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Abstract

Priority-driven seach is an algorithm for retrieving similar shapesrom a large databaseof 3D objects.Given
a queryobjectand a databaseof target objects,all representedy setsof local 3D shapefeatues,the algorithm
producesa ranked list of the ¢ besttarget objectssorted by how well any subsetof k featues on the query
matd featureson the target object. To achieve this goal, the systemmaintainsa priority queueof potentialsets
of featurle correspondencefartial matdhes)sortedby a costfunctionaccountingfor both featule dissimilarity
and the geometricdeformation.Only partial matchesthat can possiblylead to the bestfull matd are popped
off the queue and thus the systemis able to nd a provably optimal matd while investigatingonly a small
subsebf potentialmathes.Newvw methoddasedon feature distinction,featule correspondencest multiplescales,
and feature differenceranking further improve seach time and retrieval performanceln experimentswith the
PrincetonShapeBendimark,thealgorithmprovidessigni cantly betterclassi cationratesthan previouslytested
shapematding methodsvhile returningthe bestmatdesin a few secondger query

1. Intr oduction

Large database®f 3D modelsare becomingavailable in

a numberof disciplines,including computergraphics,me-
chanicalCAD, molecularbiology, and medicine.As these
databasegrow, shape-basedimilarity searchis emeging

asavaluabletool for analysisanddiscovery.

Thegoalof ourwork s to developeffective methodgo re-
trieve from adatabasarankedlist of 3D modelsmostsimi-
larin shapeio a3D modelprovidedasaquery Thisproblem
is dif cult becausebjectsof thesametypemaynothave ex-
actly the samesetsof parts(e.g.,somechairshave armsand
othersdon't), and somepartsthat distinguishobjecttypes
may be relatively small (e.g.,the earsof a bunry). Shape
representationthataccounonly for globalshapeproperties
donotperformwell atrecognizingshapesn thesesituations.

A commonmethodfor addressinghis 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 costfunction measuringhe quality of matches
in the optimally aligned set of feature correspondences
(e.g.,[BMPO01,CJ96JH99). This approachs attractive be-
causeit is robustto shapevariationswithin a class— aslong
as a few key shapefeaturesmatch,then the objectswill
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match.The challenges thatthe numberof possiblefeature
correspondenceetsgrows exponentiallywith the setsize
— nawely checkingall possiblesetsof k featurecorrespon-
dencesamongn featureson two objectstakes O(nk) oper
ations.In practice,searchinghe spaceof potentialfeature
correspondencef®r a single pair of surfacescantake sev-
eralsecond®r minutes,andusingthesemethodgo nd the
bestmatchesn alarge databasés impractical.

In this paperwe introducea priority-drivenalgorithmfor
searchingall objectsin a databaseat once.The algorithm
is givena queryobjectanda databasef tamget objects,all
representetly setsof local shapefeaturesandits goalis to
producearankedlist of thebesttargetobjectssortedby how
well ary subsetof k featureson the query matchfeatures
on thetarget object. To achieve this goal, the systemmain-
tainsa priority queueof potentialsetsof featurecorrespon-
dencegpartial matchesyortedby a costfunction account-
ing for bothfeaturedissimilarityandgeometriadeformation.
Initially, all pairwisecorrespondencdsetweerthe features
of the query andfeaturesof target objectsare loadedonto
thepriority queueThen,atevery step thebestpartialmatch
m is poppedoff the priority queue new partial matchesare
createdby extendingm to include compatiblefeaturecor
respondencesnd thosenew partial matchesare addedto
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the priority queue.This processs iterateduntil the desired
numberof full matcheswith k featurecorrespondencdsave
beenpoppedoff the priority queue.

The adwantageof this approachis that the algorithm
provably nds the optimal set of matchesover the entire
databasavhile investigating only a small subsetof the po-
tentialmatchesLik eary priority-drivenbacktrackingearch
(e.g.,Dijkstra’s shortesipathalgorithm),the algorithmcon-
sidersonly the partial matcheghat canpossiblyleadto the
lowest cost match (Figure 1). Although somepoor partial
matchesaregeneratedthey neverriseto thetop of theprior-
ity queue andthusthey incurlittle computationabverhead.
By usinga singlepriority queueto storepartialmatchedor
all objectsin thedatabasatonce we achieve greatspeedups
whenretrieving only thetop matches- if asmallsetof target
objectsmatchthe querywell, their featurecorrespondences
will be discoreredquickly and the details of other poten-
tial matcheswill be left unexplored. This approachargely
avoids the combinatorialexplosion of searchingfor multi-
featurematchesn dissimilarobjects.
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Figure 1: Priority drivenseach: a priority queue(bottom)
storespotentialmatdesoffeatures(labeleddots)ona query
to featuresof all targetobjectsat once Matchesare extended
only whenthey read the top of the priority queue(the left-

mostentry), and thushigh costfeature correspondencesit

deepin the priority queueandincur little computationakx-

pense

This papermakesseveral researclkcontritutions.In addi-
tion to the ideaof priority-driven searchwe explore ways
of improving computationakf ciency andretrieval perfor
manceof multi-featurematchingalgorithms:1) we useranks
ratherthanL? differencesto measuredeaturesimilarity; 2)
we usea measuref classdistinctionto selectfeaturesand,
3) we matchfeaturesaatmultiple scalesFinally, we provide a
working shape-basegttrieval systemandanalyzeits perfor
manceover a wide rangeof optionsandparametesettings.
We nd thatoursystenprovidessigni cantly betterretrieval
performancethan previous shapematchingapproachesn
the PrincetonShapeBenchmarl{ SMKF04] while usingin-
creasedbut reasonableprocessing@ndstoragecosts.

Theorganizationof the paperis asfollows. The next sec-
tion containsa summaryof relatedwork on matchingof

3D surfaces Section3 containsan overview of the priority-

driven searchalgorithmfollowed by a detaileddescription
for every algorithmic step.Section4 compareshe perfor

manceof the priority-driven searchapproacho otherstate-
of-the-art shapematching methodsand investigates how

modifying several aspectf the algorithmimpactsits per

formance.Finally, Section5 providesa brief discussiorof

limitationsandtopicsfor futurework.

2. Background and Related Work

Therehasbeenalargeamountof researcton algorithmsfor
shape-baserktrieval of 3D surfacemodels.In this section,
we focuson the previous work mostcloselyrelatedto ours
andreferthereadeito surwey articlesfor broadoverviews of
prior work in relatedareag BKS 05, 1JL 05, TV04].

