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Advancesin computerspeed,memorycapacityandhardwaregraphicsaccelera-

tion have madethe interactive manipulationandvisualizationof complex, detailed

(andthereforelarge)three-dimensionalmodelsfeasible.Thesemodelsarepainstak-

ingly designedeitherthroughanelaborateCAD processor reverseengineeredfrom

sculptedprototypesusingmodernscanningtechnologiesandintegrationmethods.

Theavailability of detaileddatadescribingtheshapeof anobjectoffersthecomputer

vision practitionernew waysto recognizeandlocalizefree-formobjects.This sur-

vey reviews recentliteratureonboththe3D modelbuilding processandtechniques

usedto matchandidentify free-formobjectsfrom imagery.

1. INTRODUCTION

Computermodelsof free-formobjectsareakey elementof many interestingapplications
involving graphicsand visualization(e.g., virtual world design,environmentmodeling
for semi-autonomousnavigation [54], etc.). In particular, techniquesfor the automatic
recognitionof 3D objectshave becomeincreasinglysophisticatedand the useof free-
form objectmodelsin suchsystemsis now seeingfocusedattentionfrom researchersin
the computervision community. Moreover, recentyearshave seenwork in the graphics
and vision communitiesintersectin the areaof free-form object modeling. Graphics
practitioners,facedwith thelabor-intensiveprocessof redesigningcomplex objectsonCAD
systems,would preferto usevision techniquesto assemblemultiple views of a complex
object togetherinto a model that canbe fine-tunedandcompletedinteractively. Vision
practitioners,facedwith the limited scopeof simple geometricobject representations,
seefree-formrepresentationsasa lingua franca, a universallanguage,for future object
recognitionsystems.

In this paperwe will survey the recentwork done to representand recognizefree-
form objects. Includedin thediscussionaboutrepresentationis a definition of free-form
objects(Section2), coverageof methodsusedto representobjectgeometry(Section3),
andadescriptionof somecurrenttechniquesproposedin thecomputervisionandgraphics
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2 CAMPBELL AND FLYNN

literatureto developamodelof theobjectfrom 3D (range)imagedata(Section4). Specific
techniquescoveredincludeimagedataregistration(Section4.1),integration(Section4.2),
andmodeloptimization(Section4.3). Thesecondmajorportionof thesurvey addresses
techniquesusedto identify free-formobjectspresentin datagatheredfrom intensityor
rangeimagescanners(Section5). This includesappearance-based(Section5.1),intensity
contourbased(Section5.2)andsurfacefeaturebasedtechniques(Section5.3). Thesurvey
concludeswith somespeculationon areasripe deservingfurtherresearch(Section6).

2. FREE-FORM OBJECTS AND SURFACES: DEFINITIONS, PROPERTIES
AND ISSUES

Definitionsof free-formsurfacesandobjectsareoftenintuitiveratherthanformal. Syn-
onymousadjectivesinclude‘sculpted’,‘free-flowing’, ‘piecewise-smooth’,or ‘piecewise-���

’ for somedesireddegreeof continuity � . Often,‘free-form’ isageneralcharacterization
of anobjectwhosesurfacesarenotof amoreeasilyrecognizedclasssuchasplanarand/or
naturalquadricsurfaces. Hence,a free-formobject is often assumedto be composedof
oneor morenon-planar, non-quadricsurfaces(’free-formsurface’). A roughlyequivalent
characterizationwasprovidedby Besl[11]: “a free-formsurfacehasawell definedsurface
normalthat is continuousalmosteverywhereexceptat vertices,edgesandcusps”. Dorai
andJain[31], Besl[11], andSteinandMedioni[105] citesculptures,carbodies,shiphulls,
airplanes,humanfaces,organs,andterrainmapsasbeingtypical examplesof free-form
objects. Specificallyexcludedfrom this classof objectby theseauthorsarestatistically
definedshapesliketexturesandfoams,infinitely detailedobjectspossessingself-similarity
thatarebestdescribedusingfractalmodels,andnon-orientablesurfacessuchasMœbius
stripsandKlein bottles.

Despitethe different applicationcontexts of free-form object models in vision and
graphics,somecriteria apply (or shouldapply) to representationsregardlessof domain.
In anearlysurvey on objectrepresentation,Brown [16] lists ambiguity, conciseness,and
uniquenessassomemathematicalpropertiesof objectrepresentation.Ambiguitymeasures
the representation’s ability to completelydefine the object in the model space;this is
sometimesreferredto ascompletenessof the model descriptionin the computervision
literature. Concisenessrepresentshow efficiently (compactly)thedescriptiondefinesthe
object. Finally, uniquenessis usedto measureif thereis morethanoneway to represent
thesameobjectgiventheconstructionmethodsof therepresentation.If therepresentation
is unambiguousand uniquethen thereis a one-to-onemappingfrom the object to the
representation.

The importanceof thesemathematicalpropertiesto the object representationstrategy
dependson the applicationcontext. In the caseof objectrecognitionapplications,com-
pletenessandcompactnessareoftensacrificedin favor of efficiency [36]. Thepragmatic
issueof performanceoftenmakessuchcompromisesappropriate.This highlightstheap-
plicationdependenceon theuseof completevs. discriminatory models. Discriminatory
modelsaremostoftenusedin objectrecognitionbecausethey canbedesignedto capture
thedetailsthatdifferentiateobjectsfrom oneanotherefficiently. Theserepresentationsare
designedto beefficient for the taskof matching,andnot asa completedescriptionof an
object’sgeometry.

By contrast,somecomputergraphicsapplicationsrequirecompletemodelsto accurately
rendera realistic synthetic image of the objectsdescribed. When rendering,the key
attributesrelateto realism(visualfidelity). Onecommonmethodto improverealismof 3D
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renderingis to increasepolygondensityandthequalityof theaccompany texturemapsfor
themodelsusedin rendering.

In a computervision context, theobjectmodelis designedfor usein thespecificvision
application(suchasnavigation, recognition,or tracking),andvisual fidelity may not be
a criterionof interest. Efficient executionof the applicationis almostalwaysof interest,
andthis may favor multiple redundantrepresentations.In objectrecognition,saliencyis
an importantfeatureof objectrepresentations;thequalities(geometricor otherwise)that
allow objectsto bediscriminatedfrom oneanothermustbeeasilyobtained.It is tempting
to assumethatsalientfeaturesaregeneric,i.e. thatsaliency is capturedby thecardinality
or parametersof a particularpre-definedgeometricor photometricfeature. As the mix
of modelschangesin a dynamicdatabase,thesaliency of somefeaturesandmodelswill
changerequiringnew featuresto be foundor moreadvancedtechniquesto be developed
thatdealwith thelackof uniqueness.

The locality of anobjectrepresentationmaybeof interestin applicationsof recognition
in thepresenceof occlusion.A representationthatexplicitly revealslocalgeometricalstruc-
turemaybecharacterizedas“occlusiontolerant”,hencebettersuitedto suchapplications.
Unfortunately, representationsthat arechiefly local are generallyverbose. This further
motivatestheuseof multiple representationsin applicationswhererequirementsconflict;
this addsaburden,namelytheneedto maintainconsistency betweenrepresentations.

With the foregoing definitionsof free-formsurfacesandobjectsasbackground,some
objectrecognitionsystemsworking with intensity imageryhave employed (or assumed)
suchsurfacesandobjectsfor sometime. Indeed,someof thesesystemsmake no explicit
assumptionaboutaclassof allowableobjectshapes.In particular, image-basedrecognition
systems(thatemploy nospecificobjectmodel representation;appearance-basedrecognition
is an example)processimagesof free-formobjectsjust asthey would processan image
of a geometricallysimplerobject. Recognitiondecisionsin suchsystemsarebasedon
thedistribution of intensitiesin prototypicalviews of theobjectratherthanon anobject-
centeredrepresentationperse.

The history of model-based3D object recognitiontechniques,by contrast,shows a
progressionin thecomplexity of objectmodelsemployed,fromsimplepolyhedratonatural
quadricsto variousfree-form-likeobjectrepresentationssuchassuperquadrics.Thechoice
of a representationmustbe accompaniedby robust techniquesfor extractingcompatible
featuresfrom bothobjectmodelsandinput images,sothatrecognitioncanbeperformed.
Thepotentiallackof simplefeatureslikecreaseedgesor linearsilhouetteedgesmakesthis
featureidentificationtaskdifficult. Nonetheless,a variety of creative approachesto this
problemhave beenproposedandimplemented,anda goal of this survey is to highlight
many of thesetechniques.

