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Abstract

Priority-driven search is an algorithm for retrieving similar shapesfrom a large databaseof 3D objects.Given
a queryobjectanda databaseof target objects,all representedby setsof local 3D shapefeatures,thealgorithm
producesa ranked list of the c best target objectssortedby how well any subsetof k features on the query
match featureson the target object.To achieve this goal, thesystemmaintainsa priority queueof potentialsets
of feature correspondences(partial matches)sortedby a costfunctionaccountingfor both feature dissimilarity
and the geometricdeformation.Only partial matchesthat can possiblylead to the bestfull match are popped
off the queue, and thus the systemis able to �nd a provably optimal match while investigatingonly a small
subsetof potentialmatches.New methodsbasedonfeaturedistinction,featurecorrespondencesat multiplescales,
and feature differencerankingfurther improve search time and retrieval performance. In experimentswith the
PrincetonShapeBenchmark,thealgorithmprovidessigni�cantly betterclassi�cationratesthanpreviouslytested
shapematchingmethodswhile returningthebestmatchesin a few secondsperquery.

1. Intr oduction

Large databasesof 3D modelsare becomingavailable in
a numberof disciplines,including computergraphics,me-
chanicalCAD, molecularbiology, andmedicine.As these
databasesgrow, shape-basedsimilarity searchis emerging
asavaluabletool for analysisanddiscovery.

Thegoalof ourwork is to developeffectivemethodsto re-
trieve from adatabasearankedlist of 3D modelsmostsimi-
lar in shapeto a3D modelprovidedasaquery. Thisproblem
is dif�cult becauseobjectsof thesametypemaynothaveex-
actly thesamesetsof parts(e.g.,somechairshavearmsand
othersdon't), and somepartsthat distinguishobject types
may be relatively small (e.g., the earsof a bunny). Shape
representationsthataccountonly for globalshapeproperties
donotperformwell atrecognizingshapesin thesesituations.

A commonmethodfor addressingthis problemis to rep-
resentevery object by a set of local shapefeaturescen-
teredon pointssampledfrom the object's surfaceandthen
to computea similarity metric for every pair of objects
basedon a cost function measuringthe quality of matches
in the optimally aligned set of feature correspondences
(e.g.,[BMP01,CJ96,JH99]). This approachis attractive be-
causeit is robustto shapevariationswithin a class– aslong
as a few key shapefeaturesmatch, then the objectswill

match.Thechallengeis that thenumberof possiblefeature
correspondencesetsgrows exponentiallywith the set size
– naively checkingall possiblesetsof k featurecorrespon-
dencesamongn featureson two objectstakesO(nk) oper-
ations.In practice,searchingthe spaceof potentialfeature
correspondencesfor a singlepair of surfacescantake sev-
eralsecondsor minutes,andusingthesemethodsto �nd the
bestmatchesin a largedatabaseis impractical.

In thispaper, we introduceapriority-drivenalgorithmfor
searchingall objectsin a databaseat once.The algorithm
is given a queryobjectanda databaseof target objects,all
representedby setsof local shapefeatures,andits goalis to
producearankedlist of thebesttargetobjectssortedby how
well any subsetof k featureson the query matchfeatures
on the targetobject.To achieve this goal, thesystemmain-
tainsa priority queueof potentialsetsof featurecorrespon-
dences(partial matches)sortedby a costfunction account-
ing for bothfeaturedissimilarityandgeometricdeformation.
Initially, all pairwisecorrespondencesbetweenthe features
of the queryandfeaturesof target objectsare loadedonto
thepriority queue.Then,ateverystep,thebestpartialmatch
m is poppedoff thepriority queue,new partialmatchesare
createdby extendingm to includecompatiblefeaturecor-
respondences,and thosenew partial matchesare addedto
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thepriority queue.This processis iterateduntil thedesired
numberof full matcheswith k featurecorrespondenceshave
beenpoppedoff thepriority queue.

The advantageof this approachis that the algorithm
provably �nds the optimal set of matchesover the entire
databasewhile investigating only a small subsetof the po-
tentialmatches.Likeany priority-drivenbacktrackingsearch
(e.g.,Dijkstra's shortestpathalgorithm),thealgorithmcon-
sidersonly thepartialmatchesthatcanpossiblyleadto the
lowest cost match(Figure 1). Although somepoor partial
matchesaregenerated,they neverriseto thetopof theprior-
ity queue,andthusthey incur little computationaloverhead.
By usinga singlepriority queueto storepartialmatchesfor
all objectsin thedatabaseatonce,weachievegreatspeedups
whenretrieving only thetopmatches– if asmallsetof target
objectsmatchthequerywell, their featurecorrespondences
will be discoveredquickly and the detailsof other poten-
tial matcheswill be left unexplored.This approachlargely
avoids the combinatorialexplosionof searchingfor multi-
featurematchesin dissimilarobjects.
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Figure 1: Priority drivensearch: a priority queue(bottom)
storespotentialmatchesof features(labeleddots)ona query
to featuresofall targetobjectsatonce. Matchesareextended
only whenthey reach the top of thepriority queue(the left-
mostentry),and thushigh costfeature correspondencessit
deepin thepriority queueandincur little computationalex-
pense.

This papermakesseveralresearchcontributions.In addi-
tion to the ideaof priority-driven search,we explore ways
of improving computationalef�ciency andretrieval perfor-
manceof multi-featurematchingalgorithms:1)weuseranks
ratherthanL2 differencesto measurefeaturesimilarity; 2)
we usea measureof classdistinctionto selectfeatures;and,
3) wematchfeaturesatmultiplescales.Finally, weprovidea
workingshape-basedretrieval systemandanalyzeits perfor-
manceover a wide rangeof optionsandparametersettings.
We�nd thatoursystemprovidessigni�cantly betterretrieval
performancethan previous shapematchingapproacheson
thePrincetonShapeBenchmark[SMKF04] while usingin-
creased,but reasonable,processingandstoragecosts.

Theorganizationof thepaperis asfollows.Thenext sec-
tion containsa summaryof relatedwork on matchingof

3D surfaces.Section3 containsanoverview of thepriority-
driven searchalgorithmfollowed by a detaileddescription
for every algorithmicstep.Section4 comparesthe perfor-
manceof thepriority-drivensearchapproachto otherstate-
of-the-art shapematching methodsand investigates how
modifying several aspectsof the algorithmimpactsits per-
formance.Finally, Section5 providesa brief discussionof
limitationsandtopicsfor futurework.

2. Background and RelatedWork

Therehasbeena largeamountof researchonalgorithmsfor
shape-basedretrieval of 3D surfacemodels.In this section,
we focuson thepreviouswork mostcloselyrelatedto ours
andreferthereaderto survey articlesfor broadoverviewsof
prior work in relatedareas[BKS� 05,IJL� 05,TV04].