The mostcommonapproachto shape-basetetrieval of
3D objectsis to represengvery objectby a single global
shapedescriptorrepresentingts overall shape ShapeHis-
tograms[AKKS99], the Light Field Descriptor[COTS03,
and the Depth Buffer Descriptor[HKSV02] are a few ex-
amples.Thesedescriptorscan be searchecef ciently, and
thusthey aresuitablefor queriesinto large databasesf 3D
shapesHowever, retrieval precisionis generallypoorwhen
objectswithin the sameclasshave differentoverall shapes-
e.g.,dueto articulatedmotions,missingparts,or extra parts.

Recently several researchershave investigated ap-
proachego partial shapematchingbasedon featurecorre-
spondencege.g.,[BMP01, CJ96 GCO06 JH99 NDKO5]).
The generalstrateyy 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,the similarity of ary pair of objects
is determinedby a costfunction determinedby the optimal
setof featurecorrespondenceat the optimal relative trans-
formation, where the optimal match minimizesthe differ-
encedetweercorrespondinghapdeaturesandthegeomet-
ric distortionimplied by the featurecorrespondencedhis
approachhasbeerusedor recognizingpbjectsin 2D images
[BMPO1, BBMO05], recognizingrangescans[JH99, regis-
teringmedicalimageg AFP0(Q, aligning point sets[CR0(,
aligning 3D rangescans[GMGP05 LG05], and matching
3D surfacegNDKO5, SMS 04].

The challengeis to nd an optimal setof featurecorre-
spondencesf ciently. One approachis to consideran as-
sociationgraph containinga node for every possiblefea-
ture correspondencandan edgefor every compatiblepair
of correspondenceBB76]. If eachnodeis weightedby
the dissimilarity of its associatedeaturesand eachedge
is weightedby the costof the geometricdeformationim-
plied by its associategair of correspondenceshen nd-
ing the optimal setof k featurecorrespondencegducego
nding aminimumweightk-cliquein theassociatiorgraph.
Researcherbave approachedhis problemwith algorithms
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basedon branch-and-bounfGMGPO0Y, integer quadratic
programmind BBMO05], etc.However, previouswork in this
areahasbeenaimedat pairwise alignmentof objects,and
currentsolution methodsare generallytoo slow for search
of largedatabases.

Another approachis based on the RANSAC algo-
rithm [FB81, SMS 04]. Setsof k featurecorrespondences
aregeneratedyherek is largeenoughto determineanalign-
ing transformationand the remainingfeaturesare usedto
scorehow well the objectsmatchafter the implied align-
ment. For example,[JH99 nds small setsof compatible
featurecorrespondencespmputeghe alignmentproviding
a least-squaretbest t of correspondindeaturesandthen
“veri es” the alignmentwith an iterative closestpoint al-
gorithm [BM92]. [SMS 04] proposed “Batch RANSAC”
versionof this algorithmthat considersmatchego all tar-
getobjectsin a databasell at once,generatingcandidate
matchespreferentiallyfor the target objectswith features
compatiblewith onesin the query However, their evalua-
tion focusedon recognitionof vehiclesfrom a small setof
rangescans.and studieshave not beendoneto shov how
well it worksfor large databasesf surfacemodels.

Severalresearcherbave considerednethoddor acceler
ating databasesearchesising discreteapproximationsFor
example,geometrichashingLW88] usesa grid-basechash
tableto storeevery featureof every targetobjectin n choose
k hashcells.For everyquery k featuresareusedo determine
amappinginto the hash andthenotherfeaturessotefor ob-
jecttransformationsvherever therearehashcollisions. This
approachs quite popularin computervision, molecularbi-
ology, and partial surlacematching(e.g.,[GC0O0§). How-
ever, it requiresa lot of memoryto storehashtablesand
producesapproximatematchessinceit discretizedoththe
setof possibletransformationgit only considerstransfor
mationsinducedby combination®f featurespndEuclidean
spacefeaturegmatchonly if they fall in the samegrid cell).

Alternatively, “bag of words” approachesanbe usedto
discretizefeature space.For example,[MBMO1] clusters
featuresinto “shapemes, builds a histogramof shapemes
for every object,andthenapproximateshesimilarity of two
objectsby thesimilarity of their histogramsand[GD0Y ex-
tendsthis approacho considempyramidsof clusters.How-
ever, thesemethodsmale little or no useof the geometric
arrangementsf features,andthusthey do not provide as
distinguishingmatchesaspossible.

Our approachs to usepriority-driven searchto nd the
objectsin a databasehat have setsof local featurecorre-
spondenceminimizing a continuouscostfunction. The key
ideais to usea priority queueto focusa backtrackingsearch
on setsof featurecorrespondencewith lowest matching
costamongall objectsin the databasell at once.This ap-
proachprovides a signi cant ef ciency improvementover
more expensve algorithmsthat computepairwise matches
betweenthe queryandall objectsin the databaséndepen-
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dently (e.g.,[BBMO5]) —i.e., it avoids computingthe opti-
mal setof correspondencesr the targetobjectsthatdo not
appearnat the top of theretrieval list. It canalsoprovide an
accurag improvementover discreteor greedyapproximate
algorithms sinceit guaranteesptimalmatcheswith respect
to acontinuouscostfunction.

3. SystemExecution

Executionof our systemproceedsn two phasesa prepro-
cessingohaseanda queryphase.

During the preprocessinghasewe build a multi-feature
representatioof every objectin the databaserirst, we gen-
eratefor eachobjecta setof sphericalregions covering its
surfaceatdifferentscalesSecondfor everyregion,we com-
pute a descriptorof the shapewithin thatregion. Third, we
computedifferencesbetweenall pairsof descriptorsat the
samescaleand associatevith every descriptora mapping
from rank to difference.Finally, we selecta subsetof fea-
turesto represeneachobjectbasedon how distinctive they
areof their objectclass.Theresultof this preprocessings a
setof “shapefeatures’(or “features, for short)for every ob-
ject, eachwith anassociategbosition(p), normal(r), radius
(r), and shapedescriptor(a featurevector of numbersrep-
resentinga local region of shape)anda descriptionof how
discriminatingits shapedescriptoris with respecto others
in the database.

For every query our matching procedureproceedsas
shavn in Figure2. Theinputsare:1) a queryobject,quely,
2) a databaseof tamget objects,db, eachrepresentedy a
set of shapefeatures,3) a cost function, cog, measuring
the quality of a proposedsetof featurecorrespondenced)
a constantk, indicating the numberof featurecorrespon-
denceghatshouldbe found for a completematch,and5) a
constantg, indicatingthe numberof objectsfor whichto re-
trieve optimalmatchesTheoutputis alist of thebestmatch-
ing targetobjects M, alongwith a descriptionof thefeature
correspondenceandcostfor eachone.

