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Abstract

ThemultimodalneighbourhoodaignaturgMNS) algorithmrepresentfocal objectappearancby stablecolourbased
invariantsefficiently computedfrom image neighbourhoodsvith multimodal colour densityfunction. Local fea-
ture extractionfacilitatesregion-basednteractie queryspecificatiorand computationof illumination invariantfea-
tures.The methodallows for fastsignaturematchingandsupportsetrieval of objectscoveringonly afractionof the
databasémage. MNS signaturesaregenerallycompactandstoragerequirementsretypically a few hundredbytes
perimage.

In this paper the proposedalgorithmis testedon a challengingregion-basedmageretrieval task, searchingor
objectsin a sportsvideo sequence.lmageregions depictingobjectsof typical interestin a sportsimagedatabase
aredelineatedby the usersand usedas queries. Acceptableretrieval resultsare presentedor a numberof exper
iments. Relevant imageswere retrieved regardlessof backgroundclutter dominatingthe scene partial occlusion
and/ornon-rigid objectdeformation. Finally, the suitability of the approachis investigatedn the contet of web-
basedapplicationswhere efficient signaturecreation,good matchingspeedand minimal storagerequirementsare
required.

1 Intr oduction

In the pastfew years,researclin colourbasedmageandvideo retrieval haspresentedicceptableesultsandcom-
mercialsystemsave alreadybeenpublishedn variousapplicationdomainswvhich requireretrieval of imagesrom an
imagecollection(see [20] for asuney). Very often, applicationsrequireretrieval of imageswherethe queryobject
or region cover only a fractional part of the databasémage,a task essentiallyidenticalto appearance-basexdbject
recognitionwith unconstrainedackground Retrieval andrecognitionbasedon objectappearancenusttake into ac-
countthe factorsthatinfluencethe formation of colourimages.Recordedcoloursdependon the viewing geometry
theillumination conditions the sensoispectrakensitvities andthe object’s surfacereflectancesln particular illumi-
nationcolour, intensityaswell asview point and backgroundnay changein mary applications.Othernot so well
modelledor not readily measureaffectslik e mutualillumination andindividual cameracharacteristic¢e.g. gamma
correctionsettings)alsoresultin variationsof objectappearance Moreover, partial occlusionand deformationof
non-rigid objectsmustalsobe takeninto consideration Consequentlyinvarianceor at leastrobustnesgo the above
diversefactorsis highly desirable.

The proposedVultimodal NeighbourhoodSignaturealgorithm[11] representdocal colour structureby illumi-
nationinvariantfeaturescomputedfrom imageneighbourhoodsvith multimodal colour densityfunction. Flexible
signaturesreconstructedrom neighbourhoodanodesefficiently locatedwith themeanshift algorithm[4]. A number
of illumination invariantfeaturescanbe computedrom a signaturedependingon the illumination conditionsin the
applicationervironment. Objectappearances efficiently describedby compactMNS signatures- their typical size
rangingbetweena few hundredto a few thousandbytesfor complex data. Signaturematchingis thenappliedto
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retrieve imagesbasedon a computationallysimpleandefficient stratgy. In addition,dueto local processingf the
data,region-basedjueryspecificatiorandretrieval is facilitated.

In the work reportedin this paper we testthe suitability of the MNS algorithmto retrieve imagesfrom a sports
videosequenceThetaskis challengingsinceimagescontainedn the sequencavereshotunderarbitraryconditions,
indoorsandoutdoors.In addition,region-basedjueriesaremoredifficult to resohe thanfull image-basedetrieval. A
numberof typical queriesarechosere.g. to retrieve framescontainingpresentatiomegendsor thoseframesrelevant
to British eventsandathletesIn mostcasestheobjectsof interestcover partof the databasémages Retrieval results
shaw theability of the MNS methodto performwell in thisreal-world task. Relevantimageswereretrievedregardless
of objectsize,deformationof non-rigid objectsandsignificantbackgroundtlutter.