The mostcommonapproachto shape-basedretrieval of
3D objectsis to representevery object by a single global
shapedescriptorrepresentingits overall shape.ShapeHis-
tograms[AKKS99], the Light Field Descriptor[COTS03],
and the DepthBuffer Descriptor[HKSV02] are a few ex-
amples.Thesedescriptorscan be searchedef�ciently , and
thusthey aresuitablefor queriesinto largedatabasesof 3D
shapes.However, retrieval precisionis generallypoorwhen
objectswithin thesameclasshavedifferentoverall shapes–
e.g.,dueto articulatedmotions,missingparts,or extraparts.

Recently, several researchershave investigated ap-
proachesto partial shapematchingbasedon featurecorre-
spondences(e.g., [BMP01, CJ96, GCO06, JH99, NDK05]).
Thegeneralstrategy is to computemultiple local shapede-
scriptors(shapefeatures)for every object,eachrepresent-
ing the shapefor a region centeredat a point on the sur-
faceof theobject.Then,thesimilarity of any pairof objects
is determinedby a costfunctiondeterminedby theoptimal
setof featurecorrespondencesat theoptimal relative trans-
formation,wherethe optimal matchminimizesthe differ-
encesbetweencorrespondingshapefeaturesandthegeomet-
ric distortion implied by the featurecorrespondences.This
approachhasbeenusedfor recognizingobjectsin 2D images
[BMP01, BBM05], recognizingrangescans[JH99], regis-
teringmedicalimages[AFP00], aligningpoint sets[CR00],
aligning 3D rangescans[GMGP05, LG05], and matching
3D surfaces[NDK05,SMS� 04].

The challengeis to �nd an optimal setof featurecorre-
spondencesef�ciently . Oneapproachis to consideran as-
sociationgraphcontaininga node for every possiblefea-
ture correspondenceandan edgefor every compatiblepair
of correspondences[BB76]. If eachnode is weightedby
the dissimilarity of its associatedfeaturesand eachedge
is weightedby the cost of the geometricdeformationim-
plied by its associatedpair of correspondences,then �nd-
ing theoptimal setof k featurecorrespondencesreducesto
�nding aminimumweightk-cliquein theassociationgraph.
Researchershave approachedthis problemwith algorithms
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basedon branch-and-bound[GMGP05], integer quadratic
programming[BBM05], etc.However, previouswork in this
areahasbeenaimedat pairwisealignmentof objects,and
currentsolutionmethodsaregenerallytoo slow for search
of largedatabases.

Another approach is based on the RANSAC algo-
rithm [FB81, SMS� 04]. Setsof k featurecorrespondences
aregenerated,wherek is largeenoughto determineanalign-
ing transformation,and the remainingfeaturesareusedto
scorehow well the objectsmatchafter the implied align-
ment.For example,[JH99] �nds small setsof compatible
featurecorrespondences,computesthealignmentproviding
a least-squaredbest�t of correspondingfeatures,andthen
“veri�es” the alignmentwith an iterative closestpoint al-
gorithm[BM92]. [SMS� 04] proposeda “Batch RANSAC”
versionof this algorithmthat considersmatchesto all tar-
get objectsin a databaseall at once,generatingcandidate
matchespreferentiallyfor the target objectswith features
compatiblewith onesin the query. However, their evalua-
tion focusedon recognitionof vehiclesfrom a small setof
rangescans,andstudieshave not beendoneto show how
well it worksfor largedatabasesof surfacemodels.

Severalresearchershave consideredmethodsfor acceler-
ating databasesearchesusingdiscreteapproximations.For
example,geometrichashing[LW88] usesa grid-basedhash
tableto storeevery featureof every targetobjectin n choose
k hashcells.Foreveryquery, k featuresareusedtodetermine
amappinginto thehash,andthenotherfeaturesvotefor ob-
ject transformationswherever therearehashcollisions.This
approachis quitepopularin computervision, molecularbi-
ology, andpartial surfacematching(e.g.,[GCO06]). How-
ever, it requiresa lot of memoryto storehashtablesand
producesapproximatematches,sinceit discretizesboth the
set of possibletransformations(it only considerstransfor-
mationsinducedby combinationsof features)andEuclidean
space(featuresmatchonly if they fall in thesamegrid cell).

Alternatively, “bag of words” approachescanbe usedto
discretizefeaturespace.For example, [MBM01] clusters
featuresinto “shapemes,” builds a histogramof shapemes
for everyobject,andthenapproximatesthesimilarity of two
objectsby thesimilarity of theirhistograms,and[GD05] ex-
tendsthis approachto considerpyramidsof clusters.How-
ever, thesemethodsmake little or no useof the geometric
arrangementsof features,and thus they do not provide as
distinguishingmatchesaspossible.

Our approachis to usepriority-driven searchto �nd the
objectsin a databasethat have setsof local featurecorre-
spondencesminimizinga continuouscostfunction.Thekey
ideais to useapriority queueto focusabacktrackingsearch
on setsof featurecorrespondenceswith lowest matching
costamongall objectsin the databaseall at once.This ap-
proachprovides a signi�cant ef�ciency improvementover
moreexpensive algorithmsthat computepairwisematches
betweenthe queryandall objectsin the databaseindepen-

dently (e.g.,[BBM05]) – i.e., it avoidscomputingtheopti-
mal setof correspondencesfor thetargetobjectsthatdo not
appearat the top of the retrieval list. It canalsoprovide an
accuracy improvementover discreteor greedyapproximate
algorithms,sinceit guaranteesoptimalmatcheswith respect
to acontinuouscostfunction.

3. SystemExecution

Executionof our systemproceedsin two phases:a prepro-
cessingphaseandaqueryphase.

During thepreprocessingphase,we build a multi-feature
representationof everyobjectin thedatabase.First,wegen-
eratefor eachobjecta setof sphericalregionscovering its
surfaceatdifferentscales.Second,for everyregion,wecom-
putea descriptorof theshapewithin that region. Third, we
computedifferencesbetweenall pairsof descriptorsat the
samescaleand associatewith every descriptora mapping
from rank to difference.Finally, we selecta subsetof fea-
turesto representeachobjectbasedon how distinctive they
areof their objectclass.Theresultof thispreprocessingis a
setof “shapefeatures”(or “features,” for short)for everyob-
ject,eachwith anassociatedposition(p), normal(~n), radius
(r), andshapedescriptor(a featurevectorof numbersrep-
resentinga local region of shape),anda descriptionof how
discriminatingits shapedescriptoris with respectto others
in thedatabase.

For every query, our matching procedureproceedsas
shown in Figure2. Theinputsare:1) a queryobject,query,
2) a databaseof target objects,db, eachrepresentedby a
set of shapefeatures,3) a cost function, cost, measuring
thequality of a proposedsetof featurecorrespondences,4)
a constant,k, indicating the numberof featurecorrespon-
dencesthatshouldbefoundfor a completematch,and5) a
constant,c, indicatingthenumberof objectsfor whichto re-
trieveoptimalmatches.Theoutputis alist of thebestmatch-
ing targetobjects,M, alongwith a descriptionof thefeature
correspondencesandcostfor eachone.

