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Abstract

Themultimodalneighbourhoodsignature(MNS) algorithmrepresentslocalobjectappearanceby stablecolour-based
invariantsefficiently computedfrom imageneighbourhoodswith multimodalcolour densityfunction. Local fea-
tureextractionfacilitatesregion-basedinteractive queryspecificationandcomputationof illumination invariantfea-
tures.Themethodallows for fastsignaturematchingandsupportsretrieval of objectscoveringonly a fractionof the
databaseimage.MNS signaturesaregenerallycompactandstoragerequirementsaretypically a few hundredbytes
perimage.

In this paper, theproposedalgorithmis testedon a challengingregion-basedimageretrieval task,searchingfor
objectsin a sportsvideo sequence.Imageregionsdepictingobjectsof typical interestin a sportsimagedatabase
aredelineatedby the usersandusedasqueries. Acceptableretrieval resultsarepresentedfor a numberof exper-
iments. Relevant imageswere retrieved regardlessof backgroundclutter dominatingthe scene,partial occlusion
and/ornon-rigid objectdeformation. Finally, the suitability of the approachis investigatedin the context of web-
basedapplicationswhereefficient signaturecreation,goodmatchingspeedandminimal storagerequirementsare
required.

1 Intr oduction

In the pastfew years,researchin colour-basedimageandvideo retrieval haspresentedacceptableresultsandcom-
mercialsystemshavealreadybeenpublishedin variousapplicationdomainswhichrequireretrieval of imagesfrom an
imagecollection(see [20] for a survey). Very often,applicationsrequireretrieval of imageswherethequeryobject
or region cover only a fractionalpart of the databaseimage,a taskessentiallyidentical to appearance-basedobject
recognitionwith unconstrainedbackground.Retrieval andrecognitionbasedon objectappearancemusttake into ac-
countthe factorsthat influencethe formationof colour images.Recordedcoloursdependon theviewing geometry,
theillumination conditions,thesensorspectralsensitivities andtheobject’s surfacereflectances.In particular, illumi-
nationcolour, intensityaswell asview point andbackgroundmay changein many applications.Othernot so well
modelledor not readilymeasuredeffectslike mutualillumination andindividual cameracharacteristics(e.g. gamma
correctionsettings)also result in variationsof objectappearance.Moreover, partial occlusionanddeformationof
non-rigidobjectsmustalsobe taken into consideration.Consequently, invarianceor at leastrobustnessto theabove
diversefactorsis highly desirable.

The proposedMultimodal NeighbourhoodSignaturealgorithm[11] representslocal colour structureby illumi-
nation invariant featurescomputedfrom imageneighbourhoodswith multimodalcolour densityfunction. Flexible
signaturesareconstructedfrom neighbourhoodmodesefficiently locatedwith themeanshift algorithm[4]. A number
of illumination invariantfeaturescanbe computedfrom a signaturedependingon the illumination conditionsin the
applicationenvironment.Objectappearanceis 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 strategy. In addition,dueto local processingof the
data,region-basedqueryspecificationandretrieval is facilitated.

In thework reportedin this paper, we testthe suitability of theMNS algorithmto retrieve imagesfrom a sports
videosequence.Thetaskis challengingsinceimagescontainedin thesequencewereshotunderarbitraryconditions,
indoorsandoutdoors.In addition,region-basedqueriesaremoredifficult to resolvethanfull image-basedretrieval. A
numberof typical queriesarechosene.g. to retrieve framescontainingpresentationlegendsor thoseframesrelevant
to British eventsandathletes.In mostcases,theobjectsof interestcoverpartof thedatabaseimages.Retrieval results
show theability of theMNS methodto performwell in thisreal-world task.Relevantimageswereretrievedregardless
of objectsize,deformationof non-rigidobjectsandsignificantbackgroundclutter.

Theefficiency of theproposedmethodfor imageretrieval is alsodiscussedin termsof its storagerequirements,
signaturecreationtime andmatchingspeed.In imageretrieval, speedis a very importantperformancecharacteristic
andany methodaspiringto challengethedominanceof thehistogram-basedapproachesmusthave comparablerun-
time. Especiallyfor web-basedapplications,wherea comparatively large numberof imagesignaturesneedto be
computedon-line,efficiency is highly desired.In addition,retrieval from largeimagedatabasesor videosequences,as
well asobjectrecognitionin real time, requirevery fastsignaturematchingandlow storagerequirements.TheMNS
methodis competitive in bothproperties[13].

