachimageis representethy a smallnumberof colours(eighton average)with weightsto
indicatetheimportanceof eachcolourin theimage.Mostexisting similarity measuresannotbeappliedto signatures,
sothe EarthMover’s Distance(EMD) wasdefinedfor this purpose.lt reflectsthe minimal costof transformingone
signaturego theother, andis a solutionof aspecialcaseof thetransportatioproblemfrom linearoptimisation.Rubner
alsoillustrateshow it canbeusedn conjunctionwith MDS, but hedid notcarryoutuserevaluationspr compareEMD
with othersimilarity measuregor the purposeof creatingvisualisations.EMD is anotherof the measuresestedby
Puzichaetal. [7].

2.4 Image segmentation

All of themeasurewve have discussedofaruseglobalimagefeaturesalthoughmuchcurrentwork in computewision
focusesn sggmentingimagesinto coherentegions. Whenconstructinga query, this allows usergo selectindividual
regionsfrom animage,ratherthanusingthe wholeimage. It is alsopossibleto incorporateregion informationinto
imagefeatureswhich canthenbe comparedvith a pairwiseimagesimilarity measureOnesuchmeasurelRIS (for
ImageRegionsin Summaryhasbeendefinedby Sinclair, basedn hisunsuperviseimagesegmentatiorschemg12],
andit is this thatwe have usedin ourwork to date.It is designedo reflectbothglobalimagepropertiesandthe broad
spatiallayoutof regionsin theimage.

An imageis segmentednto regionswith broadlyhomogeneousolour properties.Regionshave descriptorsor
colour, colour variance,area,shape Jocationandtexture. Regions arethen classifiedas eitherlarge (with an area
greaterthan 0.1% of the total imagearea)or small. The large regions are further classifiedas either textured or
smooth,andthe smallregionsasregularly or irregularly shaped An imagesummaryis thencreatedasfollows. The
imageis partitionedinto nine equalareasjn the obviousway. Setsof four global colourhistogramgfor large smooth
regions, large textured regions, small regular regions, and small irregular regions) are madefor eachof thesenine
areas,andthe largest(dominant)region in eachof the nine areasis recorded. The histogramsare normalisedby
imagearea.Thex? statisticis usedto determinehedistancebetweerlik e colour histogramsacrosimagepairs. The
distancebetweendominantregionsin correspondinguinths of eachimageis given by the Mahalanobisdistancein
RGB colourspace Thefinal measurés thenaweightedsumof the above distances.

3 Simpleimagetest collections

Traditionally, information retrieval evaluationsare basedon a test collection containingthousandof documents.
Sucha collectionhasa fixed setof querieswith relevancejudgementsndicatingwhich of theitemsin the collection
arerelevantto eachquery This canthenbe usedto comparethe retrieval performanceof differenttechniquesand
algorithms.Thereis along historyof usingtestcollectionsin text retrieval researchbut thereis no suchcollectionfor
imageretrieval.

The test collection approachis, of course,not particularly helpful for evaluatingthe usefulnessf interactive
retrieval systemgfor example seeJoseetal. [5] for adiscussion)mainly becauseéhequeriesin thecollectioncannot
hopeto cover all aspectof the context in which a retrieval systemmay be used. In this paper we usea simpletest
collectionapproachasa corvenientandcheapcomplemento our ongoingexperimentswith users.

A problemin creatinga testcollectionis that of relevancejudgementsiit is necessaryor humanjudgesto de-
terminewhetheror not anitem is relevantto a given queryor description. The mostcommonform of queryseen
in researchpaperson content-basedmageretrieval is “query by example”, wherethe userselectsan imageasa
representatioof his or herrequirementandthe systenreturnsimagest measureso be similarto theexemplar
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Stock photographcollectionsare usually given someform of cateyorisation,andthis shouldprovide us with a
ready-madesetof relevantitemsfor a query-by-eample:all imagesin the samecategory asthe exemplarshouldbe
relevantto it whenusedasa query If we restrictthe collectionto only containselectectatejories,we canensurehat
thereis little overlapbetweerthem,thusincreasingour confidencehatonly the otherimagesin the category will be
relevant. We thereforetook volumesl andll of the Corel StockPhotograptCollection(sold on a setof CD-ROMS),
andchose20 categyoriesfrom each to make up our two mini-collections(describedrom now onasCorel1 andCorel
2).