The efficiency of the proposedmethodfor imageretrieval is alsodiscussedn termsof its storagerequirements,
signaturecreationtime andmatchingspeed.Iln imageretrieval, speeds a very importantperformancecharacteristic
andary methodaspiringto challengethe dominanceof the histogram-basedpproachesnusthave comparablegun-
time. Especiallyfor web-basedpplications,wherea comparatiely large numberof image signatureseedto be
computedn-line,efficiencgy is highly desired.In addition,retrieval from largeimagedatabasesr videosequencess
well asobjectrecognitionin realtime, requirevery fastsignaturematchingandlow storagerequirementsThe MNS
methodis competitvein bothpropertieq13].

In thenext sectionanumberof colourbasedetrieval methodss briefly reviewedandcontrastedvith theproposed
method. An outline of the computationof a MNS signatureincluding details aboutmodality estimationis given
in section3. The MNS signaturematchingtechniqueis discussedn section4. Section5 presentdetailsof the
experimentalsetupandthe resultsobtainedare presentedn section6. The efficiency of the methodin termsof its
speedandstoragerequirementarereportedn section7 andsection8 concludeghe paper

2 RelatedWork

Most currentcolourbasedetrieval systemautilise variousversionsof the colour histogram[22, 9] which hasproven
usefulfor describingthe colourcontentof thewholeimage. Histogramsecordareaqor relative areasf normalised)
andhave no problemsdiscriminatingbetweernobjectswith almostidenticalcoloursbut with differentsizesof colour
region. For somesyntheticdatabasethis propertyis beneficial,sincemostobjectsundego only rotationsandtrans-
lationsandhave approximatelythe samescale.In the presenc®f occlusionobjectdeformationor generaliew point
change(e.g. asin the databaseisedin this work) relianceon a non-irvariantand/orglobal propertylik e areaor rel-
ative areawill negatively affect performance Moreover, histogramsarenot invariantto varyingillumination andnot
generallyrobustto backgroundthanges.Applying colour constang methodsto achieve illumination invariancefor
histogrammethodss possiblebut colour constanyg itself posesa numberof challengingproblemg5].

As analternatveto histogramsamoreflexible signaturaepresentatioandmatchingof globalcolourdistributions
wasproposeddy Rubneretal.[19. Coloursignaturesvere computedrom the global colour histogramof animage
andthe area(mass)correspondindo mostfrequentcolourswererecordedn the signature.In contrastmultimodal
neighbourhoodignaturesonsistof measurementsriginatingfrom local distributionsandarea(or relative area)is
not taken into accountneitherfor representatiomor for signaturematching. Othermethodshave alsobeenusedto
retrieve scenesvith similarappearance.g. usingwavelets[10] andmomentsof theimagecolourdistribution[8, 15].
Finally, graphrepresentationsf colour content(like the colour adjaceng graph[12] andits extensionto a hybrid
graph[18]) have providedgoodrecognitionfor sceneswith fairly simplecolour structure.

To retrieve imagesbasedon objectpropertiegatherthanimageinformation,localisedinvariantfeaturescanbeen
computedn orderto gain robustnesgo backgrouncchangespartial occlusionandvaryingillumination conditions.
Histogramsof local invariantscomputedrom pairsof neighbouringixelsfor everyimagepixel [6] or acrosgletected
edgeq7] have beenproposedHowever, bothmethodsarelimited dueto the globalnatureof the histogramrepresen-
tation. Localisedinvariantfeatureshave beenextractedfrom nearbypixels acrossboundarieof sgmentedregions
for objectrecognitionandretrieval [17, 16, 21, 14]. However, reliableimagesegmentationis arguablya notoriously
difficult task[20, 16]. As analternatve to segmentationtheimageis coveredby compactregionsfrom wherelocal
colourfeaturesarecomputed.For example,in the FOCUSsystem[3] a graphof the modesof the local colourden-
sity functionwasconstructedrom every imageblock. Both MNS andthe FOCUSapproactcomputefeaturesrom
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modesof local colourdistributionsoverimageneighbourhooddjowever, not only extractingfeaturedrom everyim-
ageneighbourhoods inefficient, but alsothe featuresusedin FOCUSdo notaccounffor illumination colourchange.
In addition,useof graphmatchingfor imageretrieval hasoftenbeencriticiseddueto its relatively high complexity.