Initially, a priority queue,Q, is createdto store partial
matchesandanarray M, is createdo storethe bestmatch
to every target object. Then, all pairwise correspondences
betweenthe featuresof the queryandfeaturesof the tamget
objectsare created storedin lists associatedvith the tar
getobjects,andloadedontothe priority queue.The priority
gueuethenholdsall possiblematchesf size 1. Then,until
¢ completematcheshave beenfound, the bestpartial match,
m, is poppedoff the priority queuelf it is acompletematch
(i.e.,thenumberof featurecorrespondencesatis esk), then
the searchof thattamet objectis complete andthe priority
gueuss clearedof partialmatchego thatobject.Otherwise,
for every featurecorrespondenceetweerthe queryandthe
targetof m, thematchis extendedby onefeaturecorrespon-
denceto form a new match,m®. The bestmatchfor every
target objectis retainedin anarray M, whenit is addedto
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PriorityDrivenSearch(Objecjuery Databaselb,
Functioncost,int k, int c)
# Createcorrespondences
foreachObjecttamgetin db
foreachFeaturey in query
foreachFeaturet in tamget
p = CreateRirwiseCorrespondence(g cost)
if (IsPlausible(p))
AddToPriorityQueue(Qp)
AddToList(C[taget], p)
if (cost(p)< cost(M[taget]))
M[target]=p

# Expandmatdiesuntil nd completeones
complete_match_courtO
while (complete_match_coustc)

# Pop matd off priority queue

m = PopBestMatch(Q)

tamget= GetTargetObject(m)

# Ched for completematd

if (IsMatchComplete(k))
RemaweMatchesFromPriorityQueue(@met)
complete_match_count++
continue;

# Extendmatd
foreachPairwiseCorrespondengzin Cltarget]
m' = ExtendMatch(mp, cost)
if (IsPlausible(m"))
AddToPriorityQueue(Qm’)
if (cost(m')< cost(M[taget]))
M[target]= m'

# Returnresult
returnM

Figure 2: Pseudo-codéor priority-driven seach.

thepriority queueThis processs iterateduntil atleastc full
matcheswith k featurecorrespondencesave beenpopped
off thepriority queuefor c distincttargetobjects andthear
ray of the bestmatchedo every taigetobject,M, is returned
astheresult.

The computationabkavings of this procedurecomefrom
two sources.First, matchesare consideredfrom bestto
worst, and thus, poor pairwise correspondenceare never
consideredor extensionandaddlittle to the executiontime
of thealgorithm.Secondaftercompletematchedor atleast
c target objectshave beenaddedto the priority queueiit is
possibleto determineanupperboundonthecostof matches
thatcanplausiblyleadto oneof thebestmatcheslf thescore
computedor an extendedmatch,m®, is higherthanthatup-
perbound thenthereis noreasorto addit to thequeueand
it canbeignored.Similarly, if a match,m, is poppedoff the
gueue,thenit is provably the bestremainingmatch-i.e.,
no future matchcanbe consideredvith a lower cost. Thus,
the algorithm canterminateearly (immediatelyafter c best
matcheshave beenpoppedoff the priority queue)while still
guaranteeingnoptimalsolution.

Of coursetherearemary designdecisionghatimpactthe
ef cacy of this searchprocedureincludinghow regionsare
constructedhow shapedescriptorsaarecomputedwhatcost
functionis used how implausiblematchesareculled,andso
on. Thefollowing subsectionslescribeour designdecisions
in detail, and Section4 providesthe resultsof experiments
aimedat evaluatingtheimpactof eachoneon searchspeed
andretrieval performance.

3.1. Constructing Regions

The rst stepof the processs to de ne asetof localregions
covering the surfaceof every object.In theory the regions
could be volumetric or surfacepatchesthey could be dis-
joint or overlap;and,they couldbede ned atary scale.

In our system,we constructoverlappingregionsde ned
by sphericalvolumescenteredon points sampledfrom the
surfaceof an object[KPNKO03, NDKO5]. We have experi-
mentedwith two differentpoint samplingmethodspnethat
selectspoints randomlywith uniform distribution with re-
spectto surfacearea,andanotherthat selectgpointsat ver
ticesof the meshwith probability equalto the surfacearea
of the vertices' adjacentfaces.However, they do not give
signi cantly differentperformanceandsowe considemnly
randomsamplingwith respectto surface areafor the re-
mainderof this paper Of course,other samplingmethods
thatsampleaccordingo curvature salieng, or othersurface
propertiesvould be possibleaswell.

We have experimentedwith regions at four different
scales.The smallestscalehasradius0.25 timesthe radius
of the entire object and the other scalesare 0.5, 1.0, and
2.0times,respectrely. Thesescalesarechoserbecausé¢he
smallesscaleis approximatelythesizeof most“distinguish-
ing featuresof an object” and the largestscaleis just big
enoughto cover the entireobjectfor spherecenteredat the
mostextremepositionson the surface(Figure3).

Figure 3: Shaperegionsat four differentscales.

3.2. Computing ShapeDescriptors

The secondstep of the processis to generateand store
a representatiorof the shapefor eachsphericalregion (a
shapedescriptor). There will be mary such regions for
every surface, so the shapedescriptorsmust be quick to
compute, conciseto store, and fast to compare,in ad-
dition to being as discriminating as possible. There are
mary shapedescriptorsthat meet some or all of these
criteria (seesuneys in [BKS 05, IJL 05, TV04]). Exam-
ples include shapecontts [BMP01, MBMO01, FHK 04],
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spin images [JH99 SMS 04], harmonic shape descrip-
tors[FHK 04, NDKO5], curvaturepro les [CJ96 GCO04,
andvolumeintegrals| GMGP04.

In our systemwe have experimentedwith threedifferent
shapedescriptorsbasedon sphericalharmonics.All three
decomposa sphereinto concentricshellsof differentradii
and then describethe distributions of shapewithin those
shells using propertiesof sphericalharmonics.The rst
(“SD”) simply storesthe amplitudeof all shapewithin each
shell(thezero-thordercomponenof sphericaharmonics)-
it is a one-dimensionallescriptorequivalentto the “Shells”
shapehistogramof [AKKS99]. The second“HSD") stores
theamplitudeof sphericaharmoniccoefcients within each
frequeng — it is equivalentto the HarmonicShapeDescrip-
torof [FMK 03 KFRO03. Thelast(“FSD”) descriptorstores
the amplitudeof every sphericalharmoniccoefcient sep-
arately— it is similar to the Harmonic ShapeContets of
[FHK 04]. In all of our experimentsyve utilize 32 spherical
shellsand16 harmonicfrequenciegor eachdescriptor

We chosetheseshaperepresentationfor severalreasons.
First, they arewell-known descriptorghathave beenshavn
to provide goodperformancen previous studies] FHK 04,
SMKFO04]. Secondthey arereasonablyobust,concise and
fastto searchFinally, they provide a nesteccontinuumwith
which to investicate the trade-ofs betweenverbosity and
discrimination— SD is very concise(32 values) but not that
discriminating;HSD is moreverbosg512values)andmore
discriminating;and FSD is the mostverbose(4352values)
and the most discriminating.The three descriptorsare re-
latedin thateachof themoreconcisedescriptorss simply a
subsebraggragationof termsin themoreverbosenege.g.,
theSD descriptoistoresheamplitudeof only thezero-thor-
dersphericaharmonicfrequencies)Thus,the L2 difference
of eachdescriptorprovidesa lower boundon the L2 differ-
encebetweerthemoreverboseoneswhichenableprogres-
sivere nementof descriptodifferencesasproposedn Sec-
tion 5.