In thenext section,anumberof colour-basedretrievalmethodsis briefly reviewedandcontrastedwith theproposed
method. An outline of the computationof a MNS signatureincluding detailsaboutmodality estimationis given
in section3. The MNS signaturematchingtechniqueis discussedin section4. Section5 presentsdetailsof the
experimentalsetupandthe resultsobtainedarepresentedin section6. The efficiency of the methodin termsof its
speedandstoragerequirementsarereportedin section7 andsection8 concludesthepaper.

2 RelatedWork

Most currentcolour-basedretrieval systemsutilise variousversionsof thecolourhistogram[22, 9] which hasproven
usefulfor describingthecolourcontentof thewholeimage.Histogramsrecordareas(or relativeareasif normalised)
andhave no problemsdiscriminatingbetweenobjectswith almostidenticalcoloursbut with differentsizesof colour
region. For somesyntheticdatabasesthis propertyis beneficial,sincemostobjectsundergoonly rotationsandtrans-
lationsandhaveapproximatelythesamescale.In thepresenceof occlusion,objectdeformationor generalview point
change(e.g. asin thedatabaseusedin this work) relianceon a non-invariantand/orglobalpropertylike areaor rel-
ative areawill negatively affect performance.Moreover, histogramsarenot invariantto varyingillumination andnot
generallyrobust to backgroundchanges.Applying colourconstancy methodsto achieve illumination invariancefor
histogrammethodsis possiblebut colourconstancy itself posesanumberof challengingproblems[5].

Asanalternativeto histograms,amoreflexiblesignaturerepresentationandmatchingof globalcolourdistributions
wasproposedby Rubneret al.[19]. Coloursignatureswerecomputedfrom theglobalcolourhistogramof an image
andthe area(mass)correspondingto mostfrequentcolourswererecordedin the signature.In contrast,multimodal
neighbourhoodsignaturesconsistof measurementsoriginatingfrom local distributionsandarea(or relative area)is
not taken into accountneitherfor representationnor for signaturematching.Othermethodshave alsobeenusedto
retrievesceneswith similarappearancee.g.usingwavelets[10] andmomentsof theimagecolourdistribution [8, 15].
Finally, graphrepresentationsof colour content(like the colour adjacency graph[12] andits extensionto a hybrid
graph[18]) haveprovidedgoodrecognitionfor sceneswith fairly simplecolourstructure.

To retrieve imagesbasedon objectpropertiesratherthanimageinformation,localisedinvariantfeaturescanbeen
computedin orderto gain robustnessto backgroundchanges,partialocclusionandvarying illumination conditions.
Histogramsof local invariantscomputedfrom pairsof neighbouringpixelsfor everyimagepixel [6] or acrossdetected
edges[7] havebeenproposed.However, bothmethodsarelimited dueto theglobalnatureof thehistogramrepresen-
tation. Localisedinvariantfeatureshave beenextractedfrom nearbypixelsacrossboundariesof segmentedregions
for objectrecognitionandretrieval [17, 16, 21, 14]. However, reliableimagesegmentationis arguablya notoriously
difficult task[20, 16]. As analternative to segmentation,the imageis coveredby compactregionsfrom wherelocal
colour featuresarecomputed.For example,in theFOCUSsystem[3] a graphof themodesof the local colourden-
sity functionwasconstructedfrom every imageblock. Both MNS andtheFOCUSapproachcomputefeaturesfrom
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modesof local colourdistributionsover imageneighbourhoods,however, not only extractingfeaturesfrom every im-
ageneighbourhoodis inefficient,but alsothefeaturesusedin FOCUSdo not accountfor illumination colourchange.
In addition,useof graphmatchingfor imageretrieval hasoftenbeencriticiseddueto its relatively high complexity.