3. GEOMETRIC DESCRIPTIONS OF 3D OBJECTS

Thissectionprovidesanoverview of thepopulartechniquesfor representingthegeometry
(i.e., the3D shape)of 3D surfacesandobjects,with a focuson thoserepresentationsthat
aregeneralenoughto belabeled‘free-form’.

3.1. CompleteMathematical Forms
The representationsdiscussedhereare completein that the geometricdescriptionis

explicit, theentiretyof a surfaceor objectis described,andhencethatsyntheticimagesof



4 CAMPBELL AND FLYNN

theobjectin anarbitraryposecanbegeneratedwhenthegeometrydescriptionis coupled
with a view specification.

3.1.1. ParametricForms

Parametricsurfacesarewidelyusedin computer-aideddesignandmanufacturing(CADM)
andotherobjectmodelingsystemsfor thefollowing reasons:

1. They aremathematicallycomplete.
2. They areeasilysampled.
3. They facilitatedesign(objectscanbedesignedin termsof patcheswhosecontinuity

canbecontrolledat thejoins).
4. Their representationalpower is strong(they canbeusedto representcomplex object

geometries).
5. They canbeusedto generaterealisticviews.
6. Methodsfor generatingparametricrepresentationsfor datapointstakenfrom existing

objectshavebeendeveloped[30, 35].

A genericparametricform for a 3D surface(a2D manifoldembeddedin 3D) is���
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are
thehomogeneouscoordinatesof thecontrolpoints,respectively [64]. Hence,NURBSare
a tensor-productsurfaceform. It hasbeenshown thatnaturalquadrics(suchasspheres,
cylinders,andcones)admit exact representationasNURBS; the availablehomogeneous
coordinatemakesthis representationquiteflexible [35]. Figure1 showsa curvedNURBS
patchasa parametricmeshanda shadedsurface,includingthepositionsof verticesin its
controlpointmesh.

Thiscommondescriptive form hasbeenconsideredfor usein computervisionsystems,
but Besl [11] explainswhy parametricrepresentationsarenot widely used. In particular,
it is difficult to make a surfacedefinedon a parametricrectanglefit anarbitraryregion on
thesurfaceof anobject;thisnecessitatestheuseof trimmingcurves,whicharenotalways
uniqueandnotgenerallydetectablein imagery. Moreover, thehomogeneouscontrolpoints
arealsonot easilydetectable,nor unique. The completenessof parametricforms makes
themusefulasa sourceof aninitial objectspecification,from which a polygonalmeshor
otherrepresentationscanbegeneratedandemployedin avision system.

3.1.2. Algebraic Implicit Surfaces
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FIG. 1. A CurvedNURBS patchdepictedasa meshandasa shadedsurface. Thecontrolpolyhedronis
visible in bothimages.

A surfacecanbedefinedimplicitly asthezero-setof anarbitraryfunction
�

:FG� � � � � � � " �1H ��� � � � � " ��� + ' �
Figure2 depictsanimplicit quarticsurface. If

�
is polynomialanda setof samplesfrom

asinglesurfaceof this form is available,well-establishedfitting procedurescanbeusedto
estimatethepolynomialcoefficients[108]. Thesecoefficientsarenotgenerallyinvariantto
posetransformations,althoughmathematicalinvariantscanbeobtainedfrom someforms
[106]. Recentwork in thisareahasincluded

1. finding theexactdistancebetweenanimplicit surfaceand3D pointssampledfrom it
[107],

2. usingboundedversionsof algebraiccurvesandsurfacesto controlthefitting process
[109], and

3. preservinga known topologyin thefittedsurface[107] (i.e. if thedatais assumedto
befrom a surfaceof genuszerothenthefitted surfacewill beof genuszero).

Surfacefitting techniqueshave beenusedto segmentimagescenes[108] andhave also
beenusedasa preprocessingstepin therecognitionof objects[106].

Theclassof objectsthatcanbedescribedby a singlealgebraicsurfaceis limited by the
stability of the fitting process.In practice,fitting a surfaceto an ordergreaterthanfour
canproducesurfaceswhoseshapematchespoorly to theobjectfrom which thedatawas
obtained.In orderto modelmorecomplex objects,patchesof implicit surfacesmustoften
beused[4, 107].

3.1.3. Superquadrics

A superquadric
���
I!��JK�

is a volumetricprimitive [6] [100] with the following simple
implicit andparametricforms:����I!�LJK��� ���� �
I!��JK�� �
I!�LJK�" �
I!�LJK� %& � ��NM5O!P1QSRUTWV �
I5� P/QXR�TZY �
JK�M�[\P1QSRUT V �
I5� R�]_^ T Y �
JK�M�`\R�]a^ TWV �
I5� %& �1bdc eGfgIhf:c ei�-b c fGJjf c �
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FIG. 2. Implicit modeldefinedby algebraicequationkXlam�n�opnrq1suthvwmpxzy|{wm~}Uo?}���{wo-xzy|{wo?}Cq1}5y|vwmp�Cq5�� q/x�y���th� .
��� � � � � " ��� ��\��� �M O�� Y� V�� � �M�[ � Y� Y�� � Y� V � � "M `u� Y� V %& T V � + '

Pentland[86] andSolinaandBajcsy[100] showed that with the additionof tapering,
twisting, andbendingdeformationsto the superquadricmodels,a variety of ‘free-form’
objectscanbe modeled(SeeFigure3 for an example). Suchmodelscaptureonly with
greatdifficulty thefine detail thatdifferentiatessimilar objectslike humanfacesfrom one
another. Theability of thesuperquadricto modelthe coarseshapeof anobjecthasbeen
usedto determinegeometricclasses(or Geons)[91, 34].

Any objectrecognitionsystememploying superquadricmodelsasa primary represen-
tationmustsolve two key problemsin its design. First, a mechanismfor segmentingthe
input imagedata(typically rangedata)into patches,eachof which lies within a single
superquadricprimitive, mustbe developed. Secondly, a robust techniquefor fitting su-
perquadricmodelsto thesenseddatamustbeavailable.Gupta[44], Pentland[86], Solina
andBajcsy[100], RajaandJain[91], andDickinsonet al. [34] have all addressedfacets
of this problem.

Superquadricshave beenusedto recognizea largeclassof objectsandhave evenbeen
usedtobuild compositeparts(unionsof severalsuperquadrics),but they lackthedescriptive
ability to effectively capturelocal surfaceshapechangeson free-formobjects. Ayong-
Cheeet al. [3] demonstrateda hybrid approachto recognitionusingthe parametersof a
superquadrictodefineobject shapeclasses.Theseclassesareusedtoremovepossibleobject
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FIG. 3. DeformedSuperquadric.The superquadric( �p��t�� } t�� � t�� and ����t��C� � , � } t��?� { )
is taperedalong the q axis ��� mp��la�pnW��so/��l_�~n���s�� t��?�C� �-¡ ¢X£a¤ �} ¥ � m�la�pnZ��sopl_�~nZ�!s\�p¦ thentwistedaboutthe q axis using§ th¨ulZ�\y<q©la�pnZ��s�s , ��� mp�ª��l_�pnZ��so/�ª��l_�~nZ�!s � t ��«L¬C l § s®y W¯±° l § sZ¯±° l § s «L¬C l § s � � mp��l_�~n���so/��la�pnW��s �p¦ .

matchesbasedon theirgrossshape.Thenmorecomputationallyexpensivetechniquescan
beusedto matchthefine detailsof objectswithin a class.

3.1.4. GeneralizedCylinders

Generalizedcylindersaredefinedby a spacecurve ² �W³©� (representingthe axis of the
primitive) anda cross-sectioncontour ´ �W³S��µS� definedin the planenormal to the axis at³

anddefining the boundaryof the primitive alongthe axis[1] [81]. Figure4 shows an
exampleof a free-formobjectrepresentedby a generalizedcylinder. To constructmore
complex objects(e.g., hierarchiessuchasanimals),multiplegeneralizedcylindersareused
to representtheir individualparts.