Initially, a priority queue,Q, is createdto storepartial
matches,andanarray, M, is createdto storethebestmatch
to every target object.Then,all pairwisecorrespondences
betweenthe featuresof thequeryandfeaturesof the target
objectsare created,storedin lists associatedwith the tar-
getobjects,andloadedontothepriority queue.Thepriority
queuethenholdsall possiblematchesof size1. Then,until
c completematcheshavebeenfound,thebestpartialmatch,
m, is poppedoff thepriority queue.If it is acompletematch
(i.e.,thenumberof featurecorrespondencessatis�esk), then
thesearchof that targetobjectis complete,andthepriority
queueis clearedof partialmatchesto thatobject.Otherwise,
for every featurecorrespondencebetweenthequeryandthe
targetof m, thematchis extendedby onefeaturecorrespon-
denceto form a new match,m0. The bestmatchfor every
target objectis retainedin an array, M, whenit is addedto
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PriorityDrivenSearch(Objectquery, Databasedb,
Functioncost,int k, int c)

# Createcorrespondences
foreachObjecttargetin db

foreachFeatureq in query
foreachFeaturet in target

p = CreatePairwiseCorrespondence(q,t, cost)
if (IsPlausible(p))

AddToPriorityQueue(Q,p)
AddToList(C[target],p)
if (cost(p)< cost(M[target]))

M[target]= p

# Expandmatchesuntil �nd completeones
complete_match_count= 0
while (complete_match_count< c)

# Popmatch off priority queue
m = PopBestMatch(Q)
target= GetTargetObject(m)

# Check for completematch
if (IsMatchComplete(m,k))

RemoveMatchesFromPriorityQueue(Q,target)
complete_match_count++
continue;

# Extendmatch
foreachPairwiseCorrespondencep in C[target]

m' = ExtendMatch(m,p, cost)
if (IsPlausible(m'))

AddToPriorityQueue(Q,m')
if (cost(m')< cost(M[target]))

M[target]= m'

# Returnresult
returnM

Figure2: Pseudo-codefor priority-drivensearch.

thepriority queue.Thisprocessis iterateduntil at leastc full
matcheswith k featurecorrespondenceshave beenpopped
off thepriority queuefor c distincttargetobjects,andthear-
rayof thebestmatchesto every targetobject,M, is returned
astheresult.

The computationalsavings of this procedurecomefrom
two sources.First, matchesare consideredfrom best to
worst, and thus, poor pairwisecorrespondencesare never
consideredfor extensionandaddlittle to theexecutiontime
of thealgorithm.Second,aftercompletematchesfor at least
c target objectshave beenaddedto the priority queue,it is
possibleto determineanupper-boundonthecostof matches
thatcanplausiblyleadto oneof thebestmatches.If thescore
computedfor anextendedmatch,m0, is higherthanthatup-
perbound,thenthereis noreasonto addit to thequeue,and
it canbeignored.Similarly, if a match,m, is poppedoff the
queue,then it is provably the bestremainingmatch– i.e.,
no futurematchcanbeconsideredwith a lower cost.Thus,
the algorithmcanterminateearly (immediatelyafter c best
matcheshavebeenpoppedoff thepriority queue)while still
guaranteeinganoptimalsolution.

Of course,therearemany designdecisionsthatimpactthe
ef�cacy of this searchprocedure,includinghow regionsare
constructed,how shapedescriptorsarecomputed,whatcost
functionis used,how implausiblematchesareculled,andso
on.Thefollowing subsectionsdescribeourdesigndecisions
in detail,andSection4 providesthe resultsof experiments
aimedat evaluatingthe impactof eachoneon searchspeed
andretrieval performance.

3.1. Constructing Regions

The�rst stepof theprocessis to de�ne asetof local regions
covering the surfaceof every object.In theory, the regions
could be volumetricor surfacepatches;they could be dis-
joint or overlap;and,they couldbede�ned atany scale.

In our system,we constructoverlappingregionsde�ned
by sphericalvolumescenteredon pointssampledfrom the
surfaceof an object [KPNK03, NDK05]. We have experi-
mentedwith two differentpoint samplingmethods,onethat
selectspoints randomlywith uniform distribution with re-
spectto surfacearea,andanotherthatselectspointsat ver-
ticesof the meshwith probability equalto the surfacearea
of the vertices' adjacentfaces.However, they do not give
signi�cantly differentperformance,andsoweconsideronly
randomsamplingwith respectto surface areafor the re-
mainderof this paper. Of course,other samplingmethods
thatsampleaccordingto curvature,saliency, or othersurface
propertieswouldbepossibleaswell.

We have experimentedwith regions at four different
scales.The smallestscalehasradius0.25 times the radius
of the entire object and the other scalesare 0.5, 1.0, and
2.0 times,respectively. Thesescalesarechosenbecausethe
smallestscaleis approximatelythesizeof most“distinguish-
ing featuresof an object” and the largestscaleis just big
enoughto cover theentireobjectfor spherescenteredat the
mostextremepositionson thesurface(Figure3).

0.25 0.5 1.0 2.0

Figure3: Shaperegionsat four differentscales.

3.2. Computing ShapeDescriptors

The secondstep of the processis to generateand store
a representationof the shapefor eachsphericalregion (a
shapedescriptor).There will be many such regions for
every surface, so the shapedescriptorsmust be quick to
compute,concise to store, and fast to compare,in ad-
dition to being as discriminating as possible.There are
many shapedescriptorsthat meet some or all of these
criteria (seesurveys in [BKS� 05, IJL� 05, TV04]). Exam-
ples include shapecontexts [BMP01, MBM01, FHK� 04],
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spin images [JH99, SMS� 04], harmonic shape descrip-
tors [FHK� 04, NDK05], curvaturepro�les [CJ96, GCO06],
andvolumeintegrals[GMGP05].

In our system,we have experimentedwith threedifferent
shapedescriptorsbasedon sphericalharmonics.All three
decomposea sphereinto concentricshellsof differentradii
and then describethe distributions of shapewithin those
shells using propertiesof sphericalharmonics.The �rst
(“SD”) simply storestheamplitudeof all shapewithin each
shell(thezero-thordercomponentof sphericalharmonics)–
it is a one-dimensionaldescriptorequivalentto the“Shells”
shapehistogramof [AKKS99]. Thesecond(“HSD”) stores
theamplitudeof sphericalharmoniccoef�cients within each
frequency – it is equivalentto theHarmonicShapeDescrip-
tor of [FMK� 03,KFR03]. Thelast(“FSD”) descriptorstores
the amplitudeof every sphericalharmoniccoef�cient sep-
arately– it is similar to the HarmonicShapeContexts of
[FHK� 04]. In all of ourexperiments,weutilize 32spherical
shellsand16harmonicfrequenciesfor eachdescriptor.