Our methodfor computingthe descriptordor all regions
of a single surfacestartsby computinga 3D grid contain-
ing the Euclidian DistanceTransformof the surface.The
grid resolutionis chosento matchthe nest samplingrate
requiredby the HSD for regions at the smallestscale;the
trianglesof the surfacearerasterizednto the grid; andthe
squareddistancetransformis computedand stored.Then,
for every sphericakegion centeredn a point sampledrom
the surface, a sphericalgrid is constructedby aligning a
spherewith thenormalto thesurface;a Gaussiariunctionof
the distancetransform(GEDT) [KFROJ is sampledat reg-
ular intervals of radiusandpolarangles;the Spharmonickit
softwareis usedto computethe sphericalharmonicdecom-
positionfor eachradius;the amplitudesof the harmonicco-
ef cients (or frequenciesgependingnthetypeof shapele-
scriptor)arecomputedtheshapelescriptorarecompressed
usingprincipalcomponentnalysis(PCA); and,the dimen-
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sionsassociatedvith the top C eigervalues(C
storedasa shapedescriptor

10%) are

For each3D object,computingthe threetypesof shape
descriptorscenteredat 128 points for 4 scales(0.25, 0.5,
1.0, and2.0) takes approximatelyfour minutesoverall and
generatesaaround1MB of dataper object. One minute is
spentrasterizingthe trianglesand computingthe squared
distancetransformat resolutionsufcient for the smallest
scaledescriptorsalmosttwo minutesare spentcomputing
the sphericalgrids,anda few secondsarespentdecompos-
ing thegridsinto sphericaharmonicdor eachobject.Com-
pressionamortizesto approximatelyone minute per object
for SFDsandapproximatelyl secondoerobjectfor SHDs.

3.3. SelectingDistinctive Features

The third stepof our processs to characterizehe differ-
encedetweershapelescriptorandto selecta subsebdf the
shapefeaturesto be usedfor matchingfor eachtarget ob-
ject. Our goal is to augmentthe featureswith information
abouthow discriminatingthey areandto selecta subsetof
the mostdistinctive featuresn orderto improve processing
speedandretrieval precision.

Selecting a subset of local shape descriptorsis a
well known technique for speedingup retrieval, and
several researcherave proposeddifferent methodsfor
this task, The simplest technique is to select fea-
tures randomly [JH99 FHK 04, MBMO01]. Other meth-
ods have consideredselecting features based on sur
face curvature [YFOZ], salieny [GCOO04, likelihood
within the same shape [GMGP05 JH99, persistence
acrossscales[GMGP0Y, numberof matchesto another
shapg SMS 04], likelihoodwithin thedatabas¢SF0§, and
distinctionof its object’s class[SF04.

In our system,we follow the ideasof [SFO§. For every
feature,we computethe L? differenceof its shapedescrip-
tor to the bestmatchof every otherobjectin the database,
sortthe differencesrom bestto worst, and save themin a
rank-to-diferencemapping(RTD). To sase spacewe 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 thetargetobjectswe quantifythis notion
by using a measureof retrieval performanceas our model
for featuredistinction[ SFO04.

Oncethe distinctionof every featurehasbeencomputed,
we employ a greedyalgorithmto selecta small setof fea-
turesto representvery targetobjectduringthe queryphase
(Figure 4). The selectionalgorithmiteratively choosegshe
featurewith highestbCG whosepositionis not closerthan
aEuclideardistancethresholdminlengh, to the positionof
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ary previously selectedeature.This processavoids select-
ing featuremnearbyeachotheron the meshandprovidesan

easyway to vary the subsetsize by adjustingthe distance
threshold.

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

Figure4: Featue selection:(a) positionssampledandomly
onsurface (b) computedCG valuesusedto representea-
ture distinction (red is highest,blueis lowest),and (c) fea-
turesselectedo representobjectduring matding.

Thenetresultof this processs a smallsetof featuresfor
everytargetobject,eachwith anassociategosition(p), nor
mal (1), radius(r), a setof shapedescriptor{SD, HSD, and
FSD), arank-to-diference-mappingRTD), anda retrieval
performancescore(DCG). In our implementationcomput-
ing theRTD andthedistinctionfor eachfeaturetakesallittle
lessthanl secondandselectinghemostdistinctivefeatures
takeslessthanasecondor eachobject.Thestorageequired
for theresultingdatarequiredatquerytimeis approximately
100KB perobject.

3.4. Creating Pairwise Feature Corr espondences

Whengiven a queryobjectto matchto a databasef tamget
objectsthe rst stepisto computehecostof pairwisecorre-
spondencebetweerfeaturesof the queryto featuresof the
target. Thekey to this stepis to developa costfunctionthat
provideslow valuesonly whentwo featuresarecompatible
andgraduallypenalizegairsthatarelesssimilar. The sim-
plestandmostcommonapproachs to usethe L2 difference
betweentheir associatecgshapedescriptors.This approach
formsthebasisfor ourimplementationbut we augmentt in
threeways.