We alsoensuredhatall 100 of theimagesin eachof our chosercategoriesmatchedhe category name.Further
more,we chose“generic” cateories,sothatit shouldbe possiblefor anyoneto identify by sight whetheror not an
imagematcheghe catggory name,without ary specialistknowledge. This meanghatthe “relevancejudgement’is
asunambiguousspossible,anddoesnot rely on the presencef annotation.Table4 lists the selecteccateyoriesin
eachof thetwo mini-collections.Eachof the mini-collectionswasusedseparatelyratherthancombiningtheminto a
singlecollection,becausehereis overlapbetweertheir categories(e.g. bothhave a“flowers” category).

It is obviousthatthesecollectionsarenot atall “realistic”: for example,onewould not generallyexpect99items
(5% of the collection)to be relevantto every query However, they shouldprovide a usefulbasisfor comparisorof
similarity measuresaswe will be ableto seehow well eachmeasureanseparatéheimagesin therelevantcategory
from all of the others.

4 Comparing similarity measuresfor retrieval

Eachof the 2000imagesin a mini-collection(Corel1 or Corel2) wasusedin turn asa “query by example”,ranking
theremainingimagesfrom its collectionin orderof their similarity to the queryimage.This proceswasrepeatedor
eachof the similarity measuresinderconsideration An ideal measurevould placethe 99 relevantimages(the rest
of the queryimages cateyory) at the top of the ranking,followed by the restof the mini-collection. We cancompare
theperformancef eachmeasurdy calculatingthe corventionalinformationretrieval evaluationfiguresof recall and
precision Recallis the proportionof therelevantimagesn the collectionthatareretrievedfor a particularquery and
precisionis the proportionof theimagesretrievedthatarerelevantto the query Eachof thesecanbe measurectary
cutoff point alongthe ranking; mostcommonly precisionis calculatedat a numberof standardevels of recall (0.0,
0.1,0.2,..., 1.0). This allows the constructiorof a graphplotting precisionagainstrecall, usuallyaveragedacrossall
of thequeriesin thecollection.

In corventionaltextualinformationretrieval evaluationsgachqueryhasa differentnumberof relevantdocuments,
andsoit is impossiblefor all of the standardecalllevelsto beachievedexactly (for example,if aqueryhas6 relevant
documentstheonly recalllevelspossibleare0.167,0.333,...). It is thereforeusualto interpolateheprecisiorfigures
overstandardecallrangessothat,for example thefigureat0.0recallactuallyincorporatesll of theprecisionvalues
for recallbetweer0.0and0.1. In our collections however, we have the samenumberof relevantdocumentg99) for
every query andso the graphin Figure 1 simply plots precisionagainstrecall at eat relevant document Table 1
givesthe averageprecision(acrossll recalllevels)for eachof the measuresn eachcollection.

The averagecolour measurgahsv) clearly performsworst. Partitioning the imagesinto a grid of 4 equalareas
(ahsv_4) improvesperformanceandusing9 areas(ahsv_9) improvesit again,but 16 areas(ahsv_16) areonly
mauginally betterthan9, while needinga larger numberof features(and hencecalculations). The threehistogram-
basedmeasuresire next, with similar performanceput Jefrey divergence(hhsv _j d) performsslightly betterthan
x? (hhsv_chi ), which in turn is betterthan L; (hhsv_ 1). We alsotried histogram-basedethodson images
partitionedinto grids of equalarea,but this producedlittle or no improvement,especiallyconsideringthe much
highernumberof featuregand calculationsyequired. EMD (end), for which we only have Corel 1 data,performs
surprisinglybadly, doingapproximatelyaswell asthe histogram-basetheasuresThe IRIS measurdi ri s) clearly
performsbest.