We chosetheseshaperepresentationsfor severalreasons.
First, they arewell-known descriptorsthathave beenshown
to provide goodperformancein previousstudies[FHK� 04,
SMKF04]. Second,they arereasonablyrobust,concise,and
fastto search.Finally, they provideanestedcontinuumwith
which to investigate the trade-offs betweenverbosityand
discrimination– SD is very concise(32 values),but not that
discriminating;HSDis moreverbose(512values)andmore
discriminating;andFSD is the mostverbose(4352values)
and the most discriminating.The threedescriptorsare re-
latedin thateachof themoreconcisedescriptorsis simplya
subsetoraggregationof termsin themoreverboseones(e.g.,
theSDdescriptorstorestheamplitudeof only thezero-thor-
dersphericalharmonicfrequencies).Thus,theL2 difference
of eachdescriptorprovidesa lower boundon theL2 differ-
encebetweenthemoreverboseones,whichenablesprogres-
sivere�nementof descriptordifferences,asproposedin Sec-
tion 5.

Our methodfor computingthedescriptorsfor all regions
of a singlesurfacestartsby computinga 3D grid contain-
ing the Euclidian DistanceTransformof the surface.The
grid resolutionis chosento matchthe �nest samplingrate
requiredby the HSD for regionsat the smallestscale;the
trianglesof the surfacearerasterizedinto the grid; andthe
squareddistancetransformis computedand stored.Then,
for every sphericalregion centeredon a point sampledfrom
the surface,a sphericalgrid is constructedby aligning a
spherewith thenormalto thesurface;aGaussianfunctionof
thedistancetransform(GEDT) [KFR03] is sampledat reg-
ular intervalsof radiusandpolarangles;theSpharmonickit
softwareis usedto computethesphericalharmonicdecom-
positionfor eachradius;theamplitudesof theharmonicco-
ef�cients (or frequencies,dependingonthetypeof shapede-
scriptor)arecomputed;theshapedescriptorsarecompressed
usingprincipalcomponentanalysis(PCA); and,thedimen-

sionsassociatedwith the top C eigenvalues(C � 10%)are
storedasashapedescriptor.

For each3D object,computingthe threetypesof shape
descriptorscenteredat 128 points for 4 scales(0.25, 0.5,
1.0, and2.0) takesapproximatelyfour minutesoverall and
generatesaround1MB of data per object. One minute is
spentrasterizingthe trianglesand computingthe squared
distancetransformat resolutionsuf�cient for the smallest
scaledescriptors,almosttwo minutesarespentcomputing
thesphericalgrids,anda few secondsarespentdecompos-
ing thegridsinto sphericalharmonicsfor eachobject.Com-
pressionamortizesto approximatelyoneminuteper object
for SFDsandapproximately1 secondperobjectfor SHDs.

3.3. SelectingDistinctiveFeatures

The third stepof our processis to characterizethe differ-
encesbetweenshapedescriptorsandto selectasubsetof the
shapefeaturesto be usedfor matchingfor eachtarget ob-
ject. Our goal is to augmentthe featureswith information
abouthow discriminatingthey areandto selecta subsetof
themostdistinctive featuresin orderto improve processing
speedandretrieval precision.

Selecting a subset of local shape descriptors is a
well known technique for speeding up retrieval, and
several researchershave proposeddifferent methodsfor
this task, The simplest technique is to select fea-
tures randomly [JH99, FHK� 04, MBM01]. Other meth-
ods have consideredselecting features based on sur-
face curvature [YF02], saliency [GCO06], likelihood
within the same shape [GMGP05, JH99], persistence
acrossscales[GMGP05], number of matchesto another
shape[SMS� 04], likelihoodwithin thedatabase[SF06], and
distinctionof its object's class[SF06].

In our system,we follow the ideasof [SF06]. For every
feature,we computethe L2 differenceof its shapedescrip-
tor to the bestmatchof every otherobject in the database,
sort the differencesfrom bestto worst, andsave themin a
rank-to-differencemapping(RTD). To save space,we store
an approximationto the RTD containinglog(N) valuesby
samplingdistancesat exponentially larger ranks.We then
usethe RTD to estimatethe distinctionof every shapefea-
ture. Distinctive featuresare onesthat are both similar to
featuresin few other objects(onesin the sameclass)and
differentfrom therest(objectsin otherclasses).Whengiven
aclassi�cationfor thetargetobjects,wequantifythisnotion
by usinga measureof retrieval performanceasour model
for featuredistinction[SF06].

Oncethedistinctionof every featurehasbeencomputed,
we employ a greedyalgorithmto selecta small setof fea-
turesto representevery targetobjectduringthequeryphase
(Figure 4). The selectionalgorithm iteratively choosesthe
featurewith highestDCG whosepositionis not closerthan
aEuclideandistancethreshold,minlength, to thepositionof
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any previously selectedfeature.This processavoids select-
ing featuresnearbyeachotheron themeshandprovidesan
easyway to vary the subsetsizeby adjustingthe distance
threshold.

(a) All Features (b) Feature Distinction (c) Selected Features

Figure4: Featureselection:(a) positionssampledrandomly
onsurface, (b) computedDCGvaluesusedto representfea-
ture distinction(red is highest,blue is lowest),and (c) fea-
turesselectedto representobjectduringmatching.

Thenetresultof this processis a smallsetof featuresfor
everytargetobject,eachwith anassociatedposition(p), nor-
mal (~n), radius(r), asetof shapedescriptors(SD, HSD, and
FSD), a rank-to-difference-mapping(RTD), anda retrieval
performancescore(DCG). In our implementation,comput-
ing theRTD andthedistinctionfor eachfeaturetakesa little
lessthan1 second,andselectingthemostdistinctivefeatures
takeslessthanasecondfor eachobject.Thestoragerequired
for theresultingdatarequiredatquerytimeis approximately
100KBperobject.

3.4. CreatingPairwise FeatureCorr espondences

Whengivena queryobjectto matchto a databaseof target
objects,the�rst stepis to computethecostof pairwisecorre-
spondencesbetweenfeaturesof thequeryto featuresof the
target.Thekey to this stepis to developa costfunctionthat
provideslow valuesonly whentwo featuresarecompatible
andgraduallypenalizespairsthatarelesssimilar. Thesim-
plestandmostcommonapproachis to usetheL2 difference
betweentheir associatedshapedescriptors.This approach
formsthebasisfor our implementation,but weaugmentit in
threeways.

First,givenfeaturesF1 andF2, we computetheL2 differ-
ence,D, betweentheir shapedescriptors.Then,we usethe
rank-to-differencemappings(RTD) of eachfeatureto con-
vertD into arank(i.e.,wherethatdistancefalls in theranked
list associatedwith eachfeature).The new differencemea-
sure(Crank) is the sumof the rankscomputedfor F1 with
respectto theRTD of F2, andviceversa:

Crank = Rank(RTD1;D) + Rank(RTD2;D)

This featurerank cost (which we believe is novel) avoids
theproblemthatvery commonfeatures(e.g.,�at planarre-
gions)canprovideindistinguishingmatches(falsepositives)
whenL2 differencesaresmall.Our approachconsidersnot
theabsolutedifferencebetweentwo features,but rathertheir

differencerelative to thebestmatchingfeaturesof otherob-
jects in the database.Thus,a pair of featureswill only be
consideredsimilar if bothrankhighly in theretrieval list of
theother.