First, givenfeatures=; andF,, we computethe L differ-
ence,D, betweentheir shapedescriptorsThen,we usethe
rank-to-diferencemappings(RTD) of eachfeatureto con-
vertD into arank(i.e.,wherethatdistanceallsin theranked
list associatedvith eachfeature).The new differencemea-
sure (Crank) is the sumof the rankscomputedfor F; with
respecto theRTD of I, andvice versa:

Crank= RanKRTDy; D) + RanKRTDy; D)

This featurerank cost (which we believe is novel) avoids
the problemthatvery commonfeatureqe.g., at planarre-
gions)canprovide indistinguishingnatchegfalsepositives)
whenL? differencesare small. Our approachconsidersnot
theabsolutdifferencebetweertwo featuresput rathertheir

differencerelative to the bestmatchingfeaturesof otherob-
jectsin the databaseThus, 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-wholeobject matching,we cantake ad-
vantageof thefactthatfeaturesaremorelikely to bein cor
respondenc# they appeaiat the samerelative positionand
orientationwith respecto therestof their objects.Thus,for
eachfeature,we computethe distancebetweenits position
andthe centerof massof its object(R), scaledby the aver
ageof R for all featuredn the object(RA/G), andwe adda
distanceterm C, 4qiys t0 the costfunctionaccountingor the
differencebetweerthesedistances:

Cradius = ] %1(31 %262]

We alsocomputea normalizedvectorr from the object’s
centerof massto the positionof eachfeatureand storethe
dotproductof thatvectorwith thesurfacenormal(r) associ-
atedwith the feature.The absolutevalue of the dot product
is takento accountfor the possibility of backfacingsurface
normals.Then,the differencebetweendot productsfor ary
pair of featuress usedto form anormalconsisteng termto
the costfunction:

Chomal = Jif1 M jr2 Rjj

Overall, the costof a featurecorrespondencis a simple

functionof thesethreeterms:

— Grank Gadi Ghormal
Ceorresponcence™ rankCrankt @radiusCragius T @normalCpormal
wherethea coefcients andgexponentsareusedto normal-
ize andweightthe termswith respecto eachother

Of coursecomputingall potentialpairwisefeaturecorre-
spondencebetweera queryobjectanda databasef tamgets
is very costly If the queryhasMq featuresandeachof N
tamgetshasMt selectedfeaturesthenthe total numberof
potentialfeaturecorrespondenceés N Mg Mr. To ac-
celeratethis processye utilize conserative thresholdson
eachof the threeterms(maxank maxadius, maxhormal)
to throw away obviously poorfeaturecorrespondence3he
termsarecomputedandthethresholdsarechecledprogres-
sively in orderof how expensve they areto compute(e.g.,
Crank is last), andthusthereis greatopportunityfor trivial
rejectionof poor matcheswith little computationlndexing
andprogressiere nementcouldfurtherreducehecompute
time asdescribedn Section5.

3.5. Searching for the Optimal Multi-F eature Match

The secondstep of the query processis to searchfor the
bestmulti-featurematchesetweerthe queryobjectandthe
targetobjects.Thisis themainstepof priority-drivensearch.

¢ TheEurographicsAssociation2006.



T. Funkhouse& P. Shilane/ Partial Matching of 3D Shapeswith Priority-Driven Seach

V' o
u\
o A 'l
g) Chord
S
Q
3
S Point
O Sample
S
Region
x -
Shape
Descriptor

Figure 5: A 3-featue matc for two airplanes.Redpoints
representfeatuie positionson the surface For three fea-
tures,red circlesrepresentregions, gray histogramsrepre-
sentshapedescriptos, orange linesrepresenteature corre-
spondencesand bladk lines representiengthsbetweerfea-
tures of sameobject. Consistencyf all shapedescriptos,
lengths,andanglesis requiredfor a goodmatd.

A priority queueis usedto storeincompletesetsof fea-
turematchegluringabacktrackingsearchlnitially, all pair-
wise correspondencggomputedasdescribedn the previ-
oussubsectiongreloadedontothepriority queueThen,the
bestpartial match,m, is repeatedlypoppedoff the priority
gueueandthenextendednatchesrecreatedor everycom-
patiblefeaturecorrespondencandloadedonto the priority
queue.This processs iterateduntil at leastc full matches
with k featurecorrespondencédsve beenpoppedoff thepri-
ority queuefor distincttargetobjects.

As a partial matchis extendedto include one morefea-
ture correspondencewo extra termsare addedto the cost
functionto accountfor geometricdeformationamplied by
multiple pairwisefeaturecorrespondence§igureb). First,
achordlengthtermCieng is addedo penalizematchesvith
inconsisteninter-featurelengths Speci cally, for every pair
of featurecorrespondences m, we computethe length of
the chord betweenfeaturepositionsin the sameobject(L),
scaledby the averageof L over all featuresin the object
(LAVG). Then,we computethedifferencebetweerthesedis-
tancesandnormalizeby thegreaterof thetwo to producethe

lengthtermof the costfunction:
. Ll L2 .
Ciengh = v, ™G
engh = L, . L
maX tave;  TAVG;)
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Second,a surface orientationterm is addedto penalize
matcheswith pairs of featurecorrespondenceshosesur
facenormalsareinconsistentThis termpenalizeshothmis-
matchedn therelative orientationsof the two pairsof nor
mals with respectto one otherand mismatchesn the ori-
entationsof the normalswith respecto the chordbetween
thefeatureslf v is thenormalizedvectorbetweerfeatures
laandlbwith normalsm, andnyy in objectl, andsimilar
variablesdescribetherelative orientationsof featuresn ob-
ject 2, thenthe orientationterm of the costfunction canbe
computedasfollows:

Corient = JJ Ma r’fle .J‘ﬁZa ﬁ2bJJ"'
i el v i+
Y1 Pip)  J¥2 b))

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

dences:

- Gengh i
Cehord = alenghqee,:éh"’ aoriertcgﬁgrt

As in theprevioussectionwe utilize conserative thresh-
olds on Ciengh andCorierr (Maxengh andmaorientation)
to throw away obviously poor featurecorrespondencesVe
also utilize a thresholdon the minimum distancebetween
featureswithin thesameobject(minlengh) in orderto avoid
matchesomprisedf featuresn closeproximity to onean-
other

Theoverall costof a matchis the sumof thetermsrepre-
sentingdifferencesn thek featurecorrespondenceandthe
geometriddifferencedbetweerthek(k-1)/2 chordsspanning
pairsof features:

Crmach = é. Ccorrespondsnc&i) + é. Cenord (i J)

i<k i;j<ki<j

4. Results

In this section, we presentresults of experimentswith
priority-drivensearchWe investigatetheperformancef the
methodin relationto the stateof the art in shape-baserk-
trieval andinvestigate the impactof several designchoices
onthespeedandquality of retrieval results.

All experimentswere basedon the 3D dataprovided in
the PrincetonShapeBenchmar SMKFO04. It contains907
polygonalmodelspartitionedinto 92 classeqsedansrace
cars,commercialets, ghter jets,dining roomchairs,etc.).
This databasevas chosenbecauseét hasbeenusedin sev-
eral previous 3D shaperetrieval studies(e.g., [BKS 05,
SMKF04)) andthusformsabasisfor comparisorwith com-
petingmethods.