3 Computing the MNS Signature

Theimageplaneis coveredby asetof overlappingsmallcompactregions.In thecurrentimplementation,rectangular
neighbourhoodswith dimensions

����	�
���
��
werechosen.Compactregionsof arbitraryshape- or evennon-contiguous

compactsetsof pixels- couldhavebeenused.Rectangularneighbourhoodswereselectedsincethey facilitatesimple
and fast processingof the data. To avoid aliasingeachrectangleis perturbedwith a displacementwith uniform
distribution in the range � � 
�� 	���� ��
 � � 
�� 
���� � . To improve coverageof an image(or imageregion), more thanone
randomisedgridscanbeused,slightly perturbedfrom eachother.

For every neighbourhooddefinedby suchrandomisedgrids, the modesof the colour distribution arecomputed
with themeanshift algorithmdescribedbelow. Modeswith relatively smallsupportarediscardedasthey usuallyrep-
resentnoisyinformation.Theneighbourhoodsarethencategorisedaccordingto theirmodalityasunimodal,bimodal,
trimodaletc.

For the computationof the colour signatureonly multimodalneighbourhoodsareconsidered.For every pair of
modecolours��� and ��� in eachneighbourhood,weconstructavector ��� � ��� 
 � � � in a joint 6-dimensionaldomain
denoted!#"%$'& . In orderto createanefficient imagedescriptor, we clusterthecomputedcolourpairsin the !#"%$(&
spaceanda representativevectorfor eachclusteris stored.Thecoloursignaturewe proposeconsistsof themodesof
thedistribution in the !#"%$(& space.For theclustering,themeanshift algorithmis appliedoncemoreto establishthe
localmaxima.Thecomputedsignatureconsistsof anumberof !#"%$(& vectorsdependingon thecolourcomplexity of
thescene.Theresultingstructureis, generally, veryconciseandflexible.

Notethatfor thecomputationof thesignatureno assumptionaboutthecolourchangemodelwasneeded.Thepa-
rameterscontrollingmodeseeking,thatis thekernelwidth andtheneighbourhoodsizearedependenton thedatabase
images;the formerbeingrelatedto theamountof filtering (smoothing)associatedwith themeanshift andthe latter
dependingon the scaleof the scene.A multiscaleextensionof the algorithm, thoughrelatively straightforward to
implement(e.g.by applyingtheMNS computationto animagepyramid),hasnotyet beentested.

(a) original image (b) sampleneighbourhood
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Figure1: Modedetectionfor amultimodalneighbourhoodusingthemeanshift algorithm
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3.1 Computing NeighbourhoodModality Using the Mean Shift Algorithm

To establishthe locationof a modeof the colour densityfunction the meanshift algorithmis appliedin the RGB
domain.Thegeneralkernel-basedestimateof atruemultivariatedensityfunction )+*-,.0/ atapoint ,.21 in a 3 -dimensional
dataspaceis givenby4)+*-,. 1 /65 78:90; <= > ?A@:B C ,.

>�D ,. 19 E (1)

where ,. >GFIH 5 7KJLJ 8 arethesampledatapointsand B is thekernelfunctionwith kernelwidth 9 . In this work, we are
not interestedin thevalueof thedensityfunctionat thepoint ,. 1 but ratherin the locationof its maximain thedata
space.A simpleandefficient algorithmfor locatingthemaximumdensitypointswasproposedby Fukunaga[4] for
thecasewhenthekernelfunctionin Eq.1 is theEpanechnikov kernel

B�M *�,.0/N5PO @QSR�T @; *U3WVYX / * 7
D ,.[Z ,.0/ if ,.0Z ,.]\ 7^

otherwise
(2)

where R ; is thevolumeof theunit d-dimensionalsphereand ,. arethedatapoints. Thekernelhasbeenshown to be
robustto outliersandoptimumin thesenseof having minimumintegratedsquareerror[1].

The mechanismof the meanshift algorithmconsistsof iteratively shifting the kernel to the averageof the data
pointswithin by themeandifferencevector_a` *�,.b/c5d786ef =efhgjiSkKl�m efhn *�,. >oD ,.b/65 9 Q3WVYX 4p )+*�,.b/4)+*�,.b/ (3)

where 8 ef is thenumberof datapointsinsidethehypersphereq of radius 9 centredat ,. . Equation3 is anestimateof
thenormalisedgradientof thedensityfunction )+*�,.b/ in the 3 -dimensionalspace.As shown in [4], translationof the
kernelcentretowardsthedirectionof themeandifferencevectoris equivalentto a gradientascentto the local mode
of thedistribution. Convergenceto theclosestmodeis guaranteed[2]. An exampleof theprocessis givenin Fig. 1
for a multimodalneighbourhoodwith two prominentmodes(shown on the diagramtogetherwith the convergence
trajectories).