It shouldperhapse notedthatthe featuresfor the IRIS measurevere createdrom 768x512images,while all
of theaveragecolourandhistogranmfeaturesnverecalculatedrom 96x 64 thumbnailswhich maybewhatgivesIRIS
someof its advantage.To testthis, we repeatedur calculationsfor hhsv_j d usingfull-size images.andfoundthat
it did give aslightimprovementoverthumbnailg(e.g.the averageprecisionfor Corel2 rosefrom 0.243to 0.251),but
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collection avelage precision

ahsv | ahsv_4 | ahsv 9 | ahsv_16 | hhsvl1 | end | hhsv_chi | hhsvjd |iris
Corell 0.189 | 0.210 0.223 0.225 0.239 0.246 0.253 0.258 0.283
Corel2 0.171| 0.210 0.222 0.225 0.229 - 0.239 0.243 0.282

Tablel: Averageprecisionfiguresfor thetwo collections,overthe nine similarity measuresve consideredFor end,
we only have Corel1 data.

0.8

x iris
hhsv_chi

0.7 -}

precision

0 T T T T T T T T T
1 11 21 31 41 51 61 71 81 91

number of relevant images retrieved

Figurel: The precision-recalgraphfor the Corel 1 mini-collection. Thehhsv_j d andhhsv_l 1 serieshave been
omittedfor clarity, dueto their closeness$o hhsv_chi andend. Theahsv_16 serieshasalsobeenomitted,dueto
its closenes$o ahsv_9. Thegraphfor Corel2 is very similar, exceptthatwe do not have Corel 2 datafor end.

wasstill quitefarbehindi ri s.

For thesale of interest,Table4 shavs averageprecisionfiguresfor theindividual categoriesin thetwo collections.
IRIS doesbestfor mostof the cateyories,althoughin a numberof casest is outperformedy othermeasureslt is
clearthatsomequeriesaremucheasierthanothers:asonemight expect,the “easy” queriesarethosefor catejories
wheretheimagesaremostvisually homogeneouge.g. ArabianHorses whereall of the picturesappeato have been
takenin thesamefield), anddissimilarto theimagesn othercateories(e.g. Divers & Diving, whereall of theimages
containanuncommorshadeof blue).

5 Calculating asimilarity matrix

Beforewe canapply MDS, we needto calculatea similarity matrix, containingthe pairwisesimilaritiesof all images
in the setto be visualised.If the setconsistsof queryresults,thenthe similarity matrix cannotbe precomputedand
will haveto becreated'on thefly”. The numberof calculationsneededs @ wheren is the numberof images
in the set. Table2 shavs approximatelyhow quick eachof the measuress to calculaterelative to the fastestahsv.

We useda 296 MHz UltraSparc-liprocessgronwhichit took 0.02second®f CPUto computea 100-imagesimilarity
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similarity measue
ahsv | ahsv.4 | ahsv 9 | ahsv_.16 | hhsvl 1l | end | hhsv.chi | hhsvjd |iris
relatve time 1 3.8 8.6 15 8.8 230 10 24 16

Table 2: The approximatetime neededo createa similarity matrix, given relative to ahsv, for eachof the nine
measures.

matrix usingahsv, but approximatelyt.6 second®n averageusingend.

Fromthesefigures,it seemslearthatEMD is likely to be impracticalfor creatinglayoutson thefly. ahsv_9 is
fasterthanahsv_16, for aboutthe sameretrieval performanceandsimilarly, hhsv_chi is morethantwice asfast
ashhsv j d, for similar performance.

For asmallcollection,of course we may have enoughdisk and/ormemoryto hold the pairwisesimilaritiesof all
imagesin the collection,makingtiming differencesrrelevant. We may alsoneedto take into accounttheinitial time
takento computefeatureqthe morecomplex the featuresthe longerthey take to compute)out theseonly needto be
worked out once. Anotherconsideratioris how big the featuresare,sincethis will determinehow long they take to
readin to memory andhow muchmemoryis needed.

6 Comparing similarity measuresfor visualisation

Having obsened fairly large differenceshetweenthe similarity measuresvhenusedin the context of retrieval, we
expectedhatthesedifferencesvould remainin the context of visualisationthatthe bestmeasure$or retrieval would
producethe bestvisualisations.To testthis, we neededa way of objectively evaluatingthe quality of visualisations,
to measureéhow successfuMDS hasbeenat placing similar imagescloseto one another We adoptedthe method
describedby Leouskiand Allan [6] of attemptingto quantify how well the visualisationclusterstogetherrelevant
imagesandseparatethemfrom non-releyantimages.

