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1 Intr oduction

With theadventof theworld wideweb,thenumberof available3D
modelshasincreasedsubstantiallyandthe challengehaschanged
from “How do we generate3D models?” to “How do we �nd
them?” In this sketchwe describea new 3D modelmatchingand
indexing algorithmthat usessphericalharmonicsto computedis-
criminatingsimilarity measureswithout requiringrepairof model
degeneraciesor alignmentof orientations. It provides 46–245%
better performancethan relatedshapematchingmethodsduring
precision-recallexperiments,andit is fastenoughto returnquery
resultsfrom arepositoryof 20,000modelsin underhalf asecond.

2 Model Representation and Matching

The main challengein designinga model matchingalgorithm is
to �nd a computationalrepresentationof shapefor which an in-
dex can be built and geometricmatchingcan be performedef�-
ciently. Generallyspeaking,the following propertiesaredesirable
for a shaperepresentation.It shouldbe: (1) quick to compute,(2)
conciseto store,(3) easyto index, (4) invariant undersimilarity
transforms,and(5) independentof 3D objectrepresentation,tessel-
lation,genus,or topology.
Previous work in de�ning shaperepresentationsfor matchingcan
beclassi�ed into two broadcategories.The�rst classof represen-
tationsusemethodssuchasPCA to align themodelinto a canoni-
cal coordinateframeandthende�ne theshaperepresentationwith
respectto this orientation. Suchmethodsinclude,amongothers,
Moments[Elad et al. 2001]andExtendedGaussianImages[Horn
1984]. Thesecondclassof methodsde�ne representationsthatare
invariant underrotationand includemethodssuchas ShapeHis-
tograms[Ankerstetal. 1999]andShapeDistributions[Osadaetal.
2001]. In our experimentswe have foundthatPCA basedmethods
areunstableasa resultof multiplicity of eigenvaluesandsensitiv-
ity to outliers. The shaperepresentationthat we have designedis
bothrotationinvariantanddiscriminating,characterizingashapein
termsof theclusteringof massondifferentconcentricspheres.
Thestepsfor computingtheharmonicshaperepresentationareout-
lined in Figure1: (1) Givena model,we rasterizeits polygonsinto
a 64� 64� 64 voxel grid, (assigninga voxel a valueof 1 if it was
within onevoxel of a point on theboundary, anda valueof 0 oth-
erwise). The model is alignedso that its centerof massis at the
centerof the grid, andso that its boundingspherehasradius32.
(2) Treatingit asa functionde�ned in three-space,we decompose
the voxel grid into 32 sphericalfunctionsby restrictingthe voxel
grid to sphereswith radii 1 through32. (3) We decomposeeachof
thesefunctionsasasumof its �rst 16harmoniccomponents,analo-
gousto a Fourierdecompositioninto differentfrequencies.(4) Us-
ing the fact that rotationsdo not changethenormof theharmonic
components,we de�ne thesignatureof eachsphericalfunctionas
a list of these16 norms. (5) Finally, we combinethesedifferent
signaturesto obtaina 32� 16 signaturefor the3D model. There-
sultantrotationinvariantsignatureis a two-dimensionalgrid where
thevalueof the(i; j)-th index is equalto thenormof the j-th order
componentof thesphericalfunctionon thesphereof radiusi.
To comparetwo harmonicrepresentations,we simply computethe
Euclideandistancebetweenthem.Thus,�nding theK closestmod-
elsto aqueryis equivalentto solvingthenearest-neighborproblem
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Figure1: ComputingtheHarmonicShapeRepresentation

in a 32� 16 dimensionalspace.Although this problemis known
to be hardin the worst case,we canbuild a searchalgorithmthat
worksef�ciently in practiceby takingadvantageof themultireso-
lution natureof theharmonicdecompositionto guidea dimension
reductionindexing method.

3 Results
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We comparedthe shape clas-
si�cation performance of our
methodto � ve existing methods,
using a test databaseof 1890
modelsprovided by Viewpoint.
The modelswere clusteredinto
85 classesbasedon functional
similarities. The smallestclass
had 5 models, the largest 143,
and 610 modelsdid not �t into
any meaningfulclass.Theother
methodstestedwere: Moments,
ExtendedGaussianImages,ShapeHistograms,andD2 ShapeDis-
tributions. The �gure on the right shows the precisionvs. recall
graphsfor eachmethod. Note that our methodhasprecisionval-
ueson average42 % higherthanD2, 60 % higherthanShapeHis-
tograms,126% higherthanEGIs,and245% higherthanmoments.

4 Conc lusion

In summary, this sketch investigates a new method for model
matchingand indexing. The main researchcontribution is a new
shaperepresentationthatallows for ef�cient, robust,anddiscrimi-
natingquerryingof modelsin largedatabases.
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