Second,we augmentthe cost function with geometric
terms.For part-in-wholeobjectmatching,we can take ad-
vantageof thefactthatfeaturesaremorelikely to bein cor-
respondenceif they appearat thesamerelative positionand
orientationwith respectto therestof theirobjects.Thus,for
eachfeature,we computethe distancebetweenits position
andthecenterof massof its object(R), scaledby theaver-
ageof R for all featuresin theobject(RAVG), andwe adda
distancetermCradius to thecostfunctionaccountingfor the
differencebetweenthesedistances:

Cradius = j
R1

RAVG1
�

R2

RAVG2
j

We alsocomputea normalizedvector~r from theobject's
centerof massto the positionof eachfeatureandstorethe
dotproductof thatvectorwith thesurfacenormal(~n) associ-
atedwith the feature.Theabsolutevalueof thedot product
is taken to accountfor thepossibilityof backfacingsurface
normals.Then,thedifferencebetweendot productsfor any
pairof featuresis usedto form anormalconsistency termto
thecostfunction:

Cnormal = jj~r1 � ~n1j � j~r2 � ~n2jj

Overall, the costof a featurecorrespondenceis a simple
functionof thesethreeterms:

Ccorrespondence= arankC
grank
rank+ aradiusC

gradius
radius+ anormalC

gnormal
normal

wherethea coef�cients andgexponentsareusedto normal-
izeandweightthetermswith respectto eachother.

Of course,computingall potentialpairwisefeaturecorre-
spondencesbetweenaqueryobjectandadatabaseof targets
is very costly. If the queryhasMQ featuresandeachof N
targetshasMT selectedfeatures,then the total numberof
potentialfeaturecorrespondencesis N � MQ � MT . To ac-
celeratethis process,we utilize conservative thresholdson
eachof the threeterms(maxrank, maxradius, maxnormal)
to throw away obviously poorfeaturecorrespondences.The
termsarecomputedandthethresholdsarecheckedprogres-
sively in orderof how expensive they areto compute(e.g.,
Crank is last), andthusthereis greatopportunityfor trivial
rejectionof poormatcheswith little computation.Indexing
andprogressivere�nementcouldfurtherreducethecompute
timeasdescribedin Section5.

3.5. Searching for the Optimal Multi-F eatureMatch

The secondstepof the query processis to searchfor the
bestmulti-featurematchesbetweenthequeryobjectandthe
targetobjects.Thisis themainstepof priority-drivensearch.
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Figure 5: A 3-feature match for two airplanes.Redpoints
representfeature positionson the surface. For three fea-
tures,red circlesrepresentregions,gray histogramsrepre-
sentshapedescriptors,orange linesrepresentfeaturecorre-
spondences,and black lines representlengthsbetweenfea-
turesof sameobject.Consistencyof all shapedescriptors,
lengths,andanglesis requiredfor a goodmatch.

A priority queueis usedto storeincompletesetsof fea-
turematchesduringabacktrackingsearch.Initially, all pair-
wise correspondences(computedasdescribedin the previ-
oussubsection)areloadedontothepriority queue.Then,the
bestpartial match,m, is repeatedlypoppedoff the priority
queue,andthenextendedmatchesarecreatedfor everycom-
patiblefeaturecorrespondenceandloadedonto thepriority
queue.This processis iterateduntil at leastc full matches
with k featurecorrespondenceshavebeenpoppedoff thepri-
ority queuefor distincttargetobjects.

As a partial matchis extendedto includeonemorefea-
ture correspondence,two extra termsareaddedto the cost
function to accountfor geometricdeformationsimplied by
multiple pairwisefeaturecorrespondences(Figure5). First,
achordlengthtermClength is addedto penalizematcheswith
inconsistentinter-featurelengths.Speci�cally, for everypair
of featurecorrespondencesin m, we computethe lengthof
the chordbetweenfeaturepositionsin the sameobject(L),
scaledby the averageof L over all featuresin the object
(LAVG). Then,wecomputethedifferencebetweenthesedis-
tancesandnormalizeby thegreaterof thetwo to producethe
lengthtermof thecostfunction:

Clength =
j L1
LAVG1

� L2
LAVG2

j

max( L1
LAVG1

; L2
LAVG2

)

Second,a surfaceorientationterm is addedto penalize
matcheswith pairs of featurecorrespondenceswhosesur-
facenormalsareinconsistent.This termpenalizesbothmis-
matchesin the relative orientationsof the two pairsof nor-
malswith respectto oneotherandmismatchesin the ori-
entationsof the normalswith respectto the chordbetween
thefeatures.If ~v1 is thenormalizedvectorbetweenfeatures
1aand1b with normals ~n1a and ~n1b in object1, andsimilar
variablesdescribetherelative orientationsof featuresin ob-
ject 2, thentheorientationtermof thecostfunctioncanbe
computedasfollows:

Corient = jj ~n1a � ~n1bj � j ~n2a � ~n2bjj +
jj ~v1 � ~n1aj � j~v2 � ~n2ajj +
jj ~v1 � ~n1bj � j~v2 � ~n2bjj

Thesetermsare also weightedand raisedto exponents
to provide normalizationwhen addedto the overall scor-
ing functioncomputedfor amatchwith k featurecorrespon-
dences:

Cchord = a lengthC
glength

length + aorientC
gorient
orient

As in theprevioussection,weutilize conservative thresh-
oldsonClength andCorient (maxlength andmaxorientation)
to throw away obviously poor featurecorrespondences.We
also utilize a thresholdon the minimum distancebetween
featureswithin thesameobject(minlength) in orderto avoid
matchescomprisedof featuresin closeproximity to onean-
other.

Theoverall costof a matchis thesumof thetermsrepre-
sentingdifferencesin thek featurecorrespondencesandthe
geometricdifferencesbetweenthek(k-1)/2chordsspanning
pairsof features:

Cmatch = å
i< k

Ccorrespondence(i) + å
i; j< k;i< j

Cchord(i; j)

4. Results

In this section, we presentresults of experimentswith
priority-drivensearch.Weinvestigatetheperformanceof the
methodin relationto the stateof the art in shape-basedre-
trieval andinvestigatethe impactof several designchoices
on thespeedandqualityof retrieval results.

All experimentswerebasedon the 3D dataprovided in
thePrincetonShapeBenchmark[SMKF04]. It contains907
polygonalmodelspartitionedinto 92 classes(sedans,race
cars,commercialjets,�ghter jets,dining roomchairs,etc.).
This databasewaschosenbecauseit hasbeenusedin sev-
eral previous 3D shaperetrieval studies(e.g., [BKS� 05,
SMKF04]) andthusformsabasisfor comparisonwith com-
petingmethods.