3 Computing the MNS Signature

Theimageplaneis coveredby a setof overlappingsmallcompactregions.In the currentimplementationfectangular
neighbourhoodsvith dimensiongb,,, b,) werechosen.Compactregionsof arbitraryshape- or evennon-contiguous
compactsetsof pixels- couldhave beenused.Rectangulaneighbourhoods/ereselectedsincethey facilitatesimple
and fast processingof the data. To avoid aliasing eachrectangleis perturbedwith a displacementwith uniform
distribution in the rangel0, b../2), [0,b,/2). To improve coverageof animage (or imageregion), morethanone
randomisedyridscanbe used slightly perturbedrom eachothet

For every neighbourhoodiefinedby suchrandomisedyrids, the modesof the colour distribution are computed
with the meanshift algorithmdescribedelon. Modeswith relatively smallsupportarediscardedasthey usuallyrep-
resentoisyinformation. The neighbourhoodarethencategorisedaccordingo their modalityasunimodal,bimodal,
trimodaletc.

For the computationof the colour signatureonly multimodal neighbourhoodsire considered.For every pair of
modecoloursm; andm; in eachneighbourhoodwe constructvectorv = (m;, m;) in ajoint 6-dimensionatiomain
denotedRG B2. In orderto createan efficientimagedescriptoy we clusterthe computedcolour pairsin the RG B2
spaceandarepresentatie vectorfor eachclusteris stored.The colour signaturewe proposeconsistof the modesof
thedistributionin the RG B? space For the clustering the meanshift algorithmis appliedoncemoreto establisithe
local maxima.The computedsignatureconsistsof anumberof RGB? vectorsdependingn the colourcomplexity of
thesceneTheresultingstructureis, generally very conciseandflexible.

Notethatfor the computatiorof the signatureno assumptioraboutthe colourchangemodelwasneededThe pa-
rameterscontrollingmodeseekingthatis the kernelwidth andthe neighbourhoodizearedependensn the database
images;the former beingrelatedto the amountof filtering (smoothing)associatedavith the meanshift andthe latter
dependingon the scaleof the scene. A multiscaleextensionof the algorithm, thoughrelatively straightforvard to
implement(e.g. by applyingthe MNS computatiorto animagepyramid),hasnotyet beentested.
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Figurel: Modedetectionfor amultimodalneighbourhoodisingthe meanshift algorithm
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3.1 Computing NeighbourhoodModality Usingthe Mean Shift Algorithm

To establishthe location of a mode of the colour densityfunction the meanshift algorithmis appliedin the RGB
domain.Thegenerakernel-baseéstimateof atruemultivariatedensityfunction f (z) atapointz, in ad-dimensional
dataspacds givenby

o = g ok (M5 &

wherez;, ¢ = 1..n arethesampledatapointsand K is the kernelfunctionwith kernelwidth k. In this work, we are
not interestedn the valueof the densityfunction at the point z, but ratherin the locationof its maximain the data
space.A simpleandefficient algorithmfor locatingthe maximumdensitypointswasproposediy Fukunagd4] for
the casewhenthekernelfunctionin Eq. 1 is the Epanechnikv kernel

le,'d+2)(1-2Tz) ifzTz <1
0 otherwise

Ki(a) = { @

wherec, is the volumeof the unit d-dimensionabphereandz arethe datapoints. The kernelhasbeenshowvn to be
robustto outliersandoptimumin the senseof having minimumintegratedsquareerror[1].