Generalizedcylindersareparticularlyattractivefor representingelongatedshapeswhere
anaxis is easyto define. In this casetheaxisof theprimitive oftenprovidesan intuitive
methodto conceptualizethedesignof a objectanda methodof reliably recoveringuseful
statisticsabouttheshapeof theobject.

On the otherhand,someshapesarenot easilydescribedusinggeneralizedcylinders.
In suchcases,it may be difficult (or impossible)to definean axis whosecross-sections
containonly oneclosedcontour. It is possibleto extendtherepresentationto handlethese
andothercasesthatappear, but it maynotproveto bethemostusefulrepresentationof the
objectwith respectto designanddiscrimination.

3.1.5. PolygonalMeshes
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FIG. 4. GeneralizedCylinder.

A popularrepresentationfor 3D objectsis the polygonalmesh. A sharedvertex-list
notationis commonfor suchrepresentations.Accordingly, anobjectis definedby a pair
of orderedlists: ¶ �<·¹¸��Uº »��
where

º¼� �?½ O � '1'1' ½\¾�¿ � is a list of

><À
three-dimensionalvertices

½ 4 �Á� � 4 � � 4 � " 4 �LÂ ,
and
¸Ã� �?ÄÅO � '-'1' Ä ¾\Æ � is a list of polygons,eachspecifiedas a list of vertex indices:Ä 4 � �  4
= O � '-'1'  4�= � ÀUÇ � .

If �  4 �¼È for all É , the meshconsistsstrictly of triangles. The guaranteedconvexity
of trianglesallowssimplerrenderingalgorithmsto beusedfor thegenerationof synthetic
imagesof models[38]. A varietyof techniques(commonlycalledpolygonizationmethods)
exist for generatingpolygonalmeshapproximationsfrom othergeometricprimitives(such
asimplicit surfaces[82], parametricsurfaces[65], andisosurfacesin volumedata[70]).

FIG. 5. A coarsepolygonalmodelof theCalcaneusfoot bone.Left sideis theunderliningwire mesh,while
theright sideshows a Phongshadedvisualizationof themodel.

Polygonalmesheshave a long history in computergraphics,but have also become
increasinglypopularas an object representationin computervision. This increasein
popularity is dueto several factorsincluding advancesin computerstoragecapacityand
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processingpower anda modestincreasein the popularityof denserangesensors,which
producerectangulararraysof 3Dpointsthatcaneasilybetriangulatedintomeshes.Meshes
canfaithfully approximatecomplex free-formobjectsto any desiredaccuracy givensuffi-
cientspacetostoretherepresentation.Figure5shows(in wireframeandshadedrenderings)
a polygonalmeshrepresentinga humanfoot bone. With thedecreasingcostof computer
memoryevenverydensemeshesarebecomingpractical.Theexpandingmarketfor virtual
environmentsin entertainmentandgeometricdesignhasalsoplayeda role in promoting
themeshasa universallanguagefor objectrepresentation.

Polygonalmesheshave limitations. While they area faithful representation,they are
alsoapproximateandscale-dependent.Any higher-level surfacecharacterizationmustbe
explicitly maintainedalongwith themesh.Therequiredresolution(density)of themesh
mayvarybetween(orwithin) applications.A strongsub-areaof researchin computervision
andgraphicsis thestudyof approachesto coarsendensemeshes,or refinecoarsemeshes,
in responseto applicationrequirements.This topic, aswell asa varietyof approachesto
theconstructionof modelsfrom multiple views, is discussedin Section 4.

3.2. Dynamic Objects
Machinevision and/orobjectmodelingsystemsmustsometimesaccommodateobjects

with time-varyingshape.In thissurvey wementiononly a few relevantpapersonnonrigid
shape,limiting thediscussionto objectswith articulatedor deformableshapes.A compre-
hensive survey of eitherof theseareasis outsidethe scopeof this paper, but would be a
valuableserviceto thecommunity.

3.2.1. ArticulatedObjects

In many casesdynamicobjectscanbe decomposedinto a setof rigid partsconnected
togetherby joints. This mechanicalperspective on both machinesandbiological forms
cancloselyapproximatea largenumberof dynamicobjects.For biological formswhose
supportstructure(bone,cartridge,exoskeleton)is rigid, theprimarycontributor to change
in theshapeandappearanceof theobjectis therelative motionat thejoints betweenparts
of theform (body, limbsor appendages).

Articulatedobjectsaretypically studiedby identifying therigid partsandparametrizing
the relationshipsbetweenthem. As mentionedin the previous sections,superquadric
modelsandgeneralizedcylindershavebeenusedto recoverandidentifypartsof articulated
objects.Anotherreasonto studyarticulatedobjectsis to determinethepurpose(function)
of theassemblyof parts[42]. In thecomputervisionliterature,articulatedobjectshavebeen
studiedin amodelingcontext by Ashbrooketal. [2]. SallamandBowyer [95] investigated
theextensionof theaspectgraphrepresentationto articulatedassemblies.

3.2.2. DeformableObjects

Other animals,plantsand machinesmove in a fluid free-flowing way. Examplesof
non-rigidmotionof objectare: a swimmingjelly fish, wheatstalksblowing in thewind,
anda beatingheart. Theseobjectssurfacesdeformasthey move andinteractwith their
environment.

To understandandmodelthe changesin a deformableobject’s surfacesthe properties
of objectmaterialsbecomemore important. Onemethodof doing this is to utilize Fi-
nite ElementModels (FEM) to discretizethe object into small connectedelements[97]
whosepropertiesandenvironmentalpressurescanbe usedto predictshape.Anotheras-
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TABLE 1

Propertiesof various 3D object representations.

Representation Global Compact LocalControl Complete Easilysampled Easilyfit

Parametric yes yes yes yes yes no
Implicit yes yes no yes no yes

Superquadric yes yes no yes yes yes
Gen.Cylinder yes yes no yes yes no

Mesh no no yes yes yes yes

pectof deformablemodelingis to quantify regular motionslike thoseof a beatingheart
[85]. Analyzingandcomparingtheseregularmotionsis an importanttool for diagnosing
and treatingdefectsin heartrhythm andpumpingaction. Delingetteet al. [28] studied
deformableobjectshapemodelingandrelatedwork is addressedin Section5.3.

Table1 summarizessomeimportantdimensionsof 3D modelingtechniqueasdiscussed
above. Eachstrategy ischaracterizedin termsof theaccessibilityof localshapeinformation,
compactness,controllability, completeness,andeaseof sampling,andeaseof construction
from sampleddata.

4. 3D MODEL CONSTRUCTION AND REFINEMENT

The history of computer-aided3D designhas, until recently, focusedon CAD-like
approachesto object design. A designengineerwould work from a product concept
or a physicalprototype,andencodeits geometryusingtheparticularrepresentationtools
availablein thesoftware.If thegeometryof theobjectdidnotmatchthemodelingprimitives
available,cumbersomeworkaroundsandapproximationswereneeded.Recently, anumber
of experimentalandcommercialsystemscomposedof versatilerangesensorsandsoftware
haveaimedtoautomaticallyproducegeometricmodelsfromphysicalprototypesof objects.
Figure depictsrange/textureviewsandtheir integrationwithin aparticularproductof this
sort. Dependingon the sensor, simpleandsmall mechanicalparts,complex assemblies,
humanbodies,andevenenvironments(e.g., a hallway with doors,obstacles,pipesalong
theceiling, etc.) canbescannedandrepresented.ReverseEngineeringis a popularterm
for this typeof technique.

As notedabove, the polyhedralmeshrepresentationhas recentlybecomea popular
representationfor 3D objects.Themeshescanbeproducedthroughdirectpolygonization
of structureddata (e.g., rangeimagery),polygonizationfrom scattered3D points, and
inflation, deflation,or deformationof aninitial sphericalmeshto approximatea 3D point
setThepolygonizationis oftensimplifiedto trianglesin orderto speedupthevisualization
of reconstructedmodelandreducethecomplexity of theprocessingalgorithms.

