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Abstract

We presenainimageindexing methodbasecbn a hierarchi-
cal descriptionof the densityof eachof the imageclasses
in a givendatabaseThe methodis similar in spirit to tra-
ditionalagglomeratie clusteringproceduresut produces
completemixture density insteadof a representatie point,
at eachnodeof the indexing tree. Estimationof the den-
sity at a given nodeonly requiresknowledgeof the mix-
ture parametersf the childrennodeshottheoriginal data.
Theprocesss very e xible andef cient, thereforesuitedto
problemsinvolving large databasesvhere existing group-
ings may have to be combined,or new groupingscreated,
frequently Experimentakresultsshov thatthe new index-
ing structureconsistentlyoutperformsa linearsearchwhen
both ef ciency and retrieval accurag are taken into ac-
count.

1 Intr oduction

A signi cant amountof work hasbeenrecentlydevotedto
thetopic of imageretrieval in thevision andimageprocess-
ing literatures While substantiaattentionhasbeendevoted
to aspectsuchas nding suitablefeatureq9], robustrepre-
sentationgor visualappearancfl3, 5], appropriatanetrics
of similarity [11], andrelevancefeedbackmechanismg$6],
much smallerprogresshasbeenachiered on the indexing
problem,i.e. the developmentof mechanismshatguaran-
teesub-linearcompleity in the databaseize. In fact, the
assumptiorthata linear searchthroughthe entiredatabase
is acceptablés still commonlyadopted. When indexing
mechanismsre employed, they tendto be standardsolu-
tions from the databaseand text retrieval literatures,e.g.
Itering [4], combinationof scalarindexesvia join opera-
tions[12], ortraditionalclusteringechnique$9, 17]. When
appliedto imagedatathesetechniquegresentariouslim-
itations, such as not scalingwell with the dimensionof
the featurespace,not providing sub-lineargrowth on the
databassize,or notbeingableto accommodatéeaturerep-
resentationstherthanpointson a metricspace.

Even more problematicis the assumptiorthatindexing

must always be driven by visual similarity. We contend
that this is not really the case,sinceindexes can also be
derived from image groupingsdeterminedby other infor-

mationsourcesSomeexamplesare:

text: probablythe mostcommon. Imagescan be la-
beled either manually or automaticallyby analyzing
associatedocumentse.g.webpages.

imageacquisition: mostdigital imaging devices pos-
sesssomesenseof contet, e.g. dateor GPSinforma-
tion, whichis storedin imageheaders.

automatic grouping: can be generatedin multiple
ways. For example,it is relatively easyto segmenta
videostreaminto its componenshots.

Particularlyinterestingarethosescenariosvheregroup-
ings are not obtainedby visual similarity but re ect some
sort of semanticimage catgorization. Using semantic
groupingsto constrainthe visual similarity searchhasvar
iousbene ts. First, retrieval accurag is likely to increase,
sincesemanticsimilarity is usuallywhat usersarelooking
for. Secondevenwhenthereareerrors,if theimagesare
returnedaccordingto the groupingstructuretheresultsap-
pearcoherent.E.qg. if in responsdo a queryfor birds the
systemreturnsall imagesor airplanesfollowed by all im-
agesof birds, the resultsare easierto interpret(“it thinks
thatairplanesarebirds”) thanif imagesof birds, airplanes,
helicoptersanda few otherclassesll appeaiinterspersed.
This coherencéeadsto lessconfusinginteractionfor naive
users. Third, thereis more e xibility for interfacedesign.
For example,a modewhereonly a representatie picture
from eachclassis returned,allowing the userto quickly
zoomin on the classef interestandlimiting subsequent
searcheso those.

Whensuchclassgroupingsexist (or evenif they arede-
rivedfrom imagesimilarity) it makessenseo rely on hier-
archicalindexing mechanisms.The basicideais to group
imagesinto classesand then perform queriesat the class
level insteadof the imagelevel. Oncethe classthat best
explains the query is identi ed, the imagesbelongingto
that classcanbe searchedor the bestmatch. The process



can, of course,be iteratedby groupingclassesnto meta-

classesandsoon. In the extreme,a completetree canbe

built. If thereare imagesand,onaverage, imagesare

groupedinto eachclassa treesearchwill have compleity
insteadof

The main limitation of traditionalhierarchicalindexing
mechanismse.g. hierarchicalclustering,is their inability
to dealwith representationstherthan points. For image
databasethis implies one of two approachessegmenting
eachimageinto smallerregionsthat canbe represente@s
vectorsand indexed individually [9], or compressinghat
image into a global descriptionthat can be stored as a
vector e.g. a color histogram[17, 7]. Both approaches
have signi cant problems:indexing of individual sggments
malkes the problemyet more complicated(becausehere
aremary moreof them)andcreatesseriousdif culties for
gueriesinvolving more than one segment; global descrip-
tions by a singlevectortendto discardtoo muchinforma-
tion andcanhurtretrieval performance.