Dueto thenon-linearityof thekernel,thefiltering preservesdiscontinuities,detailsandretainslocal imagestruc-
ture. This is particularly importantfor imagescontainingsmall objectsandfine colour texture. The speedof the
algorithmwastestedexperimentally, andconvergencewasvery fast(typically 4-5 iterationsfor complex data).Due
to its advantageouspropertiesthe meanshift algorithm hasbeenusedin the pastfor imagesegmentation[2] and
facetracking. For theMNS method,a computationallysimplealgorithmwasimplemented(see[13] for anefficient
implementation).

4 Matching MNS signatures

A simplesignaturematchingtechniquewasappliedto computethedissimilaritybetweentwo MNS imagesignatures.
Thealgorithmattemptsto find a matchfor all queryfeaturesassumingthat the querysignaturecontainsonly infor-
mationabouttheobjectof interest.Thisassumptionis realistic,sincein imageretrieval applications,thequeryregion
is delineatedby theuser. Sometimesthefull imageis theobjectof interestandits MNS descriptionis anappropriate
model. However, if only partof the imageis coveredby theobjectof interestandthefull imagedescriptoris stored
asa query, a lossin retrieval performanceis likely. On the otherhand,databaseimagesmay originatefrom scenes
containingthe queryobjectonly asa fraction of the picture. The matchingprocedureis thereforeasymmetric.A
mismatchof a queryfeatureis penalisedwhereasa mismatchof a databaseimagefeatureis not. In otherwords,the
matchingalgorithmattemptsto interpretthequerysignatureasa distortedsubsetof thedatabaseimagesignature.

Let r 5 7KJLJ 8 and s 5 7KJLJ t be the indicesof the query and test features(of the databaseimagesignature)
respectively. We definea matchassociationfunction uv* H /%w r�x ^Ny s F�HWz r , mappingeachqueryfeature

H
to the

testfeatureit matchedor to 0 if it did notmatch.Similarly, a testassociationfunction {b*}| /Iw s~x ^Ny r F | z s , maps
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a databasefeatureto a queryfeatureor to 0 in caseof no match.A singlethreshold�o� definesthemaximumallowed
distancebetweentwo matchingfeatures.Thematchingproblem,i.e theproblemof uniquelyassociatingeachfeature��������+���K�L� � of thequerysignaturewith a testfeature����I�������S�}� � andthecomputationof a matchscoreis resolved
in thefollowing 4 steps:

1. Set �v� ������� and �b� ���c����� ����� . Fromeachsignature� computetheinvariantfeatures¡ ��¢� ¡ ��
accordingto thecolourchangemodeldictatedby theapplication.

2. Computeall pairwisedistances£ �¤� � £[��¡ �� � ¡ �� � betweenthequeryandtestfeatures.

3. Set �+� �¥�6�¦�K� �0� ���6�§� if £ �¤�©¨ £�ª�« and £ �¤�©¨ ��� �%¬b�G­ with �v� ¬��6��� and �0� ­U�c�¢� .
4. Computesignaturedissimilarityas® � � � � � � �6� ¯°²± �´³ µ ° �L¶G·¸�¹ ¶ £ �¤�»º ¯°²± �´³ µ ° �L¶ ¸�¹ ¶ �o� (4)

Computingoverall imagesimilarity, the quality of the queryfeaturesthatmatchedis taken into accountandthe
scoreis penalisedfor any unmatchedqueryfeatures.Notethatfeaturesareallowedto matchonly once.In general,the
morequeryfeaturesmatched,thelower the

® � ��� � ��� � valueandthemoresimilar thecomparedimages.An efficient
implementationof thematchingalgorithmis describedin [13].