The processof reverseengineeringthe geometryof a 3D modelfor a part is typically
decomposedinto thefollowing two or threesubtasks,asdepictedin Figure6:Ê Thefirst subtaskis theregistrationof all availablesetsof 3D datato acommon(object)
coordinatesystem.Thisstepmaybeaccomplishedautomaticallyor semi-automatically.Ê The secondsubtaskis the integration of the data to form a single 3D mesh. By
‘integration’, we refer to the merging of independent(but registered)meshesto form a
singlepolygonalmeshwithoutdefectssuchasdanglingedgesor topologyviolations.
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or use. This often resultsin a coarseningof the mesh(i.e., reductionof the vertex and
polygoncount) in responseto applicationdemandsor otherconstraints.This alsocould
meanchangingtheobjectrepresentationto onethat is moresuitedfor anapplication.An
exampleof this is the inclusionof texturemapdatawith the polygonalrepresentationto
provide a muchmorerealisticrenderingof theobjectevenwhentheapplicationrequires
theuseof acoarsepolygonalmeshto achieve interactivity.

FIG. 6. Flow diagramshowing thevariousstepsin themodelbuilding process.

4.1. Registration
Most 3D scanningmethodscanonly capturepartof theobjectat a time. This couldbe

dueto limitations in the physicaldesignand/orthe technologythe scanneris built upon.
An exampleis a structuredlaserlight scannerthatworkson theprincipleof triangulation
to recoverpositionof surfacepointson theobject. Usingthis scannertechnologypartsof
anobject’ssurfacemaynotberecoverablebecausetheobjectitself shadowsthestructured
light from thedetectorin thesensor. Figure showsanexampleof datatakenfromaMinolta
Vivid 700 structuredlight rangesensorfrom Minolta 1. In the first four sub-figuresthe
resultof self shadowing producesholesin themeshproducedby thescanner.

Theconstructionof a completeobjectmodelwill requiremultiple objectscans.Since
eachscanis generallyrepresentedin an independentsensorcoordinatesystem,the scan
datamust be transformedfrom several different sensorcoordinatesystemsto a single
object-centeredcoordinatesystem. This step is typically termedregistration and has
receivedsustainedattentionin theresearchcommunityoverthepasttenyears[17]. During� http://www.minolta3D.com/
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FIG. 7. Top: 3D scansandregisteredcolor imagesof a papiermâché brain, taken90 degreesapartusing
a Minolta Vivid 700 non-contact3D digitizer. Bottom: the registeredandmerged3D modelwith oneview’s
texturemappedon to themergedmesh.TheimagesweregeneratedusingMinolta’s Vivid softwarepackage.
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this time a distinction hasbeendrawn betweencoarse registration(wherein the set of
interframeregistrationsaredeterminedto within a few degreesof rotationanda similarly
small translationaltolerance)andfine registrationwhereinthe transformationparameters
are fine-tuned. This distinction hasbeendrawn becausedifferent techniquesare often
employedin thesetwo phases.

Most commercialproductsfor model constructionemploy a rotating turntableupon
which theobjectis placedfor sensing.Suchsystemsdo not needto solve a coarseregis-
trationproblem(althoughposerefinementis still performedto compensatefor mechanical
variability in theturntablemechanismandcalibrationerrors).

In themodelbuilding processa sequenceof views
�-Ë O � '-'1' � ËÍÌ � is takenof anobjectÎ

atdifferentviewpoints.Thedatafor eachview liesin alocalcoordinateframe.Thegoal
is a setof transformations

�?Ï|ÐO �-ÑÄ � '-'1' Ï|ÐÌ �-ÑÄ � � thatwill transformthedatafrom theviews
to a commoncoordinateframeandminimizeanerrorfunction.

Let Ï 74 � ÑÄ ��� Ò ÑÄ � ÑÓ
denotea linear transformationof a point

ÑÄ
in coordinateframe É to coordinateframe Ô ,

where ÒÕ�×ÖØ M5O = O�M5O = [ M5O = `M�[ = O M�[ = [�M�[ = `M�` = O�M�` = [ M�` = `|ÙÚ
ÑÓ � ÖØÜÛ OÛ [Û ` ÙÚ .

If therotationmatrix
Ò

is orthonormalthen
Ï 74 � ÑÄ �

is a rigid transformation.

4.1.1. CoarseRegistration

Thegoalof a coarseregistrationprocessis to computeefficiently a setof approximate
registrationtransformations

�-Ï|ÐO � ÑÄ � '1'1' Ï|ÐÌ � ÑÄ � � to be appliedto the dataobtainedfrom
differentviews. Thesetransformationsareintendedto align the datacloselyenoughfor
a subsequentlyapplied‘fine’ registrationprocedure.The coarseregistrationprocedures
aredesignedto improvethechancesof thefineregistrationprocedure’sconvergenceto the
globaloptimalsolution.

Often the coarseregistrationis obtainedby usinga controlledscanningenvironment.
In this casethe relationshipsbetweenthe views’ coordinateframes

�?Ï|ÐO � ÑÄ � '-'1' Ï|ÐÌ � ÑÄ � �
areknown a priori from thecalibrationof thescannerwith themechanicsof thesensing
environment.Theproblemswith usingsuchwell controlledandaccuratescanningsystems
are: objectsneedto beplacedin preciselocationsin thesceneandtheautomationof the
scanneror multiplescannersmustbepreciselycalibrated.Theseconstraintsresultin more
expensiveequipmentandlimitationson thetypesof objectsthatcanbescanned.

Humaninteractioncanalsobeusedto obtainedcoarseregistrationbetweenobjectviews.
This a popularmethodusedin somecommercialsystems.Here, the usersareasked to
selectcorrespondingpointsin eachof theviews

�-Ë O � '-'1' � ËÍÌ � . Thismanualmatchingof
pointcorrespondencegivesthesystemaninitial setof transformations

�?Ï|ÐO � ÑÄ � '-'1' Ï|ÐÌ � ÑÄ � �
thatcanberefinedfurtherusingoptimizationtechniques.
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A moreautomatedapproachusesmatchingtechniques(on local surfaceor albedodata)
to recover setsof point correspondencesbetweentheviews without userinteraction.The
views

�-Ë O � '-'1' � ËÍÌ � containregionsof overlapwherefor any pair of neighboringviewsË 4
and
Ë 7

therearesurfacesthat arevisible in both views. In theseregionsof overlap
point correspondencescanbefoundby matchingsimilar pointsin theadjacentviews. Let� @ �Ý� ÑÄ�Þ = ß � ÑÄzà = ß �

bea pair of suchcorrespondingpointswhere
ÑÄ�Þ = ß

lies on view
Ë 4

andÑÄzà = ß
lies on view

Ë 7
. Many techniqueshave beendevelopedto matchpointson arbitrary

surfaceshapes[105, 24, 25, 57, 54, 53]. Thesemethodsencodesurfacegeometryaround
pointsof interestwhich areusedto identify andmatch“similar” points. Thespecificsof
thefeaturesusedandthematchingtechniquesarefoundin Section5.3.

For automatedregistrationof multiple views the setsof correspondingpointsbetween
views areoftennot sufficient. Sincethe characteristicsthat the matchingtechniqueuses
arenot unique,thereexistsa realpossibility that thesetsof correspondingpointscontain
mistakenmatches[25, 53]. To counteractthis, eachof thecorrespondingpointsbetween
thetwo viewsaregroupedbasedontheirability to helpform aconsistenthypothesisfor the
registrationof theviews. Somecommonconsistency testsbetweenpairsof corresponding
points

� @
and
� B

are:Ê theinter-pointdistanceá Ñâ 4�= @ b Ñâ 4
= B á b á Ñâ 7�= @ b Ñâ 7�= B á ·�ã O ,Ê angledifferenceá Ñâ 4�= @åä Ñâ 4
= B b Ñâ 7�= @åä Ñâ 7�= B á ·�ã [ ,Ê andorientationchangeá Ñ� 4
= @ 0 Ñ� 4
= B b Ñ� 7U= @ 0 Ñ� 7U= B á ·�ã ` (where
Ñ� 4�= @ is theestimated

surfacenormalatpoint
Ñâ 4�= @ ).