In arepresentate preprocessinghasewe generatedea-

turesat 128 surfacepointswith 4 differentscalesfor every
object.For everyfeature we computedts shapedescriptors,
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RTDs, and DCGs, and then we selectedthe most distinc-

tive setof descriptorsusingthe methodsdescribedn Sec-

tions 3.1-3.3 The total preprocessingime for all 907 ob-

jectswas 70 hoursandthe total size of all datagenerated
was 1GB, of which 64MB representshe selectedfeatures
thathadto be storedin memoryfor targetobjectsduringthe

queryphase.

During the queryphasewe performeda seriesof “leave-
one-out’classi cationtests.In eachtest,every objectof the
databas&vasusedasaqueryobjectto searchdatabaseson-
tainingtheremainingN 1 tamgetobjects Standardnforma-
tion retrieval metrics suchasprecisionyecall,nearesheigh-
bor classi cationrate (1-NN), rst-tier percentagdl-tier),
second-tiempercentagd?2-tier), and discountedcumulatve
gain (DCG), were computedio measurenow mary objects
in thequerys classappeanearthetop of its rankedretrieval
list, andthosemetricswereaveragedor all queries.

Unless otherwise stated, experiments were run on a
x86_64processowith 12GBof memoryrunningLinux. Pa-
rametersfor the “base con guration” of the systemwere
setasfollows: ¢ = 1, k = 3, numberof featuresper ob-
ject=128,numberof featurescales= 4 (0.25,0.5,1.0,and
2.0),shapedescriptotype= HSD,compressiomatio= 10X,
maxadius = maxiormal = maxengh = maorientation
= 0.25, minlengh = 0:3 RA/G, a;ank = 0.01, aragivs =
@normal = alengh = Aoriert = 1, aNdGank = 4, Gadius = Ghormal
=dengh = Qorient = 2. Theseparametersieredeterminesgm-
pirically and usedfor all experimentswithout adjustment,
exceptin Section4.1 wherethe FSD shapedescriptorwas
usedandin Sectiord.3wheretheimpactof speci c param-
etersettingswvasstudied.

4.1. Comparisonto Previous Methods

Thegoalof the rst experimentwasto evaluatetheretrieval

performanceof the proposedpriority-driven search(PDS)
approachwith respectto previous state-of-the-artshape-
basedetrieval methods:

Depth Buffer Descriptor (DSR740B) this shapede-
scriptorachiesedthe highestretrieval performancen the
study of [BKS 0€]. It describesan objectby six depth
buffer imagescapturedfrom orthogonalparallel projec-
tions [HKSV02]. Imagesare stored as Fourier coef-
cientsof the lowestfrequenciesanddifferenceshetween
Fourier coefcients provide a measureof objectdissim-
ilarity. We use Dejan Vranic's implementationof this
method [Vra0€ without modi cation and ran it on a
2GHz Pentium4runningWindowsXP,

Light Field Descriptor (LFD): this shapedescriptor
achieved the highestretrieval performancen the study
of [SMKF04. It represents&n objectas a collection of
imagesrenderedrom uniformly sampledpositionson a
view sphergfCOTS03. The dissimilarity of two objects
is de ned astheminimumL;-differencebetweeraligned

imagesof the light eld, taken over all rotationsandall
pairingsof verticeson two dodecahedrale usethe orig-
inalimplementatiorprovidedby Chenetal. withoutmod-
i cation andran it on a 2GHz Pentium4running Win-
dowsXP

Global Harmonic Shape Descriptor (GHSD): this is
the shapedescriptorcurrently usedin the Princeton3D
SearctEngine[FMK 03]. It describesnobjectby asin-
gle HSD featurepositionedat the centerof masswith
radiusRA/G. We includeit in this studyto provide an
apples-to-applesomparisorto a methodthat matchesa
single global shapedescriptorof the sametype usedin
our study

Random: This methodprovides a baselinefor retrieval
performancelt producesarandomretrieval list for every

query

Figure6 shawvs a precision-recalplot comparingthe av-
erageretrieval performancdor all queriesfor eachof these
shapematchingmethods.Brie y, precisionand recall are
metricsusedto evaluateranked retrieval lists. If one con-
sidersthetop M matchedor ary query recal measureshe
fraction of the query’s classfound, and precisionmeasures
thefractionof objectsfound from the query's class— higher
curwesrepresenbetterretrieval performance.

1 T

Priority-Driven Search
0.9 Depth Buffer (DSR472B) B
Light Field Descriptor (LFD) ——
0.8 Harmonics Descriptor (GHSD) —— -
Random
0.7
c 06
o
% o5}t
o
& 04t
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0.1 | q

0 . . . . N N n n I
0 01 02 03 04 05 06 07 08 09 1

Recall

Figure 6: Precision-ecall plot comparingpriority-driven
search (PDS)to otherstate-of-the-arshapematding meth-
odsusingthe PrincetonShapeBendimark.

Timing statisticsandstandardetrieval performancenea-
suresarealsoshowvn in Table 1. The leftmostcolumnindi-
catesthe shapematchingmethod(PDSis the onedescribed
in this paper).The remainingcolumnslist the averagetime
requiredfor one queryinto the databasdin seconds)the
averageclassi cation rate achiezed with a nearestneigh-
borclassi er (1-NN), theaveragepercentagesf thequery's
classthatappeaiin the rst-tier (1-Tier) andsecond-tie 2-
Tier), and the averagediscountedcumulatie gain (DCG)
computedrom therankedretrieval lists.

From these statistics, we see that the priority-driven
searchalgorithmprovidesthe bestretrieval performanceof

¢ TheEurographicsAssociation2006.
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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

Table 1: Comparisorof retrieval statisticsbetweerpriority-
driven seach (PDS) and other methodson the Princeton
Shape8endmark(timesare in seconds).

thetestednethodonthisdataset.Theimprovementin near

est neighborclassi cation rate over the Depth Buffer De-

scriptoris 25.4%(83.4%vs. 66.5%)andthe improvement
overtheLight Field Descriptoris 28.3%(83.4%vs. 65.0%).
Theseareremarkablémprovementdor this dataset— typi-

caldifferencedetweeralgorithmsfoundin otherstudiesare
usuallya coupleof percentag@oints[ SMKF04].

However, the PDS algorithm takes considerablymore
computetime to preprocesshe databas€4-5 minutesper
object),morememoryperobject(100KB pertargetobject),
andmoretimeto nd matchegq2.4 secondperquery)than
the othertestedshapedescriptors Almost all of the query
processindime is spentestablishinghe costof featurecor
respondencesand less than a tenth of a secondis spent

nding the optimal multi-featurematchwith priority driven
searchThus,webelieve thatsimpleimprovementgo theba-
sic algorithm(e.g.,compressionindexing, etc.)will signi -
cantlyimprove the processingpeedandthatqueryprocess-
ing timeslessthana secondarepossiblein this framework
(Sectionb).