In arepresentativepreprocessingphase,wegeneratedfea-
turesat 128surfacepointswith 4 differentscalesfor every
object.For everyfeature,wecomputedits shapedescriptors,
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RTDs, and DCGs,and then we selectedthe most distinc-
tive setof descriptorsusingthe methodsdescribedin Sec-
tions 3.1-3.3. The total preprocessingtime for all 907 ob-
jects was 70 hoursand the total size of all datagenerated
was1GB, of which 64MB representsthe selectedfeatures
thathadto bestoredin memoryfor targetobjectsduringthe
queryphase.

During thequeryphase,we performeda seriesof “leave-
one-out”classi�cationtests.In eachtest,everyobjectof the
databasewasusedasaqueryobjectto searchdatabasescon-
tainingtheremainingN� 1 targetobjects.Standardinforma-
tion retrievalmetrics,suchasprecision,recall,nearestneigh-
bor classi�cation rate (1-NN), �rst-tier percentage(1-tier),
second-tierpercentage(2-tier), and discountedcumulative
gain (DCG), werecomputedto measurehow many objects
in thequery'sclassappearnearthetopof its rankedretrieval
list, andthosemetricswereaveragedfor all queries.

Unless otherwise stated, experiments were run on a
x86_64processorwith 12GBof memoryrunningLinux. Pa-
rametersfor the “base con�guration” of the systemwere
set as follows: c = 1, k = 3, numberof featuresper ob-
ject = 128,numberof featurescales= 4 (0.25,0.5,1.0,and
2.0),shapedescriptortype= HSD,compressionratio= 10X,
maxradius = maxnormal = maxlength = maxorientation
= 0.25, minlength = 0:3 � RAVG, a rank = 0.01, a radius =
anormal = a length = aorient = 1,andgrank = 4,gradius = gnormal
= glength = gorient = 2.Theseparametersweredeterminedem-
pirically and usedfor all experimentswithout adjustment,
except in Section4.1 wherethe FSD shapedescriptorwas
used,andin Section4.3wheretheimpactof speci�c param-
etersettingswasstudied.

4.1. Comparison to PreviousMethods

Thegoalof the�rst experimentwasto evaluatetheretrieval
performanceof the proposedpriority-driven search(PDS)
approachwith respectto previous state-of-the-artshape-
basedretrieval methods:

� Depth Buffer Descriptor (DSR740B): this shapede-
scriptorachievedthehighestretrieval performancein the
study of [BKS� 06]. It describesan object by six depth
buffer imagescapturedfrom orthogonalparallel projec-
tions [HKSV02]. Imagesare stored as Fourier coef�-
cientsof the lowestfrequencies,anddifferencesbetween
Fourier coef�cients provide a measureof objectdissim-
ilarity. We use Dejan Vranic's implementationof this
method [Vra06] without modi�cation and ran it on a
2GHzPentium4runningWindowsXP.

� Light Field Descriptor (LFD): this shapedescriptor
achieved the highestretrieval performancein the study
of [SMKF04]. It representsan object as a collection of
imagesrenderedfrom uniformly sampledpositionson a
view sphere[COTS03]. The dissimilarity of two objects
is de�ned astheminimumL1-differencebetweenaligned

imagesof the light �eld, taken over all rotationsandall
pairingsof verticeson two dodecahedra.Weusetheorig-
inal implementationprovidedby Chenetal.withoutmod-
i�cation and ran it on a 2GHz Pentium4running Win-
dowsXP.

� Global Harmonic Shape Descriptor (GHSD): this is
the shapedescriptorcurrently usedin the Princeton3D
SearchEngine[FMK� 03]. It describesanobjectby asin-
gle HSD featurepositionedat the centerof masswith
radiusRAVG. We include it in this study to provide an
apples-to-applescomparisonto a methodthat matchesa
single global shapedescriptorof the sametype usedin
ourstudy.

� Random: This methodprovides a baselinefor retrieval
performance.It producesa randomretrieval list for every
query.

Figure6 shows a precision-recallplot comparingtheav-
erageretrieval performancefor all queriesfor eachof these
shapematchingmethods.Brie�y , precisionand recall are
metricsusedto evaluateranked retrieval lists. If one con-
sidersthetop M matchesfor any query, recall measuresthe
fractionof thequery's classfound,and precisionmeasures
thefractionof objectsfoundfrom thequery's class– higher
curvesrepresentbetterretrieval performance.
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Figure 6: Precision-recall plot comparingpriority-driven
search (PDS)to otherstate-of-the-artshapematchingmeth-
odsusingthePrincetonShapeBenchmark.

Timing statisticsandstandardretrieval performancemea-
suresarealsoshown in Table1. The leftmostcolumnindi-
catestheshapematchingmethod(PDSis theonedescribed
in this paper).Theremainingcolumnslist theaveragetime
requiredfor one query into the database(in seconds),the
averageclassi�cation rate achieved with a nearestneigh-
borclassi�er (1-NN), theaveragepercentagesof thequery's
classthatappearin the�rst-tier (1-Tier) andsecond-tier(2-
Tier), and the averagediscountedcumulative gain (DCG)
computedfrom therankedretrieval lists.

From these statistics, we see that the priority-driven
searchalgorithmprovidesthebestretrieval performanceof
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Method Time 1-NN 1-Tier 2-Tier DCG

PDS 2.4 83.4 51.7 63.4 75.9
DSR740B 0.005 66.5 40.3 51.2 66.3

LFD - 65.0 37.2 47.4 63.6
GHSD 0.003 55.6 30.9 41.1 58.4

Random 0 1.7 1.6 3.4 26.1

Table1: Comparisonof retrieval statisticsbetweenpriority-
driven search (PDS) and other methodson the Princeton
ShapeBenchmark(timesare in seconds).

thetestedmethodsonthisdataset.Theimprovementin near-
est neighborclassi�cation rate over the Depth Buffer De-
scriptor is 25.4%(83.4%vs. 66.5%)andthe improvement
over theLight FieldDescriptoris 28.3%(83.4%vs.65.0%).
Theseareremarkableimprovementsfor this dataset– typi-
caldifferencesbetweenalgorithmsfoundin otherstudiesare
usuallyacoupleof percentagepoints[SMKF04].

However, the PDS algorithm takes considerablymore
computetime to preprocessthe database(4-5 minutesper
object),morememoryperobject(100KB pertargetobject),
andmoretime to �nd matches(2.4secondsperquery)than
the other testedshapedescriptors.Almost all of the query
processingtime is spentestablishingthecostof featurecor-
respondences,and less than a tenth of a secondis spent
�nding theoptimalmulti-featurematchwith priority driven
search.Thus,webelievethatsimpleimprovementsto theba-
sic algorithm(e.g.,compression,indexing, etc.)will signi�-
cantlyimprove theprocessingspeedandthatqueryprocess-
ing timeslessthana secondarepossiblein this framework
(Section5).

In any case,it seemsthat priority-driven searchis well-
suitedfor batchapplicationswhereretrieval accuracy is pre-
mium. Often, query resultscan be computedoff-line and
cachedfor later interactive analysis– e.g.,for discovery of
relationshipsin mechanicalCAD, molecularbiology, etc.
Eveninteractivesearchenginescanbene�t fromoff-line pre-
processingwith high-accuracy matchingmethods,for exam-
ple,to preprocessqueriesthat�nd ashapesimilar to another
in thedatabase(over90%of the3D queriesto thePrinceton
3D SearchEngineareof this type[MHKF03]).