The mechanisnof the meanshift algorithm consistsof iteratively shifting the kernelto the averageof the data
pointswithin by the meandifferencevector

_Rh? Vf(@)
Cd+2 f(z)

®3)

wherenz is the numberof datapointsinsidethe hyperspheres of radiush centredat z. Equation3 is anestimateof
the normalisedgradientof the densityfunction f(z) in the d-dimensionakpace.As shavn in [4], translationof the
kernelcentretowardsthe directionof the meandifferencevectoris equivalentto a gradientascento the local mode
of the distribution. Corvergenceto the closestmodeis guaranteed2]. An exampleof the processs givenin Fig. 1
for a multimodal neighbourhoodvith two prominentmodes(shavn on the diagramtogetherwith the corvergence
trajectories).

Dueto the non-linearityof the kernel,thefiltering preseresdiscontinuitiesdetailsandretainslocal imagestruc-
ture. This is particularlyimportantfor imagescontainingsmall objectsandfine colour texture. The speedof the
algorithmwastestedexperimentally and corvergencewasvery fast(typically 4-5 iterationsfor complec data). Due
to its advantageougpropertiesthe meanshift algorithm hasbeenusedin the pastfor image sggmentation[2] and
facetracking. For the MNS method,a computationallysimplealgorithmwasimplementedsee[13] for an efficient
implementation).

4 Matching MNS signatures

A simplesignaturematchingtechniquevasappliedto computethedissimilarity betweertwo MNS imagesignatures.
The algorithmattemptsto find a matchfor all queryfeaturesassuminghatthe querysignaturecontainsonly infor-
mationaboutthe objectof interest.This assumptioris realistic,sincein imageretrieval applicationsthe queryregion
is delineatedy the user Sometimeghefull imageis the objectof interestandits MNS descriptionis anappropriate
model. However, if only partof theimageis coveredby the objectof interestandthefull imagedescriptoris stored
asa query alossin retrieval performancas likely. On the otherhand,databasémagesmay originatefrom scenes
containingthe query objectonly as a fraction of the picture. The matchingprocedures thereforeasymmetric. A
mismatchof a queryfeatureis penalisedvhereasa mismatchof a databasémagefeatureis not. In otherwords,the
matchingalgorithmattemptdo interpretthe querysignatureasa distortedsubsebf the databasémagesignature.
LetI = 1.n andJ = 1..m be the indicesof the query and testfeatures(of the databaseémage signature)
respectrely. We definea matchassociatiorfunctionw(i) : I — 0JJ, i € I, mappingeachqueryfeaturei to the
testfeatureit matchedor to O if it did notmatch.Similarly, atestassociatiounctionwv(j) : J = 0J I, j € J, maps
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adatabaséeatureto a queryfeatureor to 0 in caseof no match.A singlethresholdl}, definesthe maximumallowed
distancebetweertwo matchingfeatures.The matchingproblem,i.e the problemof uniquelyassociatinggachfeature
sM i = 1..n of thequerysignaturewith atestfeatures;‘-r, j = 1..m andthe computatiorof a matchscoreis resohed

in thefollowing 4 steps:

1. Setu(i) =0 and wv(j) =0 Vi,j. Fromeachsignatures computetheinvariantfeaturesf, ff
accordingto thecolourchangemodeldictatedby the application.

2. Computeall pairwisedistances;; = d(fM, f]-T ) betweerthe queryandtestfeatures.
3. Setu(i) = 4, v(j) =1 Iif dij < dp anddij <T, Vk,I with u(k)=0 and v(l) =0.
4. Computesignaturedissimilarityas

D(sM, sT) = Z dij + Z Ty 4)

(Vi:u(2)#0) (Vi:u(i)=0)

Computingoverall imagesimilarity, the quality of the queryfeatureshat matcheds takeninto accountandthe
scoreis penalisedor any unmatchedjueryfeatures Notethatfeaturesareallowedto matchonly once.In generalthe
morequeryfeaturesmatchedthelowerthe D(s™, sT') valueandthe moresimilar the comparedmages.An efficient
implementatiorof the matchingalgorithmis describedn [13].