In ary case,it seemghat priority-driven searchis well-
suitedfor batchapplicationsvhereretrieval accurag is pre-
mium. Often, query resultscan be computedoff-line and
cachedfor laterinteractve analysis— e.g.,for discovery of
relationshipsin mechanicalCAD, molecularbiology, etc.
Eveninteractve searclenginesanbene t from off-line pre-
processingvith high-accurag matchingmethodsfor exam-
ple,to preprocesguerieshat nd ashapesimilarto another
in the databaséover 90% of the 3D queriesto the Princeton
3D SearchEngineareof thistype[MHKFO03]).

4.2. Evaluation of Algorithmic Contrib utions

The goal of the secondexperimentis to understandvhich
algorithmicfeaturesof the priority-driven searchalgorithm
contrikute mostto its timing andretrieval performanceTo
studythis questionwe startedwith the “basecon guration”
andran the systemmultiple times on the PrincetonShape
Benchmarkwith differentaspect®f the systemenabledand
disabled.

Rank (R): If enabledthecostof two correspondinghape
descriptorqC;ank) Wasthe sumof the two ranksin their
respectie retrieval lists, asdescribedn Section3.4. Oth-
erwise, it was the direct L2 distancebetweenshapede-
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scriptors(the mostcommonmeasuref descriptordiffer-
encein othersystems).

Multi-Scale (S): If enabledthe costsof the bestmatches
foundatall four scalesveresummedOtherwisethecost
of the bestmatchfound amongfeaturesat scale0.5 was
used(thescalethatgave thebestretrieval performancen
its own).

Distinction (D): If enableda smallsubsebf featureg
7) was selectedfor matchingwithin every tamget object,
asdescribedn Section3.3. Otherwise all featureswere
includedwithin thetamgetobjects.

Resultsof this experimentareshavn in Figure7 and Ta-
ble 2. The rst threecolumnsof Table 2 indicatewhether
eachof thethreealgorithmicfeatureqR, M, andD) areen-
abled(Y) or disabled(N), andthe remainingcolumnspro-
vide retrieval performancestatistics(note that the top row
repeatghe performancestatisticsfor PDSwith all its algo-
rithmic featuresenabledY Y Y).

1-NN | 1-Tier | 2-Tier | DCG

74.3 455 57.0 70.6
67.9 37.0 47.7 64.1
67.0 36.6 475 62.8
66.6 37.2 48.7 64.4
63.4 32.7 42.6 60.6
63.0 30.2 41.0 58.3
54.0 28.2 38.3 56.0
57.0 26.7 36.2 54.7

Z|1Z2<Z|<K<Z|<|=™
Z|1Z2 Z2X|<KZ<X|<X||wn
Z|I<Z2Z|Z2 <<X|<|0

Table 2: Resultof experimentdo investigateheindividual
andcombinedralueof threealgorithmicfeaturesof priority-
drivenseach (PDS).Thetop row representghe basePDS
algorithm(Y Y'Y).Otherrowsrepresentariantsof thealgo-
rithmswith threealgorithmicfeatues(R = rank,S= multi-
scale and D = distinctivefeature selection)enabled(Y) or
disabled(N). Differencesin the resultsachievedwith these
variantsprovide insightsinto which aspectf the PDSal-
gorithmcontribute mostto its results.

Fromtheseresults,we seethatthe retrieval performance
of our systemcomesfrom several sourcesThatis, all three
algorithmic featurestestedcontritute a modestbut signif-
icantimprovementto the overall result. Speci cally, if we
considerthe incrementalimprovementsin nearestneigh-
bor classi cation rates(1-NN) of the combinationsshavn
in Figure7, we nd that multi-scalefeaturesprovide 11%
improvementover using the bestsingle scale (63.4% vs.
57.0%); selectingdistinctive featuresof target objectsfur-
ther boostsperformanceéyy another7% (67.9%vs. 63.4%);
and, using descriptorranksratherthan L? differencespro-
videsa further 9% improvement(74.3%vs. 67.9%).These
threealgorithmicfeaturescombineto contritute a cumula-
tive 30%improvementin retrieval performancever the ba-
sic versionof our multi-featurematchingalgorithm(74.3%
vs.57.0%).
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Figure 7: Precision-ecall plot showingthe relative contri-
butions of different algorithmic featuses of priority-driven
seach. Thetop curve(red) showstheretrieval performance
of the bestperformingsetof optionsfor the PDSalgorithm
(it is the sameas the red curve in Figure 6). The second
curve (green) showsthe result of using HSDsrather than
FSDsas shapedescriptos (it representghe “base con gu-
ration” for the studyin Section4.3). Thethird curve (blue)
showsthe resultsof using L? differencesinsteadof ranksto
measuefeature correspondenceosts;thefourth curve(ma-
genta)showsthe same but withoutselectinga subsebf dis-
tinctive featueson target objects;the next-to-bottomcurve
(cyan) also disablesmulti-scalefeature matding (all fea-
turesare matdedonly at scale0.5); and, the bottomcurve
(yellow) showsthe resultswhen nding only one point per
matd ratherthan3. Notehowtheretrieval performancele-
gradessigni cantly whenead of thesealgorithmicfeatues
is disabled.

With respecto timing, the main expenseof the priority
drivensearchimplementations establishingheinitial setof
pairwisefeaturecorrespondences 0.3 secondsper query
per scale).By comparisonthe time requiredto searchfor
the bestmulti-featurematchis negligible (< 0.1 seconds).
So,thetiming resultsarecurrentlydominatedyy thenumber
of featurexconsideredor eachtargetobjectandthe number
of scalexconsideredor eachfeature.

Overall,we nd thatchoosingdistinctive featuregD) im-
proves both precisionand speedsigni cantly; usingranks
ratherthanL? differenceqR) improvesprecisionwith neg-
ligible extracomputetime; and,usingfeaturesatfour scales
(S) improves precision,but incursfour timesthe computa-
tional expense.

4.3. Investigationof Parameter Settings

The goal of the third experimentis to investigatein detail
how variousoptionsof the priority-driven searchsystemaf-
fect the timing andretrieval performanceOf course there
is alarge spaceof possibleoptions,andthuswe areforced
to focusour discussioron small“slices” throughthis space.

Ourapproachs to centerourinvestigationon the“basecon-

guration” setof optionsdescribedn the beginning of this
sectionandto study how timing andretrieval statisticsare
affectedindependenthasoneoptionis variedatatime.

Theresultsof this studyareshowvn in Table3(a-d)—each
table studiesthe impact of a different option, and differ-
entrows represent differentsettingfor thatoption. Please
notethatrows markedwith an™*' representhe samedata—
they provideresultsfor thebasecon gurationthroughwhich
slicesof optionspacearebeingstudied.