This paperextendshierarchicaindexing techniquese.qg.
agglomeratie clustering,to functionalimagedescriptors,
namelythecompleteprobabilitydensityfunctionof thefea-
tures extractedfrom eachimage class. This description
combinesthe advantageof the two previous approaches:
on onehanda detailedcharacterizationf local appearance
is still available (throughthe featurevalues),on the other
that characterizationis summarizednto a compactrepre-
sentation(via a probability density). When comparedto
color histogramsthefeaturedensitiesow consideredhave
the additionaladvantageof capturingpropertieslike tex-
ture or local surface curvature, thereforeproviding a sig-
ni cantly moreaccuratémagerepresentatiofiL4].

We adoptthe Gaussianmixture as the density model,
and presentan algorithm for propagatingmixture param-
etersthroughanindexing tree. The algorithmis akinto tra-
ditional agglomeratie clusteringproceduresbut proceeds
by clusteringGaussiansinsteadof points. This leadsto
avery ef cient procedurdor building indexing structures,
sincethe estimationof the parameter®f eachnodeonly
requiresthe manipulationof the parameterf the nodes
immediatelybelow, not the original data. Hence,the pro-
cedureis speciallysuitedfor applicationswherelarge in-
dexing structuresnustbe updatedrequently asis the case
of imagedatabasesThe resultinghierarchicaldensityes-
timatesare shavn to have interestingproperties the most
salientof which is an intrinsic regularizationmechanism
whichguaranteethatgeneralizatiopowerincreaseasone
movesup in the hierarchy In result, hierarchicalsearches
exhibit consistentlybetterperformancehanlinearsearches:
for sparselypopulatedatabasethey aresigni cantly more
accuratefor denselypopulateddatabasethey aresigni -
cantlymoreef cient.
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Figurel: a) Two-level classi cationproblem with fourimages(A to D)
from two classesb) Thecorrespondindpierarchicadecisionstructure.

2 Hierarchical indexing

Given a databasevith mary image classegone classper
imagein the extremecase)anda queryimage,the role of
theretrieval systemis to identify thedatabaselassthatbest
explainsthe query Decisiontheory providesa soundfor-
mulation of the problem,makingit possibleto derive op-
timal decisionfunctions. In particular whenthe goalis to
minimize the probability of retrieval error, the problembe-
comesoneof classi cation,for which varioussolutionsare
available.In this context, hierarchicaindexing is aproblem
of hierarchicatlassi cationwhereclassedn thehigherlev-
els of the hierarchycontainmoreimagesthanthosein the
levels belon. Oncea particularclassi cation architecture
is selectedtheclassi cationprocesss straightforvard: the
decisionrule is rst appliedat the top level, the bestclass
selectedthe decisionrule is re-appliedto its childrenand
soon. Thisis illustratedby Figurel a) wherewe depictan
hypotheticakwo-level hierarchicaklassi cationproblem.

In the gure, the densitiesof four images(A to D) are
representedly circlesandellipses.Theimagesaregrouped
into two classesgepictedas“shaded”vs “non-shaded” As
shavn in Figure 1 b), the problemcan be capturedby a
two-level hierarchicaldecisionstructure.Notice that while
eachcircle is linearly separabldrom the remainingimage
classesvhenviewedin isolation,this propertyis lostwhen
oneconsiderghe whole shadectlass. This illustrateshow
thetop-level classi cationproblemcanbe arbitrarily more
comple thanthe low-level ones. The maingoal of hierar
chicalindexing is to devise a hierarchicalclassi cationar-
chitecturewith 1) performancequialentto, or betterthan,
thatof a at classi erwhile 2) achiering signi cant compu-
tationalsavings.