5 Experimental Setup

We testedthesuitability of multimodalneighbourhoodsignaturemethodfor region-basedimageretrieval usinga 30
minutevideosequenceof aBBC summaryof theAtlantaOlympicgames(1996).In total,145frameswererandomly
chosenfrom thesequenceyieldingadatabaseof verydifferentimages,takenbothindoorsandoutdoors.Objectpose,
scaleaswell asillumination werearbitrary(Fig. 2). No imagewasremovedfrom theoriginal selectionandno image
preprocessingwasapplied.Thesizeof eachframewas �´¼K¼�½���¾�¿ pixels.

The objective wasto testretrieval on typical queriesrelevant to a sportssequence.For example,onecould ask
for framescontainingimagesof British athletes(thussearchingfor British nationalcolours)or for framesintroducing
individual athletesor announcingevents/resultswith an overlayedcomputergeneratedlegend. In order to evaluate
performance,setsof targetimagesweremanuallyselectedfrom theoriginalvideosequenceandaddedto thedatabase.
Framesfor eachtargetsetwerechosensothat they all containedobjectswith colourstructuresimilar to theintended
queries.Theexperimentalsetupwasidenticalfor all queries.The total numberof thedatabaseimagesafteradding
thetargetimageswas235.

Objectscontainingthe soughtcoloursin the target imageswereoftenoccluded,non-rigidly deformedand/orof
varioussizeslike objectswith theIrish nationalcolourstructurein Fig. 3. Sometimes,theframesweretakenat shot
transitionswherevideoeditingeffectswereapparent.Finally, illumination conditionschangeddramaticallybetween
someof theframesresultingin significantlydifferentrecordedcolours.For examplecomparethequeryimageimage
Fig. 4 with imageFig. 3(c) taken in theeveningundervery differentlight. For eachexperiment,thequeryimage

Figure2: Sampleimagesfrom theBBC videosummaryof the1996Olympics
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(a) (b) (c) (d)

Figure3: Sampletarget imagesdemonstratingpossiblecasesof: (a) backgroundclutter, (b) non-rigid deformation,
(c) illumination changeand(d) objectsize

wasa rectangularfractionof a databaseimagedelineatedby theuser. For instance,a fractionof anIrish flag (Fig. 4)
wasusedto retrieve imageswith similar colours.

Theparametersinvolvedin thecomputationof thesignatureandmatchingwerenot especiallytunedfor thetask.
Currentimplementationof theMNS algorithmusesonly bimodalneighbourhoodsfor retrieval althoughincorporating
informationfrom neighbourhoodswith morethan2 modesis straightforward(e.g. by consideringpairsof modes).
Colourobjectrecognitionresultsreportedin [13] wereobtainedwith identicalMNS settings.

The MNS matchingalgorithm was implementedin C++ and testedon a SUN Ultra Enterprise450 with quad
400MHz UltraSPARC-II CPUs. Signaturesfor both the databaseimagesandthe querywerecomputedin real-time
(0.1sec).Two consecutivesearcheswith a randomisedgrid wereperformedwith thesameneighbourhoodsize( À©Á�À
pixels).For themeanshift algorithm,afixedkernelwidth of 25unitswasusedfor thedetectionin theRGBspaceand
20 for thejoint 6D space.Modeswith coveragelessthan10%of theneighbourhoodwereconsiderednoiseandwere
ignored.Low intensitymodes(lessthan5 percentof theluminancescale)werealsonot takeninto accountto improve
stability especiallyin the caseof relative colour featurematching. Although relative colour features(ratios) from
pixelswith saturatedcolourscannotnot beexpectedto bestableunderillumination SPDchange,we did not remove
saturatedcoloursfor the reportedexperiments.The matchingthresholdwasalsofixed andwasdependentonly on
thenatureof thefeaturesused.For example,for Â#Ã%Ä(Å featurematching,matchingthresholdwasfixedto 100using
theL1 metric for measuringdistancein the6-dimensionalspace.No sub-samplingor smoothingwasappliedbefore
signaturecomputation.All internalparameters(meanshift kernelwidth, neighbourhoodsizeetc.) weresetto default
values,thatis, they werenot tunedfor this imagedatabase.