Descriptor Time || 1-NN | 1-Tier | 2-Tier | DCG

SD 11 75.5 44.2 56.1 71.1
HSD* 1.2 74.3 455 57.0 70.6
FSD 24 83.4 51.7 63.4 75.9
(a) Shapedescriptottype

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 74.3 455 57.0 70.6
All 0.6 71.3 40.6 54.2 68.0

(b) Scaleausedfor matchingshapeeatures

# Points Time 1-NN | 1-Tier | 2-Tier | DCG

64 0.6 71.9 42.4 54.2 68.6
128* 12 74.3 455 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 featurecorrespondencegser match(k)

Table 3: Resultsof experimentdo investigatethe impactof
several optionson the querytime (in secondspndretrieval
performanceof priority-driven seach.

Impact of shapedescriptor type (Table 3(a)): more ver
bose descriptorsgenerally provide better retrieval perfor
mance albeit at higher storageand computecosts.For ex-
ample,the Fourier shapedescriptor(FSD) provides better
nearesteighborclassi cation rates(83.4%)thanthe Har
monic shapedescriptor(HSD) (74.3%).However, it is also
eighttimesbigger andthuseight times more expensve to
comparelnterestinglythe Shellsshapedescriptoi(SD) pro-
videsretrieval performancesimilar that of the HSD in this
test.Furtherstudyis requiredto determinenhichdescriptors
provide thebest‘bangfor thebuck” for speci c applications
and how multiple descriptorscan be combinedto provide

¢ TheEurographicsAssociation2006.



T. Funkhouse& P. Shilane/ Partial Matching of 3D Shapeswith Priority-Driven Seach

theaccurag of the mostverboseoneswhile incurringquery
timesof the smallerones(Section5).

Impact of feature scale(Table3(b)): mediumscalefeatures
(radius= 0.5-1.0)provide betterretrieval performancehan
small andlarge scalesin this test,and multi-scalefeatures
performthe bestof all (hearesheighborclassi cationrates
are 74.3%with multi-scaleversus67.0%with the bestsin-
gle scale(0.5)). Interestingly summingthe cost functions
computedfor matchesat all four scalesseparately“Multi-
scale”)providesbetterretrieval performancehanmatching
featuresat all scalessimultaneously(“All"). The difference
is that the sameset of featuresmustmatchat all 4 scales
in “All,” while differentfeaturescan be selectedindepen-
dently for eachscalein “Multi-scale!” This resultseemgo
suggesthatfeaturegersistenacrosanultiple scalesarenot
necessarilyasusefulfor classi cationasonesthatarevery
distinctive ata particularscale.

Impact of the number of sample points per object (Ta-
ble 3(c)): including moresamplepointsfor eachobjectim-
provesretrieval performancen this test,at leastup to 512
points. The nearesheighborclassi cationrateis 76.6%for
512pointsperobject,whileit is 75.5%for 256 points,74.3%
for 128points,and71.9%for 64 points.Althoughasmallset
of distinctive featuresareultimatelyselectedor everytarget
objectduring a preprocessfeaturescenteredat all sample
points of the query objectare candidategor a match,and
thusthe computetime for eachqueryshouldbeproportional
to the numberof points (the quadraticgrowth obsered in
this experimentis anartifactof ourimplementation).

Impact of number of feature correspondences(Ta-
ble 3(d)): matchinglarge numbersof featuresdoesnot im-
prove retrieval performancen this study In fact, matching
morethan3 featuresseemdo degradeperformanceThisre-
sultmaybebecausdeaturesarequitelargescaleandspread
apartandthus3 featuresnaydescribeheshapeaswell asis
possiblewith the HSD featurerepresentationinterestingly
matchinglarger numbersof featuresalsodoesnot increase
querytimes— this is becausehe priority-driven searchal-
gorithmis ableto nd goodmatchesn time thatis largely
independenof the numberof possiblematches- it investi-
gatesonly the goodmatchesandignorestherest.

5. Conclusionand Futur e Work

This paperdescribesan algorithmfor multi-featurematch-
ing of 3D shapewwith priority-drivensearchThemaincon-
tributionis analgorithmfor searchinga databaséor thebest
multi-featurematchesvithout computingcompletematches
for every object.Perhapgust asvaluableis theinvestication
of factorsthatcontritute to speedandretrieval performance
improvementsin a multi-featurematchingsystemWe nd
that: 1) using ranksto measurethe cost of a featurecor
respondencé more effective that using L? differencesdi-
rectly; 2) selectingtarget featuresbasedon how distinctive
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they areof theirobject's classcanimprove bothsearctspeed
and retrieval performancesigni cantly; and, 3) matching
featuresat different scalesindependentlyand then adding
theresultingcostsis an effective way to combineshapein-
formationfrom multiple scales.

This work suggestsseveral areasfor improvementand
future work. In particular there are three main computa-
tional bottlenecksin the system:1) constructingshapede-
scriptors2) determininghedistinctionof shapedescriptors,
and 3) generatingpairwisefeaturecorrespondence3here
are mary simple ways to speedup thesesteps,including
randomsampling,compressionandindexing. For example,
the time requiredto establishthe bestpairwisecorrespon-
dencesbetweenfeaturescould be improved with standard
multi-dimensionaindexing schemesWe have focusedour
efforts in this paperon the priority-driven searchalgorithm,
andthuswe have notyetinvestigatedtheseoptionsin detail.

Anotherinterestingoptionis to computethe costof fea-
ture correspondencgzrogressiely — i.e., initially compute
aconserative lower boundon thedifferencebetweershape
descriptorge.g.,using SD), and only re ne it for the best
matchesWhenthecorrespondenagsesto thetop of thepri-
ority queuethelowerboundonthedescriptodifferencecan
bere ned alittle further (e.g.,usingHSD) andloadedback
ontothepriority queueAfter thefeaturecorrespondendeas
reachedhetop of thepriority queueandbeenre ned anum-
ber of times,thefull correspondenceostwill be computed
(e.g.,using FSD) andthe PDS algorithm could proceedas
usualwith thatcorrespondenc&his approactwould utilize
the priority driven stratey not only for extendingmatches,
but alsofor computingcorrespondences the rst place.

Perhapghe mostinterestingquestionfor further studyis
to investicate how bestto recognize3D objectsfrom their
parts.Of course this is an active topic in computervision,
but the issuesfor 3D shapesare differentthanthey arefor
2D images Our studyseemdo suggesthatjustafew shape
featuresare sufcient to recognizemost3D objects.It will
be interestingto seewhetherotherobjecttypesfollow this
pattern,andwhethereffective algorithmscanbe developed
usingevenfewer features.
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