The corventionalrecall and precisionmeasuregan be transferredo visualisationsy assuminghat the users
startingpoint is a singlerelevantimage,andtreatingthis asthe queryimage. Then, insteadof usingthe similarity
measureo rank the otherimages,they are simply ranked accordingto their 2D Euclideandistancefrom the query
imagein the visualisation.Spatial precisionis thereforedefinedasthe proportionof relevantimageswithin a given
radiusof the queryimage(usingthe imagecentresvhenmeasuringlistances) This is illustratedin Figure?2. If we
usethe distancedrom the queryimageto eachrelevantimageasthe radii, this givesthe spatialprecisionat different
levelsof recall. Average spatial precisionis thenthetwo-dimensionahnaloguef averageprecision:spatialprecision
averagedacrossall levelsof recall,andall imagesn thelayout.

Therefore to asseshiow the similarity measureperformwhenforcedinto two dimensionswe canuseeachof
themto create2000-imagesimilarity matricesfor both of the testcollections. Oncewe have appliedMDS to these,
producing2D configurationswe canrepeatthe processdescribedn section4: usingeachimagein the setin turn
asthe query work out the spatialprecisionat eachrelevantimage. Then,the averagespatialprecisionof the whole
visualisationpverall possiblequeryimagescanbe calculated Figure3 andTable3 shav theresults.

Although there are wide differencesbetweenthe similarity measuresn corventional IR terms, when usedin
conjunctionwith MDS the differencesrevery small. To look for anexplanationof this, we have to consideMMDS in
moredetail. TheincrementaMDS methodwe useis baseduponleastsquaresnetricMDS [1]. It emulatesa spring
systemwith anchorpoints,onefor eachdataobject,anda springbetweerevery pair of points. Therelaxedlengthof a
springconnectingwo pointsis given by the dissimilarity betweerthe correspondingpair of objects.Eachspringhas
enepgy associatedvith it, andthelossfunctionis a sumof theseenegiesfor all springs:

~ 2

drs_drs
ooy (o2
r<s TS

whered,., is the Euclideandistancebetweerpointsp, andp, in thetwo-dimensionalayout,andd,. is the (origi-
nal) dissimilarity betweerobjectsr ands.
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Figure2: An illustration of spatialprecisionin two dimensions.The dark grey rectanglen the centrerepresentshe
gueryimage,andthe light grey rectanglesepresentmagesthat arerelevantto the query The white rectanglesare
non-relerantimages.Moving outwardsfrom the centre the dashedtirclesrepresenincreasindevelsof recall: atthe
closestelevantimage,we seethat1 non-releyantimagealsofalls within thecircle, makingthe spatialprecision0.5at
r=1. At r=2 thereare3 non-relezantimageswithin the circle, giving a spatialprecisionof 2/5 = 0.4. Finally, atr=3,
spatialprecisionis 3/8 = 0.375.The averagespatialprecisionof thearrangemenfor this queryimageis thereforg(0.5
+ 0.4+ 0.375)/3=0.425.
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Figure3: Spatialprecisionagainstrecall” for Corel 1. Again, somesimilarity measuresreomittedfor clarity. The
differencedetweerthe measuresiave almostdisappeared.
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collection similarity measue
ahsv | ahsv 9 | enmd | hhsv.chi | hhsvjd |iris
Corell ASP 0.161 0.154 | 0.159 0.158 0.162 0.148
ASP/AP 0.852 | 0.691 | 0.646 0.625 0.628 0.523
MDSenegy | 0.023 | 0.054 | 0.056 0.101 0.096 0.107
Corel2 ASP 0.154 0.154 - 0.145 0.149 0.138
ASP/AP 0.901| 0.694 - 0.607 0.613 0.489
MDSenegy | 0.016 | 0.048 - 0.105 0.098 0.106

Table3: Averagespatialprecision(ASP) figuresfor selectecsimilarity measuresacrosshetwo collections,aswell
asMDS enepy valuesfor the correspondin@D layouts.If differentMDS runsareused thesefiguresmayvary by up
to about0.001. Thetablealsogivestheratio of ASPto the original averageprecision(AP), thusshaving how much
of the“value” of theoriginal measures retainedn the 2D layout.