3. Hierar chical classi ers

Existing hierarchical classi cation architecturescan be
groupedinto two major cateyories: top-davn vs. bottom-
up. Top-dovn architecturestartby designingthe classi er
atthetop level, usingall the availabledata,andthenrecur
sively subdviide eachof thetop classedo createthe lower



levels. They include populartechniqguessuchasdecision-
trees[1], treestructurecquantizerg3], andmixturesof ex-
perts[8], amongothers.Bottom-upprocedurestartfrom a
classi er atthe bottomlevel andrecursvely re-arrangehe
decisionboundariedo obtainthe classi ers at the higher
levels. The mostcommonexampleof suchtechniqueds
the combinationof agglomeratie clusteringwith a nearest
neighborclassi er [2]. Here,eachimageis representeds
apointin somehigh-dimensionaspaceanda setof similar
pointsarecombinedo form a class.A representatie point
is then selectedor the class,e.g. the centroidof its con-
stituentsandthe processterated.For retrieval, thequeryis
comparedo therepresentatie of eachclassandthe closest
oneis selected.

Both top-davn and bottom-up architecturespresent
problemsfor hierarchicalindexing. The main limitation
of top-dawvn proceduress that, in the retrieval context,
classesare rarely de ned at the outset. In fact, both
the databaseand the classeghemseles are continuously
changingthroughtheadditionof eithernew imagesor new
groupinginformation (e.g. keywords). It is thereforecru-
cial to rely on architectureghat can be regularly updated
without an overwhelmingamountof computation. Since,
for top-down architecturesthe designof the classi ersthat
composesachevel of thetreerequiregprocessingtraining
setcontainingall theimagesn thedatabaseheoverall cost
is proportionalto the productof the total numberof feature
vectorsin the databasendthe treedepth. This is usually
too highto allow frequentupdates.

On the other hand, existing bottom-upproceduresare
seldomapplicablewhen 1) imagesare not representeds
pointson avectorspaceor 2) classgroupingsarenotdriven
by visual similarity. The latter problemis illustrated by
Figurel, wherethe“shaded’and“non-shadedtlassesre
contraryto theideaof combininganimagewith its nearest
neighbors. Sinceeachshadedcircle is closerto the non-
shadeckllipsesthanto the other circle, groupingthe two
circlesimplies that the correspondingmagesare grouped
with their “most distantneighbors”. While, given these
groupings,onecouldstill usestandardagglomeratie pro-
cedurego nd classrepresentaties,sucha stratgyy would
be unlikely to work well. In the example,this would imply
representindpoth ellipsesandcirclesby their centroidsand
usingthe meanof thesecentroidsasthe classrepresenta-
tive. In result,the two classrepresentatieswould end up
in theexactsamespot,theleastdesirablesituationfrom the
classi cationpoint of view.

Given the limitations of both top-dovn and standard
bottom-upsolutions thereis a clearneedfor alternatve ar-
chitectures. We next consideran extensionof bottom-up
stratgiesto probabilitydensities.
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Figure2: A two-level mixture hierarchy:onemixtureof four Gaussians
attheclasslevel, threemixturesof threeGaussianat thebottom.

4. Gaussianmixtur e hierarchies

Solvingthe problemof Figurel with Gaussiammixturesis
trivial. Considey for example, the shadedclass. Simply
addingup the Gaussiardensitiesthat characterizeeachof
theimagegqandscalingby 1/2) is enougHho obtainthe mix-
turedensityfor the entireclass.The simplicity of this solu-
tion is, however, an artifact of the lack of overlapbetween
theindividualdensitiesn thisexample.A morerealisticsit-
uationis depictedin Figure2, wherewe have a mixture of
four Gaussianssthe classdensityandthreeimages,each
with density containingonly three Gaussians.In practice
this situationcouldarisefrom occlusion.e.g.anobjectwith
four differentlytexturedparts,only threeof which arevisi-
blein ary givenview.

While simply addingup theindividual Gaussiansvould
still lead (after properre-scaling)to the true classdensity
the resultingrepresentationvould not be computationally
efcient. In fact,onewould endup with atotalof Gaus-
sians(somesharingthe sameparametersinsteadof , and
therewould beno bene t of performinga hierarchicalbver
a linear search. On the contrary the cost of the former
would be greaterthanthat of the latter To obtain Gaus-
siansone needssomesort of clusteringprocedure. The
main dif culty is that, unlike standardclusteringapplica-
tions,thegoalis to clusterGaussiansnot points.