The geometricallyconsistentcorrespondingpoints in two viewpoints are then usedto
producethetransformation

Ï 74 � ÑÄ �
relatingviews

Ë 7
and
Ë 4

. If morethanoneconsistent
hypothesisresultsfrom thegrouping,theneachgroupis usedto producea transformationÏ 74 �-ÑÄ �

andthesearecomparedbasedon their ability to registerthetwo views
Ë 7

and
Ë 4

with theleasterror.

4.1.2. FineRegistration

Givenasetof coarseregistrations
�-Ï|ÐO � ÑÄ � '-'1' Ï|ÐÌ � ÑÄ � � relatingall theviews

�?ËæO � '1'1' � Ë Ì � ,
the fine registrationtask aims to make small changesto the individual transformations�-ÏçÐO � ÑÄ � '1'-' Ï|ÐÌ � ÑÄ � � to improve theoverall “quality” of theregistration.Thequality crite-
rion typically rewardsasmalldistancebetweenpointsin thecorrespondingsurfacesof two
‘overlapping’views.

4.1.3. Two View Optimization

TheIterativeClosestPoint(ICP)algorithm(Figure8)developedbyBeslandMcKay[10]
is widely usedfor thefineregistrationtask,andusesanonlinearoptimizationprocedureto
furtheralign thedatasets.Let

¸ O
bethesetof pointsfrom thefirst dataset

�-Ä OO '1'1' Ä O¾Nè V � ,
where

> â O is the numberof points in the set. Let
¸ [

be the set of points from the
seconddataset

�-Ä [ O '1'-' Ä [¾�è Y � , where

> â [ is thenumberof pointsin theseconddataset.
SinceICP is an iterative algorithm,definean incrementaltransformation

Ï � E � suchthat¸ [ � E � ,©��� Ï � E � Ê ¸ [ � E � ; Ï � E � reducestheregistrationerrorbetweeņ
O

andthenew point
set
¸ [ � E � ,?� by moving thepoints

¸ [ � E � . ¸ [ � E ��� ¸ [ initializesthesystem.
Thealgorithmsummarizedin Figure8 startsby establishingcorrespondencesbetween

the two dataset
¸ O

and
¸ [ � + � . Thenthe registrationerror betweenthe two datasetsis

computedandtestedto seeif it is within aspecifiedtolerance.In BeslandMcKay [10] the
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¸ [ � + ����¸ [
DO

FOR everypoint in
¸ [ � E �

Find theclosestpoint in
¸ O

.
END FOR
Theclosestpointsform a new point set é � E � wherethepairsof points� � Ä [ O ��ê O �/� '1'-' �?� Ä [¾�è Y ��ê ¾Nè Y � � form thecorrespondencesbetweeņ

O
and
¸ [ � E � .

IF registrationerrorbetweeņ
O

and
¸ [ � E � is too large

Computeregistration
Ï � E � between

�
¸ [ � E �C� é � E ��� .
Apply registratioņ

[ � E � ,©��� Ï � E � Ê ¸ [ � E � .
ELSE

STOP
END IF

WHILE á ¸ [ � E � ,?��bÜ¸ [ � E � á » threshold

FIG. 8. Iterative ClosestPoint(ICP)algorithm.

registrationerror wasdefinedwith respectto the correspondencesbetweenpoints in the
datasets.For eachpoint in

¸ [ � E � theclosestpoint in
¸ O

is found. This formsa new point
set é � E � wherepoint

ê @
denotestheclosestpoint in

¸ O
to thepoint

Ä [ @ � E � in
¸ [ � E � . Then

theregistrationerrorbetweeņ
O

and
¸ [ � E � isë � ,> â [ ¾Nè Y2 @ á ê @ b Ä [ @ � E � á [ '

If the registrationerror is too largethenthe transformationbetweentheviews is updated
basedon a traditionalnon-linearoptimizationtechniquelike Newton’s method.Thenew
registrationis appliedto

¸ [ � E � ’s pointsandtestedto seeif the optimizationhasreached
a local minimum. This processcontinuesuntil theregistrationerror falls below a desired
quality thresholdor sufficiently smallchangesin themotionbetweeņ

[ � E � and
¸ [ � E � ,?�

aredetectedindicatingconvergenceof thesolutionto a localminima.
The parameterspaceexplored by ICP can containmany local minima. In order to

converge to the global minima the initial parameterestimatemust be reasonablyclose
to the true value to avoid converging to a non optimal solution. This issuemotivated
the developmentof the coarseregistrationproceduresdiscussedabove. An alternative
to the ICP approachwould be to usea differentnon-linearoptimizationalgorithm(such
as simulatedannealingor evolutionary programming)capableof climbing out of local
minima.

Zhang[117] hasaddedelementsto the generalICP algorithm to handleoutliersand
occlusion,and to perform generalsubset-subsetmatching. The modificationschanged
the ICP algorithm’s (Figure 8) routinesto selectclosestpoints betweentwo point sets¸ O

and
¸ [ � E � . Zhangimprovedtheoriginal ICP algorithmby addingsomeheuristicsfor

whethera particularpair of closestpointsshouldbeincludedin theestimationof thenew
transformation. The new systemshowed bettertolerancefor larger uncertaintiesin the
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initial guessof pose,erroneousdata,andmissingdatawhile still managingto convergeto
theoptimalsolution.

ChenandMedioni [23] also usean iterative refinementof initial coarseregistrations
betweenviews to performfine registration. Insteadof minimizing the distancebetween
theclosestpointsin thetwo pointsets,ChenandMedioniemploy orientationinformation.
They deviseda new leastsquaresproblemwheretheenergy functionbeingminimizedis
thesumof thedistancesfrom pointsononeview’ssurfaceto thetangentplanesof another
view’s surface. This tendsto not only minimize the distancebetweenthe two surfaces
but alsomatchtheir local shapecharacteristics[7]. Becauseof theexpenseof computing
intersectionsbetweenlines and the discretesurface(generatedfrom the tangentplanes)
they subsamplethe original datato obtaina setof “control” points. The setof control
pointsarepointslocatedonthesurfaceconformingto aregulargrid, furthermorethepoints
arethenselectedfrom thissub-samplingof thesurface(regularizedgrid) thatlie in smooth
regionson thesurface. In theseareasof smoothnessthesurfacenormalcanbecalculated
morereliably.

Doraietal. [18] proposedtheuseof an“optimal” minimumvarianceestimate(MVE) of
the registrationbetweentwo views assuminguniform i.i.d Gaussiannoisein thesensor’s
measurementof the depthcoordinate;the

� � � � � measurementin eachimput image is
assumedto benoisefree. In theirdiscussionof theresultsthey show thatfor bothsynthetic
andreal datathe MVE estimateproduceslower registrationerror than the leastsquares
estimation.

4.1.4. Multiple View Optimization

In the processof forming complete3D modelsfrom multiple images,oftenmorethan
two viewpoints of datahave to be combinedto form a completeobject model. Shum
et al.[99], Gagnonet al. [40], Neugebauer[80], Blais andLevine [14], andChenand
Medioni [23] have examinedthepropagationof registrationerrorwhenmultiple pairwise
estimatesof registrationtransformationareconcatenated(e.g.

Ï|ìÐ � Ï|ì` Ê Ï `[ Ê Ï [O Ê Ï OÐ ).
Figure9(a) shows graphically, for a seriesof views

�-Ë Ð � '-'1' � Ë ì � , onepossibleway of
calculatingthepairwiseestimatesin theregistrationprocess.Thissequentialestimationof
themultiple view registrationscanleadto largeregistrationerrorsbetweenviews

Ë Ð andË ì . To minimize this error the registrationprocesscanbeperformedsimultaneouslyfor
multiple viewpoints,thusminimizing theregistrationerrorfor theentireobject.

0

1

2

3

4 0

1 2

4 3

(a) (b)

FIG. 9. Two commonnetwork topologiesusedin Multiple View Registration.

Thestarnetwork topologyin Figure9(b) shows themostcommonlyusedrelationships
betweenview coordinateframes.In thenetwork thenodesrepresenteachview, while the
links representtransformationsfrom oneview’s coordinateframeto another. Thecentral
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node(node0 in thefigure)representstheobject’scoordinateframe.In this topologyevery
view’spoints

Ë 4
canbetransformedinto any otherview’scoordinateframe

� 7
by only two

view transformations
Ï 7Ð Ê Ï|Ð4 . This topologyreducesthepropagationof registrationerror

betweenany two views
Ë 4

and
Ë 7

by decreasingthenumberof transformsthathaveto be
chainedtogether.