5 Experimental Setup

We testedthe suitability of multimodalneighbourhoodignaturemethodfor region-basedmageretrieval usinga 30
minutevideosequencef a BBC summaryof the AtlantaOlympic gameq1996). In total, 145frameswererandomly
choserfrom the sequencgielding a databasef very differentimagestakenbothindoorsandoutdoors.Objectpose,
scaleaswell asillumination werearbitrary(Fig. 2). No imagewasremovedfrom the original selectionrandno image
preprocessingvasapplied. Thesizeof eachframewas144 x 176 pixels.

The objective wasto testretrieval on typical queriesrelevantto a sportssequenceFor example,onecould ask
for framescontainingimagesof British athletegthussearchindor British nationalcolours)or for framesintroducing
individual athletesor announcingevents/resultsvith an overlayedcomputergeneratedegend. In orderto evaluate
performancesetsof targetimagesveremanuallyselectedrom theoriginal videosequencandaddedo thedatabase.
Framedor eachtargetsetwerechosersothatthey all containedobjectswith colourstructuresimilar to the intended
gueries.The experimentalsetupwasidenticalfor all queries. The total numberof the databasémagesafteradding
thetargetimageswas235.

Objectscontainingthe soughtcoloursin the targetimageswere often occluded non-rigidly deformedand/orof
varioussizeslik e objectswith the Irish nationalcolour structurein Fig. 3. Sometimesthe framesweretaken at shot
transitionswherevideo editing effectswereapparentFinally, illumination conditionschangeddramaticallybetween
someof theframesresultingin significantlydifferentrecordedcolours.For examplecomparethe queryimageimage
Fig. 4 with imageFig. 3(c)takenin the eveningundervery differentlight. For eachexperiment,the queryimage

Figure2: Sampleimagesfrom the BBC video summaryof the 1996 Olympics
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(@) (b) () (d)

Figure3: Sampletargetimagesdemonstratingossiblecasesf: (a) backgrouncclutter, (b) non-rigid deformation,
(c) illumination changeand(d) objectsize

wasa rectangulaffraction of a databasémagedelineatedy the user For instancea fraction of anlrish flag (Fig. 4)
wasusedto retrieve imageswith similar colours.

The parameterinvolvedin the computatiorof the signatureandmatchingwerenot especiallytunedfor thetask.
Currentimplementatiorof the MNS algorithmusesonly bimodalneighbourhood#or retrieval althoughincorporating
informationfrom neighbourhoodsvith morethan2 modesis straightforvard (e.g. by consideringpairs of modes).
Colourobjectrecognitionresultsreportedn [13] wereobtainedwith identicalMNS settings.

The MNS matchingalgorithmwas implementedn C++ andtestedon a SUN Ultra Enterprise450 with quad
400MHz UltraSRARC-II CPUs. Signaturedor both the databasémagesandthe querywerecomputedn real-time
(0.1sec).Two consecutie searchesvith arandomisedyrid wereperformedwith the sameneighbourhoodize(8 x 8
pixels). For themeanshift algorithm,afixedkernelwidth of 25 unitswasusedfor the detectionin the RGB spaceand
20 for thejoint 6D space Modeswith coveragdessthan10% of the neighbourhoodvereconsideredoiseandwere
ignored.Low intensitymodeg(lessthan5 percenif theluminancescale)werealsonottakeninto accounto improve
stability especiallyin the caseof relative colour featurematching. Although relative colour features(ratios) from
pixelswith saturatedolourscannotnot be expectedto be stableunderillumination SPDchangewe did notremove
saturatectoloursfor the reportedexperiments. The matchingthresholdwas alsofixed and was dependenbnly on
the natureof the featuresused.For example for RG B? featurematching matchingthresholdwasfixedto 100 using
theL1 metricfor measuringlistancein the 6-dimensionakpace.No sub-samplingpr smoothingwasappliedbefore
signaturecomputation All internalparametergmeanshift kernelwidth, neighbourhoodizeetc.) weresetto default

values thatis, they werenottunedfor thisimagedatabase.