4.1 Hierar chic model

In orderto addresshis problemwe needto introducesome
notation. We denoteby the setof mixture parameters
for the densityof level (level beingthe parentof ),
and by the densityitself. The total numberof



mixturecomponentsitlevel ,  is assumedo beknown?!

1)
where isthe elementof the canonicalbasisof ,
an indicator vector suchthat if andonly if
is a samplefrom the  component, the parameters
of that componentand . Givena

collectionof childrendensitiesat level , themodelfor
thatlevel is obtainedby summingthemandnormalizingthe
sothatthey sumto one. E.g.,in Figure2,

with and

Modelsin two consecutie levels are relatedby a per
mutationmatrix ~ suchthat , and
indicateghat componenbf isisacopy of the
componenbf ,

2)
This conditionis sufcient to guaranteghe consisteng of
thehierarchicarepresentatiosince , whenit holds,

i.e. the entiredensityof the childrenis propagatedo the
parent.In additionto it, we imposea conditionequialent
to samplingwith replacement

®3)

or, equivalently,

(4)

1An assumptionhatalwaysholdsfor thechildrendensitiesbut usually
doesnot for the parent. Determiningautomaticallythe numberof parent
Gaussianss a topic for futurework, but we will latershaw thatthe proce-
durenow proposeds very robustwith respecto incorrectguesses$or this
parameter

i.e. theprobabilitythat isareplicaof doesnot

depencdbn . Since,whenit holds,

is not
. Such

this condition guaranteeghat the densityat level
affectedby reorderingthe componentst level
reorderingonly affectsthe permutatiormatrix

4.2 Propagatingparameters

Given the parameter®f the mixture model at the bottom
of the tree and the numberof mixture componentsn the
remaininglevels, the goalis to infer the parametersf the
mixturesatall thoselevels. Considetevels and and
assumehat is known. It is thereforepossibleto drawv
a sampleof independenbbsenations from
consistingof a sequencef pairs . These
can be groupedinto the sequence , Where
. We next evaluatethe lik elihood of

the sample underthe modelof level

()

From (1), thisis a problemof estimatingthe parametersf
a mixture, that canbe solved by expectation-maximization
(EM). In the E-stepwe computetheassignmenof the  to
the ,

The key quantity to computeis therefore
. Takingits logarithm

(6)
(7)
wherewe have usedthe law of large numbers, is the
cardinality of , and the



expectedvalueof accordingthe  mixture component

of (the one from which the obsenationsin  are
drawn). It canbeshonvn[16] thatfor Gaussiartomponents,
, it leadsto
(8)
where isaGaussianvith mean andcovariance

. TheM-stepconsistof maximizing

9)

subjectto theconstraint . In the Gaussiartaset
leadsto thefollowing parameteupdateg16]

(10)

where (11)

(12)

Note that neither(8) nor (10) to (12) dependexplicitly on
the underlying sample  and can be computeddirectly
from the parametersf . Thealgorithmis thusvery
efcient from a computationastandpoint.

5. Similarity function

Oneimportantissuefor hierarchicalretrieval is the choice
of similarity function, which shouldbe ableto accountfor
partial matches.Givena queryimage,it is unlikely thatit
will exhibit all the variationfound in the classef which
it is amember Hencemetricsthatintegratesomefunction
of the pointwisedistancebetweentwo densitiesover their
entiresupporte.g.correlationor  norms,aredoomedto
beunsuccessful.

A betteralternatve is to evaluatethe likelihood of the
guery image underthe databasedensity For a set

of queryfeaturesanda collectionof databaselen-

sities the retrieval criteria becomegmaximum
likelihood(ML)

(13)

Under ML a good matchcan be achierzed even whenthe
features populateonly afractionof theregion of support
of . Thereis, however one problem: the linear cost
of ML on the cardinality  of the query Computation-
ally moreef cient similarity functionscanbe derivedfrom

thefactthat,for large , ML is equivalentto minimizing
Kullback-Leiblerdivergence(KLD)

(14)

where is the densityof the queryand
the KLD between densities
and . The main dif culty is that the KLD has no
closedform expressionwhen and are mixtures. One
way to circumwent the problem is to use approxima-
tions. We rely on the asymptotidik elihoodapproximation
(ALA) [15]. For a querymixture with
and a databasemixture

with

where

TheALA is equialentto theKLD whenall thecovariances
arezero,i.e. whenthedensitymodelsarevectorquantizers.
In the genericGaussiarmixture casejt hasbeenshavn to
provideagoodapproximatiorio theKLD whenthefeatures
arehigh-dimensiona]15].