4.2. Evaluation of Algorithmic Contrib utions

The goal of the secondexperimentis to understandwhich
algorithmicfeaturesof the priority-driven searchalgorithm
contribute mostto its timing andretrieval performance.To
studythisquestion,westartedwith the“basecon�guration”
and ran the systemmultiple times on the PrincetonShape
Benchmarkwith differentaspectsof thesystemenabledand
disabled.

� Rank (R): If enabled,thecostof twocorrespondingshape
descriptors(Crank) wasthesumof the two ranksin their
respective retrieval lists,asdescribedin Section3.4. Oth-
erwise,it was the direct L2 distancebetweenshapede-

scriptors(themostcommonmeasureof descriptordiffer-
encein othersystems).

� Multi-Scale (S): If enabled,thecostsof thebestmatches
foundatall four scalesweresummed.Otherwise,thecost
of the bestmatchfound amongfeaturesat scale0.5 was
used(thescalethatgavethebestretrieval performanceon
its own).

� Distinction (D): If enabled,a smallsubsetof features(�
7) wasselectedfor matchingwithin every target object,
asdescribedin Section3.3. Otherwise,all featureswere
includedwithin thetargetobjects.

Resultsof this experimentareshown in Figure7 andTa-
ble 2. The �rst threecolumnsof Table 2 indicatewhether
eachof thethreealgorithmicfeatures(R, M, andD) areen-
abled(Y) or disabled(N), andthe remainingcolumnspro-
vide retrieval performancestatistics(note that the top row
repeatstheperformancestatisticsfor PDSwith all its algo-
rithmic featuresenabled:Y Y Y).

R S D 1-NN 1-Tier 2-Tier DCG

Y Y Y 74.3 45.5 57.0 70.6
N Y Y 67.9 37.0 47.7 64.1
Y N Y 67.0 36.6 47.5 62.8
Y Y N 66.6 37.2 48.7 64.4
N Y N 63.4 32.7 42.6 60.6
Y N N 63.0 30.2 41.0 58.3
N N Y 54.0 28.2 38.3 56.0
N N N 57.0 26.7 36.2 54.7

Table2: Resultsof experimentsto investigatetheindividual
andcombinedvalueof threealgorithmicfeaturesof priority-
driven search (PDS).Thetop row representsthe basePDS
algorithm(YYY).Otherrowsrepresentvariantsof thealgo-
rithmswith threealgorithmicfeatures(R = rank,S= multi-
scale, andD = distinctivefeature selection)enabled(Y) or
disabled(N). Differencesin the resultsachievedwith these
variantsprovide insightsinto which aspectsof the PDSal-
gorithmcontributemostto its results.

Fromtheseresults,we seethat the retrieval performance
of our systemcomesfrom severalsources.That is, all three
algorithmic featurestestedcontribute a modestbut signif-
icant improvementto the overall result.Speci�cally, if we
considerthe incrementalimprovementsin nearestneigh-
bor classi�cation rates(1-NN) of the combinationsshown
in Figure7, we �nd that multi-scalefeaturesprovide 11%
improvementover using the best single scale(63.4% vs.
57.0%);selectingdistinctive featuresof target objectsfur-
therboostsperformanceby another7% (67.9%vs. 63.4%);
and,usingdescriptorranksratherthanL2 differencespro-
videsa further9% improvement(74.3%vs. 67.9%).These
threealgorithmicfeaturescombineto contribute a cumula-
tive 30%improvementin retrieval performanceover theba-
sic versionof our multi-featurematchingalgorithm(74.3%
vs.57.0%).
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Figure 7: Precision-recall plot showingtherelativecontri-
butions of different algorithmic features of priority-driven
search. Thetopcurve(red)showstheretrieval performance
of thebestperformingsetof optionsfor thePDSalgorithm
(it is the sameas the red curve in Figure 6). The second
curve (green)showsthe result of using HSDsrather than
FSDsasshapedescriptors (it representsthe“base con�gu-
ration” for thestudyin Section4.3). Thethird curve(blue)
showstheresultsof usingL2 differencesinsteadof ranksto
measurefeaturecorrespondencecosts;thefourthcurve(ma-
genta)showsthesame, but withoutselectinga subsetof dis-
tinctive featureson target objects;thenext-to-bottomcurve
(cyan) also disablesmulti-scalefeature matching (all fea-
turesare matchedonly at scale0.5); and,thebottomcurve
(yellow) showsthe resultswhen�nding only onepoint per
match ratherthan3.Notehowtheretrieval performancede-
gradessigni�cantly wheneach of thesealgorithmicfeatures
is disabled.

With respectto timing, the main expenseof the priority
drivensearchimplementationis establishingtheinitial setof
pairwisefeaturecorrespondences(� 0.3 secondsper query
per scale).By comparison,the time requiredto searchfor
the bestmulti-featurematchis negligible (< 0.1 seconds).
So,thetiming resultsarecurrentlydominatedby thenumber
of featuresconsideredfor eachtargetobjectandthenumber
of scalesconsideredfor eachfeature.

Overall,we�nd thatchoosingdistinctive features(D) im-
proves both precisionand speedsigni�cantly; using ranks
ratherthanL2 differences(R) improvesprecisionwith neg-
ligible extracomputetime;and,usingfeaturesat four scales
(S) improvesprecision,but incursfour timesthe computa-
tionalexpense.

4.3. Investigationof Parameter Settings

The goal of the third experimentis to investigate in detail
how variousoptionsof thepriority-drivensearchsystemaf-
fect the timing andretrieval performance.Of course,there
is a largespaceof possibleoptions,andthuswe areforced
to focusourdiscussiononsmall“slices” throughthisspace.

Ourapproachis to centerour investigationonthe“basecon-
�guration” setof optionsdescribedin thebeginningof this
sectionandto studyhow timing andretrieval statisticsare
affectedindependentlyasoneoptionis variedata time.

Theresultsof this studyareshown in Table3(a-d)– each
table studiesthe impact of a different option, and differ-
ent rows representa differentsettingfor thatoption.Please
notethatrows markedwith an`*' representthesamedata–
they provideresultsfor thebasecon�gurationthroughwhich
slicesof optionspacearebeingstudied.