Figure4: Queryselectionandrepresentativemultimodalneighbourhoods
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(a)stripeson jumper (b) deformedflag in crowd (c) smallflagoncap

Figure5: Neighbourhoodsthatmatchedwith theIrish flagquery

6 Results

All databaseimageswerematchedto eachqueryimageandsortedby decreasingsimilarity (increasingdissimilarity)
to thequery. For all reportedexperiments,resultsaredisplayedasthesetof 20 imageswith top ranks.Therankorder
increasesfrom left to right andfrom top to bottom.Therefore,theimageat theupperleft handcornerof thepictureis
ranked1 andtheoneat bottomright is ranked20. Performancewasevaluatedqualitatively accordingto thenumber
of relevantimagesthatwereretrievedin thetop20ranksof theretrievedlist. Theretrieval algorithmwasbasedonthe
implementationdescribedin [13]). A singlesignaturematchscorewascomputedin approximately1.5 milliseconds
on averagei.e. theretrieval proceededat approximately600matches/sec.

British events. At first, we searchedthedatabasefor imagescontainingtheBritish nationalcolours. Thequery
waspart of a British flag from onedatabaseframe. Resultsare shown in Fig. 9 togetherwith the selectedquery
region. 14 imagesin the top 20 rankswererelevant to British events. The onesthatwereirrelevant,still contained
combinationsof thewantedcolourstructurebut in differentspatialarrangement.

Irish events. The next experiment,was identicalto the onedescribedin [11] only with a larger database.The
objective wasto retrieve framesrelatedto Irish eventsor athletes.The queryusedis shown in Fig. 4. 6 out of 20
imageswereindeedrelevant to Irish events. Another6 relevant imageswerehighly ranked in thefirst 50 positions.
Only oneimage(Fig. 3(c)) waspoorly ranked (113) becauseof significantillumination SPDchange.The result is
slightly worsethantheonepreviously reportedsincemoreimageswith similar coloursareaddedin thedatabasethis
time.

Inf ormation legends. Anotherexperimentwasconductedsearchingfor framesintroducingathletesor displaying
resultsandevents.For this video,all theseframescontainedan informationalstrip with essentiallyidenticalcolours
for all images.At thesametime, this experimentdemonstratesMNS performancefor syntheticobjectslike computer
graphicswhich do not typically adhereto therulesof naturalimageformationprocess.18 imagesin thetop 20 ranks
containedthe objectof interestandclearly the rest includedsimilarly colouredparts. The retrieved imagesandthe
queryregioncanbefoundin 7.

Commentary breaks. Apart from sportevent coverage,the video sequenceof the Olympic gamescontained
partsof daily studio breakswherethe eventsof eachday were summarised.A searchwas performedfor frames
belongingto suchsummarystudiosessions.All wantedframeshadthesamebackgroundcoloursandno significant
illumination changewasassumed.However, the cameraposition,the displayedday andthe speaker werechanging
betweensessions.7 relevant imageswereamongthe first 20 (Fig 8). A whole frame(thebestmatchedimage)was
usedasthequery. Like before,mostirrelevantimagesin thetop 20 setcontainedsimilar colours(in this caseBritish
nationalcolours)in differentspatialconfiguration.
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Figure6: Distributionof file sizesof the235imagesof theOlympicdatabase

Applying theMNS methodfor imageretrieval generallygivesacceptableresults.Amongthetop rankedimages
areframesthatcontainvery differentinstancesof thequerycolourstructureevenasa small fractionof thedatabase
frame(seeFig 5 for someexamples).A numberof theframesthatwererankedpoorly, althoughthey containedthe
objectof interest,wereimagesshotundervery differentillumination thanthatof thequeryimage.TheMNS method
hasalreadyusedillumination invariantfeaturesfor retrieval [11]. However, experimentsin this work wereperformed
usingonly raw RGB valuesassumingthat theillumination conditionswereapproximatelyconstantfor all thescenes
in the database.Despitethis strict assumption,the MNS methodsuccessfullyretrieved a large numberof relevant
images.