6 Experimental evaluation

To evaluatethe ef ciency of hierarchicalindexing we con-
ductedexperimentswith two databasesthe Columbiaob-
jectdatabasandthe Corel databas®f stockphotography
Columbiais a set of imagesof objectseachshotin
different views obtainedby rotating the objectin
in stepsof . For computationakimplicity, we only con-
sidereda subsetof views per object(separatedy ).
This subsetwassplit into two subgroupsa querydatabase
containingthe rst image of eachobjectand a retrieval
databaseontainingthe remaining . In the caseof Corel,
we selected imageclasse$with imageseach.Once
againwe createda query andretrieval databasethis time
by assigningeachimageto the querysetwith a probability

2Arabian horses, “auto racing;, “coasts, “divers anddiving; “En-
glishcountrygardens,” re works; “glaciersandmountains, “Mayanand
Aztecruins; “oil paintings, “owls;” “land of the pyramids; “roses; “ski
scenes$, “religious stainedglass.



6.1 Imagerepresentation

All experimentswverebasedon thefollowing set-up. First,
all imageswerecorvertedfrom the RGB to the YBR color
spaceg10]. We thenextracteda collectionof blocks
from eachimage(with half-blockof overlapin eachdimen-
sion betweenneighboringblocks) and computedthe dis-
cretecosinetransform10] of eachblock. Coefcients from
the spatially co-locatedblocks of the threecolor channels
weretheninterleavedaccordingto the patternYBRYBR...,
leadingto a dimensionalector, of which only the
lower frequeny coefcients were retained. A Gaussian
mixture was tted, by EM, to the sampleextractedfrom
eachimage.To avoid over tting, wereliedona x ednum-
ber(8) of Gaussiansvhichwereconstrainedo have diago-
nal covariance.While someof thesechoicesmay seemar-
bitrary, mosthave a theoreticajusti cation andwerefound
to performwell in practice.See[14] for details.

6.2 Experimental setup

We comparedhreeretrieval stratgjies: linear search(LS),
hierarchicalsearchwith the Gaussianmixture hierarchy
learnedwith the algorithm of section4.2 (HGM), and hi-
erarchicakearchwith all modelslearneddirectly from data
(HData). A two-level hierarchy determinedy the proper
ties of the databaseinderstudy was usedfor both HGM
and HData. For eachclass,the top-level densitywas ob-
tainedby poolingall the individual imagedensitiesin that
class.Hencefor HGM, learningeachmodelof level had
compleity , Where is the averagenumber
of imagesperclassand  the numberof mixture compo-
nentsatlevel . Onthe otherhand,HDatahadcomplexity
where isthenumberof featuresperimage.
Since thetime requiredto learna modelunder
HDatawassigni cantly higherthanthatrequiredoy HGM.
On Columbia, classesconsistedof multiple views of the
sameobject, leadingto Gaussiarmixturesin the top
level, eachhaving childrenmodels.On Corel,all images
fromeachofthe classeenumeratedboreweregrouped
togetherleadingto  top-level modelseachhaving, on av-
erage, children.Noimagedromthequerydatabasgvere
usedfor the constructiorof the hierarchicamodels.

6.3 Computational cost

The dramaticreductionin learning compleity of HGM
over HDatais visible in thetop plot of Figure3, wherewe
shaw learningtimesasafunctionof ~ for Columbig. On
thisdatabasethelearningcostof HGM wasabout  times
smallerthanthatof HData,e.g. secondpermodelfor
theformervs. minutesfor the latter, when

3BecausDatais soexpensve we couldnotevenuseit with thelarger
Coreldatabase.

Figure3: Computationatompleity asafunctionof . Top: Learning
timesfor HGM and HData. Bottom: Ratio of hierarchical/liea search
time for ColumbiaandCorel.

Becauselik e HData,mostof the top-dowvn procedureslis-
cussedn section3 requireprocessinghe original datato
build theclassi ersof eachintermediatdevel, theseresults
provide apowerfulillustrationof theadvantage®f bottom-
up strateyies.