Figure4: Queryselectionandrepresentatie multimodalneighbourhoods
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(a) stripeson jumper (b) deformedflagin crond (c) smallflag on cap

Figure5: Neighbourhoodshatmatchedwith thelrish flag query

6 Results

All databasémageswerematchedo eachqueryimageandsortedby decreasingimilarity (increasingdissimilarity)
to thequery For all reportedexperimentsresultsaredisplayedasthe setof 20 imageswith top ranks.Therankorder
increase$rom left to right andfrom top to bottom. Thereforetheimageat the upperleft handcornerof the pictureis
ranked 1 andthe oneat bottomright is ranked 20. Performancavasevaluatedqualitatvely accordingto the number
of relevantimageshatwereretrievedin thetop 20 ranksof theretrievedlist. Theretrieval algorithmwasbasednthe
implementatiordescribedn [13]). A singlesignaturematchscorewascomputedn approximatelyl.5 milliseconds
onaverage.e. theretrieval proceededt approximately600 matches/sec.

British events At first, we searchedhe databasdor imagescontainingthe British nationalcolours. The query
was part of a British flag from one databasdrame. Resultsare shavn in Fig. 9 togetherwith the selectedquery
region. 14 imagesin the top 20 rankswererelevantto British events. The onesthatwereirrelevant, still contained
combinationf thewantedcolourstructurebut in differentspatialarrangement.

Irish events. The next experiment,wasidenticalto the onedescribedn [11] only with a larger database The
objective wasto retrieve framesrelatedto Irish eventsor athletes. The queryusedis showvn in Fig. 4. 6 out of 20
imageswereindeedrelevantto Irish events. Another6 relevantimageswere highly rankedin the first 50 positions.
Only oneimage(Fig. 3(c)) waspoorly ranked (113) becausedf significantillumination SPD change. Theresultis
slightly worsethanthe onepreviously reportedsincemoreimageswith similar coloursareaddedn the databas¢his
time.

Information legends Anotherexperimentwasconductedsearchingor framesintroducingathletesor displaying
resultsandevents. For this video, all theseframescontainedaninformationalstrip with essentiallyidenticalcolours
for all images.At the sametime, this experimentdemonstrateMNS performancdor syntheticobjectslike computer
graphicswhich do not typically adhereto the rulesof naturalimageformationprocess18imagesn thetop 20 ranks
containedthe objectof interestandclearly the restincludedsimilarly colouredparts. The retrievedimagesandthe
gueryregion canbefoundin 7.

Commentary breaks Apart from sportevent coverage,the video sequencef the Olympic gamescontained
partsof daily studio breakswherethe eventsof eachday were summarised.A searchwas performedfor frames
belongingto suchsummarystudiosessionsAll wantedframeshadthe samebackgroundtoloursandno significant
illumination changewasassumed However, the camergposition, the displayedday andthe spealer were changing
betweersessions7 relevantimageswereamongthe first 20 (Fig 8). A whole frame (the bestmatchedmage)was
usedasthe query Like before,mostirrelevantimagesin thetop 20 setcontainedsimilar colours(in this caseBritish
nationalcolours)in differentspatialconfiguration.
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Histogram of MNS file sizes (Olympic database)
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Figure6: Distribution of file sizesof the 235imagesof the Olympic database

Applying the MNS methodfor imageretrieval generallygivesacceptableesults. Among the top rankedimages
areframesthat containvery differentinstancef the querycolour structureevenasa small fraction of the database
frame (seeFig 5 for someexamples).A numberof the framesthatwereranked poorly, althoughthey containecthe
objectof interestwereimagesshotundervery differentillumination thanthatof the queryimage. The MNS method
hasalreadyusedillumination invariantfeaturesor retrieval [11]. However, experimentsn this work wereperformed
usingonly raw RGB valuesassuminghattheillumination conditionswereapproximatelyconstanfor all the scenes
in the database.Despitethis strict assumptionthe MNS methodsuccessfullyretrieved a large numberof relevant
images.