Thestartopologysimultaneously“minimizes” thedistancebetweenany two nodes[7].
By usingthis topology(Figure9(b))atmostonly two pairwisetransformationsareneeded
to projectdatafrom oneviewpoint’scoordinateframeto any otherviewpoint’scoordinate
frame. Gagnonet al. [7] alsoshow that thecalculationof eachtransformationcannotbe
decoupledanddonesequentially. View

Ë 4
’s datamayoverlapmorethanoneneighboring

view. Therefore,the transformation
Ï|Ð4

takingpointsfrom
Ë 4

andthe objectcoordinate
framenot only effectsthe registrationerror between

Ë 4
and
Ë 7

but alsoany otherview
whosedataoverlapsview

Ë 4
. Finding the “best transformation”betweenany particular

view
Ë 4

andthecommonobjectcoordinatesystemusesall thecorrespondencesbetween
all the views simultaneously. This will not only minimize the registrationerror between
view

Ë 4
and
Ë 7

, but alsominimizetheregistrationerrorbetweenview
Ë 4

andany other
overlappingview

Ë @
, where D�í� Ô .

It is possible(dueto self shadowing andsensingerrors)thatevenwithin the region of
overlaptherewill bemissingor unreliabledata.With this in mind,Gagnonet al. [7] built
on ChenandMedioni’s work [23] by addingan additionalheuristicdesignedto discard
unreliablecontrol pointsusedin the registrationprocess.The heuristicteststhe control
pointsandtheir correspondingtangentplanesin theoverlappingviews for consistency in
theorientationof thetangentplaneandthenormalat thecontrolpoint. Normally, if there
is only a smallerror in theregistration,thenormalof thecontrolpoint andthenormalto
thetangentplaneof anoverlappingview shouldbenearlyparallel.But, dueto largerthan
normalregistrationerrorsanderrorsin the scanningprocess,the differencecanbecome
quite large. This is a strongindicationthat thecontrolpoint shouldnot beusedto refine
theestimateof theregistrationbetweentheviews.

Neugebauer[80] useda graphtopologyto representtherelationshipsbetweenviews in
themultiple registrationproblem. Thenodesof thenetwork is thesetof 3D datain each
view andthelinks arethetransformationmatricesneededto mapthedatafrom oneview to
thecoordinatesystemof aneighboringview. Thegoalis to obtainawell-balancednetwork
wherethe registrationerror is similar for all pairs of views (Figure 9(b)). A ‘central’
coordinatesystemis chosenand initial transformationmatricesare found to align each
view with respectto thiscentralcoordinatesystem.Thesetransformationmatricesarethen
incrementallyrefined(usingtheLevenberg-Marquardtmethod)byminimizingthedistance
betweenpointsin oneview andall correspondingpointsin theotherviews. Thisnonlinear
optimizationis guaranteedto reducetheregistrationerrorbetweentheviews. A statistical
terminationcriterionis usedbasedon anassumptionthat theresidualsbetweenviews are
zero-meanGaussianrandomvariables. To speedup the refinementprocess,only a few
pointsfrom eachview areusedin theregistrationcomputationinitially; astherefinement
processcontinues,moreandmorepointsfrom thesceneareincorporatedinto theestimate.
This resolutionhierarchywasshown to speedup theprocessof registeringtheviews.

Pulli [90] documenteda multiview registration techniquethat begins with pairwise
registrations,with a subsequentglobalalignmentstep.Thelatterstepattemptsto balance
registrationerrorsacrossall views. Of notein this techniqueis its ability to handlea large
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datasetsize(i.e. a largenumberof scansand/orvery densescans),anda carefulstudyof
alternativealignmentandoptimizationprocesses.

Alternative coordinatesystemshave provenusefulin someregistrationcontexts. Chen
andMedioni [23] foundit usefulto convertall view datainto sphericalcoordinates.With
all the view datareferencedto a singlesphericalcoordinatesystem,they found it easier
to combinetheoverlappingview datato a singleobjectmodel. In regionsof overlapthe
correspondingpointsbetweenviews canbe determinedusingthe elevation andazimuth
angularcoordinatesof points in the overlappingregions. Thesecorrespondingpoints
areusedto refineeachview’s transformation

ÏçÐ4
to the object’s coordinatesystem. The

resultingregistereddatawasthentransformedbackto Cartesiancoordinates.
Shumet al.[99] useda re-samplingmeshto representeachview and determinethe

transformationbetweenthem. The goal of the approachis to transformall the local
coordinatesto a global coordinatesystemthat will representthe completemodel, thus
yielding the transformationsfor eachview to theglobal coordinatesystem(Figure9(b)).
Thesolutionis foundbygeneralizingaprincipalcomponentanalysisproblemtoaweighted
least squaresproblem. The approachshows noticeableimprovementsover sequential
registrationof theviews. Onedrawbackof this methodis the useof re-sampling,which
maycausesomeof thefinedetailof theobjectto belost.

In both Besl and McKay’s [10] and Chenand Medioni’s [40] work the processof
finding thepointsor tangentsurfacesthatmatchin theerrorminimizationprocesscanbe
quite expensive. In ICP linear searchis often employed while ChenandMedioni usea
methodsimilar to Newton’srootfinding technique.To reducethesearchcomplexity Blais
andLevine [14] calibratethe sensorso cameraparametersareknown. With the camera
parametersavailable,3D coordinatescanbeaccuratelyprojectedinto the sensor’s image
plane. This allows rangepixels from view

Ë 4
of an object to be quickly matchedwith

rangepixelsof anotherview
Ë 7

by projectingpixelsfrom the Érî ; view into theimageplane
of view

Ë 7
. This techniqueusesaninitial estimateof therigid transformationbetweenthe

views thenrefinesit usingcorrespondingpointsfoundby projectingpixelsfrom oneview
into anotherviewsimageplanes.Anotherdifferencebetweenthework of BlaisandLevine
[14] andothermultiple view registrationtechniquesis their useof simulatedannealingto
minimizetheregistrationerrorinsteadof leastsquaresor MVE estimators.

Eggertet al. [33] extendedthe traditional pairwiseICP algorithm [10] to solve the
simultaneousregistrationof multiple views to achieve a globaloptimalregistrationfor all
views. In this new systemall thedatais transformedusingcoarseregistrationtechniques
into a singlecoordinatesystem.Thedatafrom eachview is first smoothedusingamedian
filter to removeoutliers,thensmoothedagainusinga Gaussianfilter beforeestimatingthe
surfacenormalat every point. TheGaussianfiltereddatais only usedfor surfacenormal
estimationandthemedianfiltereddatais usedin all otherportionsof their algorithm. At
eachiterationof their algorithmpoint positionandsurfacenormalorientationareusedto
establishcorrespondencebetweenpoints.Duringcorrespondenceall theview dataissearch
to find thebestmatch. Sincethis canbeallot of datathey usedhierarchicalsearchalong
with spacecarvingmethods(k-D trees)to speedup theidentificationof theclosestpoints.
Therefinementof theregistrationof theview datais accomplishedby simulatingadamped
springmassmechanicalsystem.Thecorrespondingpointsarelinkedwith a hypothetical
springandincrementalmotionsarecalculatedbasedon the forcesandtorquesproduced
by thenetwork of springsconnectingthedatasetstogether. Sincethecalculationof point
correspondenceis still expensive the force basedregistrationis allowed to iterateuntil
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convergencebeforenew point correspondencesare identified. Convergenceis identified
whenthemotionof theview datais sufficiently small. A drawbackof thisapproachis that
it requiresthatevery portionof thesurfacebepresentin at leasttwo views. Theauthors
have presentedsomeheuristicsto allow themto work with andregisterdatawherethis
assumptionis violated,but the authorsstill seeka morecompletesolutionthat doesnot
requireaheuristicbasedon thresholds.