Thecomputationahdvantage®f hierarchicabverlinear
searchareillustratedin the bottomplot of the gure, where
we presentheratio hierarchical/lineaquerytime asafunc-
tion of for both databases.Clearly, the gainscan be
substantiale.g. betweenoneandtwo ordersof magnitude
whenthereare componentén thetop-level mixtures)and
aredeterminedby the structureof the databaseColumbia
has sparselypopulatedclasses( imagesper class)and,
thereforehasa smallerratio betweerthenumberof mixture
modelsin thetwo levels( atthetop per atthe bottom,
against per onCorel). Denselypopulatedclassessuch
asthoseof Corel, have the largestpotentialfor computa-
tional savings provided thatit is possibleto reduce to
the minimum possible.This emphasizethe importanceof
hierarchicaklustering.

6.4. Retrieval accuracy

Theresultsobsened so far arenot surprising,mostly con-
rming that hierarchicalsearchesare more ef cient and
HGM hassmallerlearningtimesthanHData. A morein-
terestingguestionis, how muchlossin retrieval accuray is
associateavith goingfrom alinearto a hierarchicakearch
and from a hierarchicalsearchusing HData to one using



Figure4: Recognitiorrateasafunctionof . Top: Columbia.Bottom:
Corel. In both caseghe rateachieved with LS is shavn asan horizontal
dashedine.

HGM? Intuitively, lossesseeminevitable: how could 1)
learningdensitieshierarchicallybeatlearningthemdirectly
from the data? and 2) a searchamongclassmodelsbeat
an exhaustve searchamongall image models? Contrary
to this intuition, the resultsin Figure 4 show that, given
enoughmixture componentso achiese reasonable@ensity
estimatesthe retrieval performanceof HGM is indeedsu-
perior to that of HData andequalor superiorto thatof LS.

In fact, the resultson Columbiashawv thattheimprove-
mentscanbe quite signi cant: while 1) LS only achieves
accurag, and 2) HData achieves but can also
performvery poorly, HGM achieves andshows great
robustnesgo variationsin the numberof mixture compo-
nentsatthetop level. On Corel,LS andHGM have similar
accurag. Theseresultsindicatethat, in termsof retrieval
accurag, HGM will 1) actuallybeatthe otherapproaches
whenclassesresparselypopulatedand?2) achieve equi-
alentperformancavhenthey aredenselypopulated.

The ability to betterhandlesparselypopulatedclasses,
suggestshat HGM generalizesnuch betterthan the two
othertechniquesTo understandhe advantagesverLS we
returnto Figure2. Supposehatoneof theimagesg.g.im-
age , is usedasaquerywhile theothertwo arestoredn the
databaseSincethe queryonly has Gaussiangn common
with eachof thedatabas@énagesthereis alwaysoneGaus-
sian that cannotbe explained. None of the two database
imagesis thereforea very good matchandthe probability
thatsomeimagefrom anotherclasswill beconsidereanore

similar to the queryis not negligible. On the otherhand,
evenif learnedonly from two of the images,the top-level
modelwill containall four Gaussiangalbeit not correctly
weighted)andwill provide a similarity scorethatis signi -
cantlyharderto beaf.

To understandhegainsof HGM over HDatawe go back
to (9). Noticethatthe covarianceof the Gaussiarat level
is aweightedsumof the covariancesandscatterof its chil-
drendensities.This impliesthatthe variancef eachpar
entarelower-boundedby the correspondinghildrenvari-
ancesand, therefore,variancescan never decreasasone
moves up the hierarchy This regularizationmakes esti-
mateshigher up in the hierarchymuch more robust than
thoseatthebottom. Sinceno suchregularizationis in place
for HData, someof the Gaussiandend to specializeon
small clustersof non-typicalpointsleadingto over- tting.
Notice,in thetopplot of Figure4, how performancejuickly
decaysafterthe“optimal” numberof componentandcon-
trastit with thatof HGM which is very robustto variations
of

Furtherevidencethat HGM provides good generaliza-
tion is presentedn Figure 5, which depictsfour queries
atthe classlevel. In eachcase the queryimageis shavn
in the top left, andrepresentatie imagesfrom eachof the
top classesarethenshown in rasterscanorder. Thesetop
classegendto be objectsthatarevisually similar to thatin
thequery

Overall, the experimentalresultsshov thatHGM is the
superiormethod, amongthe three evaluated,when both
computationalef ciency and retrieval accurag are taken
into account. For sparsedatabasesiiGM provides some
computationabkavings andsigni cant improvementsn re-
trieval accurag. For densedatabasesaccurag is equi-
alentto that of LS but the computationakavings become
very signi cant.
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