In effect, this givesan indication of how closely the final 2D layout reflectsthe positionsof the pointsin the
original high-dimensionatonfiguration.Table 3 shawvs the enepgy of the visualisationgproducedusingthe different
similarity measure$or thetwo testcollections.The enegy valuewe reportis anaverageacrossall of thesprings,i.e.
E/@. Thesimplestmeasureahsv, is three-dimensionagndsoareductionto two dimensionsioesnotresultin
mucherror, giving its configurationsalow level of enegy. However, morecomplex similarity measuresendto have a
higherdimensionalitythusproducingconfigurationsvith moreenegy (anderror). It appearghatthe morecomplec
measuresose whatever advantagethey have in high-dimensionaspacewhenforcedinto two dimensionsdy MDS.
Thus,the bestsimilarity measure$or usewith MDS will bethosewhich make a goodtradeof betweereffectiveness
anddimensionality

7 Reconsidering experiment results

In orderto examinehow accurateanindicatorthe ASP measurads of visualisationquality, we decidedto applyit to
thedatafrom our seconduserexperiment(asmentionedn the Introduction,anddescribedn moredetailin [8]). We
usedsetsof 100imagesdravn from the Corel 2 collection, displayingthemto participantsandaskingthemto find
asmary imagesasthey couldto matcha particulartextual description(takenfrom oneof the categgory names).Each
setcontainedbetween3 and 7 imagesfrom eachof the 20 cateyories,andwaseitherarrangedvith MDS (usingthe
IRIS measure)or arrangedandomly Participantswvereaskedto beasquick aspossibleandto pressa buttonmarked
“done” whenthey werereadyto move onto the next search.

Whenanalysingthe results,we consideredsereral timings asdependenvariables.In general participantswvere
significantlyfasterat the taskwhenselectingfrom the MDS layouts:for time takenup to andincluding the selection
of thelastimage,averagetime to make a selection,andtime takento pressthe “done” button. For thetime takento
selectthefirstimage MDS hada smallbut non-significandvantage suggestinghatmostof the benefitof the MDS
layoutcomesafterthefirst relevantimagehasbeenfound.

Applying the averagespatialprecisionmeasuremertb theselayoutsgivesa meanvalue of 0.168for MDS, and
0.071for random.Repeatingur analysisusingASPvalueasanindependentariable we foundthatit wassignificant
for the samedependentariablesaslayouttype (a higherASP valuemeanta fastertime), andwasnot significantfor
thetime of thefirst selection.This seemgo confirmthatthe benefitof the MDS layoutsis the clusteringtogetherof
relevantimages:onceonerelevantimagehasbeenfound, the otherscanbefoundmorequickly because¢hey areclose
toit.

Whenthesdayoutsarerecreatedisingtheahsv measurethe ASPvaluesarecomparableo thoseof theoriginal
IRIS layouts,meaningthatin an experimentwe would expectahsv-basedayoutsto offer a similar advantageover
randomlayouts. Figure4 shovs anexampleof a 100-imagdayout createdwith ahsv, andFigure5 shovs the same
setof images,arrangedusingi ri s. Thetwo layoutslook rathersimilar, althoughthe ahsv layoutis moretightly
clustered/eadingto moreoverlapbetweerthumbnails.In a situationwherethis is undesirablethe configurationcan
be forcedinto a moreregular, grid-like structure[9]. It is alsopossibleto usea form of MDS thatis constrainedo
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placingthe pointssothatthey lie on agrid. Alternatively, the overlapproblemcanbe solved by userinterfacetools
thatautomaticallybring hiddenthumbnailsto thefront asthe mousepointeris movedoverthem.

8 Futurework

The conclusiongdrawn in this paperarewith respecto a particulartype of query the “non-unique non-refined’type
identified by Enser[4]. However, only 6% of the requestshe sampledfell into this category. Far more common
were requestdor specificpeopleor places,which at presentcan only be answeredf the imageshave associated
annotations.We areinterestedn creatinglayoutsbasedon textual annotationsand exploring how thesemight be
usedin complemento layoutshasedon visual similarity.

Also, we have explored only one aspectof the utility of similarity-basedvisualisations:the factthat they can
clustertogethersimilar items,separatinghemfrom dissimilaritems. The averagespatialprecisionmeasureseemso
quantify this fairly well. However, a goodvisualisationshouldalsohelp the userto gainan overview of the dataset
in question.Dependingon the users currenttask,anarrangemenbasedn semanticsimilarity may make lessvisual
“sense’asawholethananarrangemenbasecn a simplemeasurdik e averagecolour. At presentve aredeveloping
a studybasedon a simulatedwork tasksituation[3], to examinehow differentMDS arrangementsf animageset
might be usefulto a graphicdesigneffor apictureselectiortask.