4.2. View Integration
Oncetheregistrationprocesshasbeencompleted,thedatacontainedin eachview can

then be transformedinto a single object coordinatesystem. Dependingon the type of
sensorthatcapturedthedataandthemethodof registration,thepointson thesurfacecan
bein oneof two basicforms. In thefirst case,all thepointsform a cloudwhere(at least
initially) noconnectivity informationis known. Thesecondcase,thedatais structuredvia
relationships(e.g., image-planeconnectivity) known a priori in eachview. Themethodof
integratingthe datadependson the form of the data(structuredor unstructured)andthe
final representationrequiredby theapplication.

4.2.1. UnstructuredPoints

A polyhedralmeshconstructedfrom theunstructuredpointcloudis usefulfor visualiza-
tion andreasoningabouttheobject’s geometricproperties.Thepotentialdifficultieswith
generatingthis approximationareasfollows: recoveringthe correctgenusof the object,
dealingwith missingdata(undersamplingof thesurface),andsearch.

Sincethe datais initially unorganized,the taskof simply identifying the setof points
closestto a particularpoint in the cloud canbe expensive computationally. Thereexist
spacecarvingmethodsto speedup thesearchprocess(e.g. thek-D treeanduniformspace
partitioning)[39, 96]. With the emergenceof connectivity informationrelatingpointsin
the cloud,somesenseof theobject’s surfacetakesform. In particular, the orientationof
thesurfacecanbe estimatedmorereliably from pointswithin someneighborhood.Both
Hoppeet al. [50] andOblonsekandGuid[83] useanapproximationof thesurfacenormal
to begin reasoningon thereconstructionof thesurfaceshape.

The surfacenormal at a point in an unstructuredcloud is easily calculated,but its
orientationhas a 180 degree ambiguity since the inside and outsideof the object are
not explicitly known. This information is importantfor recovering the correctgenusof
the object. To insurethat the correctgenusis recovered,Hoppeet al.[50] useda graph
optimizationmethodto ensureneighboringpoints retain an consistentnormal direction
(neighboringnormalspoint in thesamegeneraldirection).OblonsekandGuid[83] started
with thepointin thecloudwith thelargest" valueandassumedthatits normalwasoriented
in the

� " direction;subsequently, local consistency of thenormalvectorwasenforced.
Thenormaldirectionattachedto eachpoint in thecloudgive a notion(at leastlocally)

of which partof thetangentplane’shalf spaceis insideor outsidetheobject.This is used
by Hoppeetal.[50] alongwith anisosurfaceto identify intersectionsof theobject’ssurface
with thecubesof theisosurface.Thenby usinganmarchingcubealgorithm[70] they were
ableto recoverapolygonalapproximationof theobject’ssurface.

OblonsekandGuid[83] developedanothermethodto form a polygonalapproximation
to the surfacerepresentedin the point cloud. Their techniquestartsa seedpoint in the
cloud, then grows the polygonal meshusing neighboringinformation and the surface
normalestimates.Their growing techniqueavoidstheinitial testof all thepoint’s normal
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consistenciesusedby Hoppeet al.[50], while still allowing thesystemto recover objects
of genusgreaterthanzero.

4.2.2. StructuredPoints

With structuredinputdata(e.g. rangeimages),theconnectivity of thepointsin eachview
is alreadyknown. What remainsis to integratethedatafrom separateviews to complete
a singlerepresentationof the object. The differentmethodsfor combiningview dataall
addressthefollowing problemsarisingfrom thecaptureandregistrationof thedata.

1. Thesensorusedto capturedataproduceserrorsin themeasurementsof thesurface.
This is especiallypresentfor somesensorsalong the silhouetteof object in eachview
(wheredepthestimationtechniquesareleastreliable).

2. Theview dataoverlapsin regions. The redundancy in the view dataaidsin finding
theregistration,but alsoinsuresthataccuratemeasurementsof theobject’ssurfaceexist in
at leastoneview. Theseoverlappingmeasurementsmustbeintegrated.

3. Self occlusionandsensorerrorsresult in holesin the data. The solutionsto these
problems,andto thegeneralmeshintegrationproblem,canbeclassifiedasmesh-basedor
volume-based.

In mesh-basedtechniques,the problemis to merge multiple polygonalmeshesinto a
singularpolygonalmeshthataccuratelyrepresentsthecompositegeometry. In theprocess
of ‘stitching’ togethertheviews,seamscanappearclearlyshowing theboundarybetween
two separateviews (Figure10). Theseseamsresultfrom severalfactors;registrationerror
betweenviewsandsensorerrorsin theregionsneartheobjectsilhouette.BothSoucy and
Laurendeau[103] andTurk andLevoy [112] usedanintegrationtechniquecoupledwith a
geometricaveragingtechniqueto combineredundantdatain theregionsof overlap.They
differ in the order in which they perform the operations. Soucy andLaurendeau[103]
combinetheredundantinformationfrom differentviewsfirst to form apointsetthatis then
stitchedtogether. TurkandLevoy [112] firststitchtogetherthemeshes(removingredundant
polygonsin the overlappingregions)to form the final mesh,thenusethe verticesof the
removedpolygonsto form a consensusof thesurfaceshapein the regionsof redundancy
by moving theverticesof thefinal mesh.Both methodsresultin a local smoothingof the
datain theregionsof redundancy. Furthermore,neithermethoddealswith holesin thedata
resultingfrom errorsin thesensormeasurementor dueto thesensor’sgeometry. To fix the
latterproblemin their techniques,theholeswerefixedby aoperatorthatformedpolygons
in theseregions,filling in theholes.

Soucy and Laurendeau[102] addressmore practical issuesof surfaceintegration for
a ComputerAided GraphicDesignprogram. In theseapplicationsa designerwill most-
likely take a seriesof views of the object to build an initial model of the object being
modeled.Thenbecauseof self-occlusionandsensorerrorsthedesigneroftenhasto take
scansof additionalviews of theobjectto fill in largeholesor recapturefine detail in the
object. In this caserepeatingthe integration of all the views simultaneouslyfor every
additionalview may not be the bestsolutionespeciallyfor an interactive modelbuilding
program.InsteadSoucy andLaurendeauhave developeda dynamicintegrationalgorithm
that addsadditional data to a model by modifying only the necessarydatastructures.
Thenew algorithmmaintainstheadvantagesof simultaneousintegrationtechniqueswhile
maintainingtheability to sequentiallyintegratenew datato a model.
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FIG. 10. A seamresultingfrom aregistrationerror.

Thevolume-basedsetof techniqueslimit thereconstructionsto objectswith a genusof
zero. Underthis assumption,a representationcanbe formedwithout worrying aboutthe
differencebetweensamplesresultingfrom anactualholein theobjectandaholeresulting
from sensorerrors.

Under the genuszero assumption,a deformablesurfacecan be usedconform to the
object’s datapoints. Thesedeformablesurfacescan be thoughtof as a balloon being
insertedinsidethe objecttheninflateduntil the surfaceof the balloonconformsthe data
(ChenandMedioni [40]). Alternatively, a filled ballooncanbe placedaroundthe object
thenslowly the air canbe releaseduntil the balloon forms a mold of the data(Shumet
al.[99]). Thesetechniquessolve severalproblemsrelatedto the registereddata. First the
deformablemodelimplicitly handlesredundancy in thedata,sincethedeformablemodel
containsits own verticeswhich aremovedbasedon anenergy minimizationbetweenthe
modeland the data. Second,the deformablemodelwill fill in the holesin the databy
stretchingthe deformablemodel’s surfacebetweenthe boundariesof the hole. However
thefinedetailsareoftenlostdueto thesmoothingeffectof theenergyminimizationandthe
fixedsetof verticesin thedeformablemesh.Becauseof this,ChenandMedioni[40] added
adaptive meshrefinementof the deformablesurfacethat allows the model to adaptively
subdivide in orderto expandinto regionsof fine detailthatmayhavebeenlost otherwise.

A novel volume-basedtechniquedevelopedby Reedet al. [94, 93] useda constructive
solidgeometry(CSG)techniqueto formasolidmodelof theobjectfrommultipleregistered
rangeviews. Eachview formsa solid by sweepingtherangedatafrom eachobjectaway
from thescannerfilling in thespaceself occludedby theobject. Thesurfacesof this new
objectarelabeledasbeingeitherbeingvisible (partof thesenseddata)or occludedby the
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objectview. This labelingcanbe usedfor view planningsinceit labelsportionsof the
viewspacethathave not beencoveredby thepreviousview. For eachview, solid objects
areformedusingsimilar sweepingoperations.Onceall thevisible portionsof theobject
have beencoveredby oneor moreviews, theview solid modelsareintersectedto form a
singularsolidobjectmodel.