7 Efficiency Considerations

Apartfrom signaturecreationandmatchingspeed,averyimportantparameterof aretrieval systemis thespaceneeded
to representa singleimage. For many applications(especiallythoseretrieving imagesfrom the World Wide Web),
the numberof imagesthat will potentiallybe indexed is huge. The sizeof the signaturedeterminesthe numberof
imagedescriptorsthatcanbestoredonalocaldiskby theretrieval system.A web-basedsearchcanthusbeperformed
locally andonly imagessimilar to thequeryneedto bedownloaded.TheMNS methodstorespairsof Æ#Ç%È values
originatingfrom multimodalneighbourhoodsregardlessof the representationusedin matching. Sinceeachcolour
componentis storedas4 byte floating point number(the mode Æ#Ç%È valuesarecomputedasaveragesandarenot
integers),theMNS signaturefile sizeis givenbyÉ�ÊÌË¢ÍÏÎ~Ð�ÎÒÑ�ÎÒÓ'Ë¢Ð�ÓKÍ

(5)

wheren is thenumberof pairsof modevaluesin thesignatureandthenumericalvaluescorrespondto thenumberof
modesper Æ#Ç%È'Ô vector(2), thenumberof colourcomponents(3),andthenumberof bytesusedfor therepresentation
of afloatingpoint value(4). Thesizeof thesignaturecanbereducedby asignificantfactorif storedusingfixedpoint
arithmetic. The rangeof modevaluesis Õ Ö2×}× ÐKØSØ�Ù andit is unlikely thatmorethana few bits after the decimalpoint
aresignificant. Therefore,even 8, 10 or 12 bits per colour component,correspondingto 0, 2 and4 binary digits
after thedecimalpoint maybeconsidered.Thedistribution of signaturesizes(Fig. 6) of the imagesof theOlympic
databaseshowedthat65%of signaturesweresmallerthan1Kbyte; theaveragesizewas900bytes(usingfixedpoint
arithmetic). For imageswith most complicatedcolour structuresignaturesizedid not exceed2.5 Kb. Therefore,

Challengeof ImageRetrieval, Brighton,2000 8
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(a) (b)

Figure7: (a) Informationlegendqueryimageand(b) top 20 retrievedimages

storingMNS signaturesof millions of imagesis non-prohibitive. The storagerequirementof the MNS is certainly
competitive with the colour histogrammethod,even if storagespacesaving techniques(e.g. eigenhistograms)are
used.

Anotheradvantageouspropertyof theMNS methodis efficientqueryspecification.A rectangularareacontaining
the object(s)of interestis specifiedby the user. Oncethe multimodalneighbourhoodsaredetected,the userscan
selectthoseneighbourhoodsthey areindeedinterestedin or evendefineneighbourhoodsthey do not wish to match
within thesamerectangle.In fact,interactivity in queryselectioncanbeusedfrom theapplicationto learn from user’s
selectionsthusincreasingtheaccuracy of thesearch.Implementingsuchaninteractivequeryspecificationframework
anda learning/trainingschemewill besubjectof our futurework.

8 Conclusions

In this paper, we demonstratedthe potentialof the Multimodal NeighbourhoodSignature(MNS) methodfor image
andvideo retrieval. Typical region-basedquerieswereconstructedfrom a selectionof framesfrom a sportsvideo
sequenceof the Olympic gamesandretrieval resultswerereported.The algorithmperformedwell andrelevant im-
agesweresuccessfullyretrievedregardlessof backgroundclutter, partialocclusionand/ornon-rigiddeformation.In
particular, very small regionsweresuccessfullymatchedlike the small Irish flag on the swimmer’s cap(Fig. 5(c)).
MNS signatureswerecomputedin real-time(0.1.sec)on a SunUltraEnterprise450with quadCPUsat400MHz and
searchspeedwas600imagematchespersecond.In addition,signaturesizewasgenerallysmall (average900bytes)
which, combinedwith fastsignaturecomputationandretrieval, seemspromisingfor demandingweb-basedretrieval
applications.

AlthoughtheMNS methodsupportssearchwith illumination invariantfeaturesanduseof spatialinformationfor
retrieval (e.g.for querylocalisation),thesefeatureswerenottestedin thiswork. Futureimprovementsto thealgorithm
includeintroducinga training/learningstageto efficiently exploit discriminativecolourcharacteristicsinherentto the
databaseat handanda multi scaleapproachto compensatefor scalechanges.Finally, we intendto investigatethe
potentialof multimodalneighbourhoodswith morethantwo modesfor recognitionandretrieval.
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Figure8: (a)Thestudiobreakqueryand(b) top 20 retrievedimages

(a) (b)

Figure9: (a)British nationalcoloursqueryand(b) top 20 retrievedimages
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