Descriptor Time 1-NN 1-Tier 2-Tier DCG
SD 1.1 75.5 44.2 56.1 71.1

HSD* 1.2 74.3 45.5 57.0 70.6
FSD 2.4 83.4 51.7 63.4 75.9

(a)Shapedescriptortype

Radius Time 1-NN 1-Tier 2-Tier DCG
0.25 0.3 62.6 31.0 41.2 58.8
0.5 0.3 67.0 36.6 47.5 62.8
1.0 0.3 63.9 37.2 48.5 63.0
2.0 0.3 60.0 33.2 43.4 59.5

Multi-scale* 1.2 74.3 45.5 57.0 70.6
All 0.6 71.3 40.6 54.2 68.0

(b) Scalesusedfor matchingshapefeatures

# Points Time 1-NN 1-Tier 2-Tier DCG
64 0.6 71.9 42.4 54.2 68.6

128* 1.2 74.3 45.5 57.0 70.6
256 4.0 75.5 47.3 59.2 71.9
512 17.6 76.6 48.6 60.2 72.6

(c) Numberof samplepointsperobject

k Time 1-NN 1-Tier 2-Tier DCG
1 1.2 72.9 43.4 54.9 68.9
2 1.2 72.1 44.3 55.8 69.5

3 * 1.2 74.3 45.5 57.0 70.6
4 1.2 72.8 45.4 56.8 70.3
5 1.2 71.2 44.9 56.3 69.7

(d) Numberof featurecorrespondencespermatch(k)

Table 3: Resultsof experimentsto investigatethe impactof
several optionson thequerytime(in seconds)andretrieval
performanceof priority-drivensearch.

Impact of shapedescriptor type (Table 3(a)): more ver-
bosedescriptorsgenerallyprovide better retrieval perfor-
mance,albeit at higherstorageandcomputecosts.For ex-
ample,the Fourier shapedescriptor(FSD) provides better
nearestneighborclassi�cation rates(83.4%)than the Har-
monicshapedescriptor(HSD) (74.3%).However, it is also
eight timesbigger, andthuseight timesmoreexpensive to
compare.Interestingly, theShellsshapedescriptor(SD)pro-
videsretrieval performancesimilar that of the HSD in this
test.Furtherstudyis requiredto determinewhichdescriptors
providethebest“bangfor thebuck” for speci�c applications
and how multiple descriptorscan be combinedto provide
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theaccuracy of themostverboseoneswhile incurringquery
timesof thesmallerones(Section5).

Impact of featurescale(Table3(b)): mediumscalefeatures
(radius= 0.5-1.0)provide betterretrieval performancethan
small and large scalesin this test,andmulti-scalefeatures
performthebestof all (nearestneighborclassi�cationrates
are74.3%with multi-scaleversus67.0%with thebestsin-
gle scale(0.5)). Interestingly, summingthe cost functions
computedfor matchesat all four scalesseparately(“Multi-
scale”)providesbetterretrieval performancethanmatching
featuresat all scalessimultaneously(“All”). Thedifference
is that the sameset of featuresmust matchat all 4 scales
in “All,” while different featurescan be selectedindepen-
dently for eachscalein “Multi-scale.” This resultseemsto
suggestthatfeaturespersistentacrossmultiplescalesarenot
necessarilyasusefulfor classi�cationasonesthatarevery
distinctiveataparticularscale.

Impact of the number of samplepoints per object (Ta-
ble 3(c)): includingmoresamplepointsfor eachobjectim-
provesretrieval performancein this test,at leastup to 512
points.Thenearestneighborclassi�cationrateis 76.6%for
512pointsperobject,while it is75.5%for 256points,74.3%
for 128points,and71.9%for 64points.Althoughasmallset
of distinctivefeaturesareultimatelyselectedfor everytarget
objectduring a preprocess,featurescenteredat all sample
pointsof the queryobjectarecandidatesfor a match,and
thusthecomputetimefor eachqueryshouldbeproportional
to the numberof points (the quadraticgrowth observed in
thisexperimentis anartifactof our implementation).

Impact of number of feature correspondences(Ta-
ble 3(d)): matchinglarge numbersof featuresdoesnot im-
prove retrieval performancein this study. In fact,matching
morethan3 featuresseemsto degradeperformance.Thisre-
sultmaybebecausefeaturesarequitelargescaleandspread
apart,andthus3 featuresmaydescribetheshapeaswell asis
possiblewith theHSD featurerepresentation.Interestingly,
matchinglarger numbersof featuresalsodoesnot increase
query times– this is becausethe priority-driven searchal-
gorithm is ableto �nd goodmatchesin time that is largely
independentof thenumberof possiblematches– it investi-
gatesonly thegoodmatchesandignorestherest.

5. Conclusionand Futur eWork

This paperdescribesan algorithmfor multi-featurematch-
ing of 3D shapeswith priority-drivensearch.Themaincon-
tributionis analgorithmfor searchingadatabasefor thebest
multi-featurematcheswithoutcomputingcompletematches
for everyobject.Perhapsjustasvaluableis theinvestigation
of factorsthatcontributeto speedandretrieval performance
improvementsin a multi-featurematchingsystem.We �nd
that: 1) using ranks to measurethe cost of a featurecor-
respondenceis moreeffective that usingL2 differencesdi-
rectly; 2) selectingtarget featuresbasedon how distinctive

they areof theirobject'sclasscanimprovebothsearchspeed
and retrieval performancesigni�cantly; and, 3) matching
featuresat different scalesindependentlyand then adding
theresultingcostsis aneffective way to combineshapein-
formationfrom multiplescales.

This work suggestsseveral areasfor improvementand
future work. In particular, there are three main computa-
tional bottlenecksin the system:1) constructingshapede-
scriptors,2) determiningthedistinctionof shapedescriptors,
and3) generatingpairwisefeaturecorrespondences.There
are many simple ways to speedup thesesteps,including
randomsampling,compression,andindexing. For example,
the time requiredto establishthe bestpairwisecorrespon-
dencesbetweenfeaturescould be improved with standard
multi-dimensionalindexing schemes.We have focusedour
efforts in this paperon thepriority-drivensearchalgorithm,
andthuswehavenotyet investigatedtheseoptionsin detail.

Anotherinterestingoption is to computethe costof fea-
ture correspondencesprogressively – i.e., initially compute
aconservative lowerboundon thedifferencebetweenshape
descriptors(e.g.,usingSD), andonly re�ne it for the best
matches.Whenthecorrespondencerisesto thetopof thepri-
ority queue,thelowerboundonthedescriptordifferencecan
bere�ned a little further(e.g.,usingHSD) andloadedback
ontothepriority queue.After thefeaturecorrespondencehas
reachedthetopof thepriority queueandbeenre�ned anum-
berof times,thefull correspondencecostwill becomputed
(e.g.,usingFSD) andthe PDSalgorithmcould proceedas
usualwith thatcorrespondence.Thisapproachwouldutilize
thepriority drivenstrategy not only for extendingmatches,
but alsofor computingcorrespondencesin the�rst place.

Perhapsthemostinterestingquestionfor furtherstudyis
to investigatehow bestto recognize3D objectsfrom their
parts.Of course,this is an active topic in computervision,
but the issuesfor 3D shapesaredifferent thanthey arefor
2D images.Ourstudyseemsto suggestthatjusta few shape
featuresaresuf�cient to recognizemost3D objects.It will
be interestingto seewhetherotherobjecttypesfollow this
pattern,andwhethereffective algorithmscanbe developed
usingevenfewer features.
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