We arealsointerestedn usingMDS to arrangetheresultsof atextual or visualquery comparingthisto themore
corventionalrankedlist. Giventhefindingsreportedin this paper it would seemsensibleto useanadwancedmage
similarity measurgsuchasIRIS) for a visual query but a simple one (suchasaverageHSV colour) for creatinga
visualisationof theresults.

9 Conclusions

We canidentify differencesn performanceamongimagesimilarity measuredy usingthemto simulatetheretrieval
of resultsfor a“query by example”from asimpletestcollection. However, thesedifferenceslisappeawhenthe mea-
suresareusedin conjunctionwith multidimensionakcaling(MDS) to createvisualisationf imagesets. Measures
thataremoreeffective for retrieval tendto be morecomplex, andthuslosetheir advantageover the simplermeasures
whenforcedinto two dimensions.As the latter are easierto implementand quicker to calculate,it seemghatthey
shouldbe favouredfor the creationof visualisationsalthoughtestingwith usersandwith otherimagecollectionsis
neededo confirmthis. A re-examinationof theresultsof anearlierexperimentshovsthattheaveragespatialprecision
measurappeardo beanaccurateredictorof the quality of a visualisation.
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Table4: Thecateyoriesusedin thetwo testcollectionswith their averageprecisionwhenusedasqueriesfor eachof
five similarity measuresThetop half of thetableis the Corel 1 mini-collection,andthe bottomhalf is Corel2. The
shadingof thecellsshavs therelative rankingof the measure$or a particularcateyory: the darker the cell, theworse
theranking.We do not have Corel 2 datafor end.

Category Title ahsv ahsv_9 emd hhsv_chi iris
1 SunrisesandSunsets 0.135 0.160 0.203
3 World Warll Planes 0.416 0.588
8 Birds 0.092 0.084
13.1 FlowersVolumell 0.132 0.161 0.142
22 Bridges 0.137 0.145 0.145

29 ExoticCars

0.183  0.170/  0.145

31 Residentialnteriors 0.273 0.397
52 Butterflies 0.294
73 Firework Photography 0.580

91 Fruits& Vegetables
100 Bears

104 North AmericanDeer
107 Elephants

0.178

0.228

108 Tigers 0.310
110 Wolves 0.178
113 ArabianHorses 0.561
156 Divers& Diving 0.552 0.649 0.640
172 Action Sailing 0.261 0254 0.266  0.360
181 Models 0.198 0197 0235  0.187
184 Ice & Icebegs 0.193 0196/ 0482 0.221

overall avetage precision 0.246 0.253 0.283
208 Fungi 0.334 - 0.325 0.341
209 Fish 0.137 - 0.188 0.198
221 FlowersClose-up 0241 0241 - [0204 o0.283
225 FreestyleSkiing 0.262 - 0.262 0.323
240 Arthropods 0.123 - 0.135 0.217
268 African Birds 0.105 - 0.091 0.108
273 Performance€ars 0.234 - 0.204 0.279
300 Surfing 0.228 - 0.400 0.368
314 DolphinsandWhales 0.374 - 0.244 0.385
317 Whitetail Deer 0.199 - 0.234 0.252
320 VictorianHouses 0.244 - 0.373 0.390
326 Wildcats 0.105 - 0.139 0.135
329 Hot Air Balloons 0.098 - 0.145 0.194
332 FahlulousFruit - 0.189 0.169
338 Sailing - 0.343  0.359
345 Sunsetdround TheWorld - 0.250 0.311
351 Trains 0.245 - 0.198  0.305
359 Aviation Photography? 0187 0263 - [110448 0311

364 KitchensandBathrooms

0.411 - 0.530 0.512
0.160 - 0.182 0.191
ovenrall average precision 0.222 - 0.239 0.282

388 Womenin Vogue
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Figure4: 100imagesfrom the Corel2 mini-collection,arrangedvith ahsv.

Figure5: ThesamelOOimagesfrom Corel2, arrangedvithi ri s.
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