7 Efficiency Considerations

Apartfrom signaturecreationandmatchingspeedaveryimportantparameteof aretrieval systemnis thespaceneeded
to represent singleimage. For mary applications(especiallythoseretrieving imagesfrom the World Wide Web),

the numberof imagesthatwill potentiallybe indexedis huge. The size of the signaturedetermineghe numberof

imagedescriptorghatcanbestoredonalocal disk by theretrieval system A web-basedearctcanthusbe performed
locally andonly imagessimilar to the queryneedto be downloaded. The MNS methodstorespairsof RGB values
originating from multimodal neighbourhoodsegardlessof the representatiomsedin matching. Sinceeachcolour

componenis storedas4 byte floating point number(the mode RG B valuesare computedas averagesand are not

integers),the MNS signaturdile sizeis givenby

Spn=nx2x3x4=24n (5)

wheren is the numberof pairsof modevaluesin the signatureandthe numericalvaluescorrespondo the numberof
modesper RG B2 vector(2), thenumberof colourcomponent¢3), andthenumberof bytesusedfor therepresentation
of afloatingpointvalue(4). Thesizeof thesignaturecanbereducedy asignificantfactorif storedusingfixedpoint
arithmetic. The rangeof modevaluesis [0..255] andit is unlikely thatmorethana few bits after the decimalpoint
are significant. Therefore,even 8, 10 or 12 hits per colour componentcorrespondingo 0, 2 and 4 binary digits
afterthe decimalpoint may be consideredThe distribution of signaturesizes(Fig. 6) of the imagesof the Olympic
databasshavedthat65% of sighaturesveresmallerthan1Kbyte;the averagesizewas900 bytes(usingfixed point
arithmetic). For imageswith most complicatedcolour structuresignaturesize did not exceed2.5 Kb. Therefore,
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Figure7: (a) Informationlegendqueryimageand(b) top 20 retrievedimages

storing MNS signaturesof millions of imagesis non-prohibitve. The storagerequiremenbf the MNS is certainly
competitve with the colour histogrammethod,evenif storagespacesaving techniqueqe.g. eigenhistogramsare
used.

Anotheradvantageougpropertyof the MNS methodis efficient queryspecification A rectangulaareacontaining
the object(s)of interestis specifiedby the user Oncethe multimodal neighbourhoodsire detected the userscan
selectthoseneighbourhoodshey areindeedinterestedn or even defineneighbourhoodshey do not wish to match
within thesamerectangleIn fact,interactvity in queryselectioncanbeusedfrom theapplicationto learn from users
selectionghusincreasingheaccurag of thesearchlmplementingsuchaninteractive queryspecificatiorframenork
andalearning/trainingschemewill besubjectof our futurework.

8 Conclusions

In this paper we demonstratethe potentialof the Multimodal Neighbourhoodignature(MNS) methodfor image
andvideo retrieval. Typical region-basedjuerieswere constructedrom a selectionof framesfrom a sportsvideo
sequencef the Olympic gamesandretrieval resultswerereported. The algorithmperformedwell andrelevantim-

agesweresuccessfullyretrievedregardlesof backgrounctlutter, partial occlusionand/ornon-rigid deformation.In

particular very small regionswere successfullymatchedik e the small Irish flag on the swimmers cap (Fig. 5(c)).
MNS signaturesverecomputedn real-time(0.1.secjn a SunUltraEnterprise450with quadCPUsat400 MHz and
searctspeedvas600imagematchegpersecond.ln addition,signaturesizewasgenerallysmall (average900 bytes)
which, combinedwith fastsignaturecomputationandretrieval, seemsromisingfor demandingveb-basedetrieval
applications.

Althoughthe MNS methodsupportssearchwith illumination invariantfeaturesanduseof spatialinformationfor
retrieval (e.g.for querylocalisation) thesefeaturesverenottestedn thiswork. Futureimprovementgo thealgorithm
includeintroducinga training/learningstageto efficiently exploit discriminative colour characteristicinherentto the
databaseat handanda multi scaleapproacho compensatéor scalechanges.Finally, we intendto investigatethe
potentialof multimodalneighbourhoodsvith morethantwo modesfor recognitionandretrieval.
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Figure9: (a) British nationalcoloursqueryand(b) top 20 retrievedimages
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