4.3. Mesh Refinementand Optimization
Due to the discretenatureof the databeingusedto model the object, the result will

only be anapproximation.Theaccuracy of thatapproximationdependson the ability of
thesensorto capturedataandability of thesystemto registermultiple datasets.With the
availability of highresolutionrangescannersandbettermethodsof registration,thequality
of the reconstructedmodelcanbe quite good. Still, theremay exist a needto refinethe
modelbasedon applicationrequirements[46].

In graphicsapplicationsthe importantpropertiesof a refinedmodelarethat it occupy
roughly the sameshape,that its reconstructedsurfacenormalsbe closeto thoseof the
original model(importantfor shading),andfinally that the object’s color texture canbe
mappedto thereconstructedmodel. All thesefactorsimprove themodel’sability to yield
syntheticimagesthatappearverysimilar to thetruesceneandtheinitial unrefinedmodel.

Theneighboringverticesin a goodquality polygonalmeshshouldbe geodesicallythe
samedistanceapart (Welch and Witkin [115]). For highly curved areason an object,
two verticesmight beclosegeometrically, but very far apartgeodesically(dueto surface
curvaturechanges). In theseregions, the meshrepresentingthe surfaceshouldbe fine,
while in regionswherethesurfaceis largely planarthedensityof themeshcanbecoarse.
This adaptive meshdensity resultsin very good approximationof the object’s surface
normalandcurvature,andis a key goalof meshrefinementprocedures.

The speedof the renderingdependsdirectly on the numberof polygonalfacesin the
mesh.Becauseof this,meshoptimizationstrategieshavebeenstudiedto reducethenumber
of polygonsneededto representthemodelfor theobject[46, 111, 49, 47, 69, 26, 41, 48,
104, 101], while still maintaininga goodapproximationto thesurfaces.Figure11 shows
anexampleof usingmeshoptimizationstrategiesto reducethenumberof polygonsin the
representationof a toy whale.

In theprocessof refiningamodel,carehasto betakento avoid simplificationsthatyield
a topologicalchange(e.g. creationof holes,surfacessmoothedto a line, etc.). This can
happenwhenverticesareremovedfrom themeshandthemeshis thenre-polygonized.To
take careof this problem,mostsystemsuseheuristicsto verify that themodel’s topology
doesnot change[111] duringtherefinementprocess.

During decimation,the processof removal of vertices,edgesandfacescanresult in a
smoothingand/orshrinkingof the object’s surface. Carehasto be taken while refining
the object’s polygonalrepresentationto avoid smoothingout the original model’s sharp
discontinuitiesandthereforeshrinkingof theobject.Automatedtechniquestendto utilize
a penaltyfunction that measuresthe error incurredby iteratively refining the numberof
polygonsin the mesh[46, 111, 49, 47, 69, 26, 41, 48, 104]. Thesefunctionsguidethe
choicesof whichentities(vertices,edgesandpolygons)shouldberemovedandwherenew
entitiesshouldbeplaced.

In addition to decimation,anotherapproachto reducingthe amountof spaceneeded
to storea model is to changethe representationof the model to somethingthat is less
spaceconsumingthanadensepolygonalmesh.KrishnamurthyandLevoy [65] studiedthe
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FIG. 11. In thefirst pairof imagesthewhalemeshcontains6844vertices.Thesecondsetof imagesshows
a theresultof reducingthemeshto containonly 3042vertices.Theright imagein bothpairsis ashadedversion
of themeshto theleft. TheimagesweregeneratedusingMinolta’s Vivid softwarepackage.

conversionof adensepolygonmeshto aB-splinesurfacepatchrepresentationfor objects.
An appropriatelydesignedB-splinepatchrepresentationuseslesscomputerstoragespace
thana polygonalmeshthat representsthe surfacewith thesameaccuracy. In additionto
beingmorememoryefficient, theB-splineis differentiableandhasbeenextensively used
in theCAD/CAM industryfor representationanddesign[35].

For theareaof computervision thecriteriafor agoodrepresentationof anobjectmodel
maybedifferentfrom thecriteriaemployedin computergraphics.For example,Johnson
andHebert[55, 58] requiredthatthemodelsof theobjectsin theirdatabaseberepresented
in polygonalmeshformatwith thedensityof themeshasregularaspossible.Theregular
meshensuresthattheir “spin” imagefeatures(usedto encodeandmatchtheshapeof each
object)approximatesthetruerangeimagefeaturesscannedfrom therealobject’s surface.
Theuseof spinimagesfor recognitionis discussedat lengthin Section5.3.

Anotherexampleis theidentificationof curvatureextremafrom polygonalmeshrepre-
sentationsof surfaces.Curvatureis oftenusedin computervision asa descriptive feature
becauseof its detectabilityin a widevarietyof imagery. CampbellandFlynn [19] studied
someof theissuesin identifyingcontoursof curvatureextremaonpolygonalmeshsurfaces.
They foundthat identificationof thecurvatureextremaon anobjectsurfacedependedon
thepropertiesof thepolygonalmeshusedto representit. Polygonalmeshrepresentations
with verticesguaranteedto be within an error toleranceof the true surfacetypically will
containpolygonswith varyingsurfaceareadependingon themagnitudeof thethesurface
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curvature.In regionswherethesurfaceisrapidlychangingshapethepolygonalmeshmodel
mustusedsmallpolygonsto insuretheerrorbetweentruesurfaceandpolygonalmodelis
within tolerance.Thisdifferencein areacanthenbeusedto aid in theidentificationof the
curvatureextremaon themeshrepresentationof themodel.

Anotherconcernis identifying ridgesof curvatureextrema. CampbellandFlynn [19]
developeda curvatureridge/valley detectorthat usedhysteresisandnon-maximumsup-
pressionto build contoursof curvatureextrema.They foundthatfollowing thetruecontour
was often difficult sincethe edgesof the polygonalmeshrepresentationcan be a poor
polygonalapproximationto thecontourof curvatureextrema. This resultsfrom poorap-
proximationof theridgesof theobjectsurfaceby theedgesin thepolygonalmesh.Often
theedgesof themeshcut throughthetruecontourinsteadof following it. This haphazard
placementof edgesin thepolygonalmeshcausestroublein reconstructingcontoursfrom
therepresentation.

The refinementof the model in large part dependson the applicationandthe desired
accuracy of the representation.A resamplingof the datais often performedto improve
theability to reconstructapproximationsto thesurfacenormalandcurvatureon themodel
[19] andto reducetheredundancy in the representation.The resultis a modelthatmore
accuratelyrepresentsthemodelandall of its propertieswhile still beingefficient in time
andspace.

5. FREE-FORM OBJECT RECOGNITION SYSTEMS

Theprecedingsectionshavesurveyedtheelementsandtechniquesfor representingfree-
form 3D objects,with a focuson meshrepresentationsandtheir constructionfrom range
images. This sectiondiscussesseveral approachesto the recognitionof suchobjectsin
intensityor rangeimagery. Additional surveys of this area(or of object recognitionin
general)includeBeslandJain[9], Bradyet al. [15], Flynn andJain[37], andPope[89].
Our goal is to survey thosesystemsthat arerelatively recent,aredesignedto recognize
eithersingleor multipleobjectsin thepresenceof occlusion,andthatdonotrestrictthe3D
shapeof objectsto beidentifiedto simpleshapessuchasplanesor cylinders.While some
attentionis givento recognitionin intensityimageryto provide context, the focushereis
techniquesemploying 3D (range)imagery.

5.1. Appearance-BasedRecognition
Appearance-basedapproacheshave becomea popularmethodfor objectidentification

and poselocation in intensity images,and has also beenusedto recognizefree-form
objectsin rangedata,asnotedbelow. This popularity is in part due to thesemethods’
ability to handletheeffectsof shape,pose,reflectance,andilluminationvariationsfor large
databasesof generalobjects.An appearance-basedrecognitionsystemencodesindividual
objectviewsaspointsin oneor moremultidimensionalspaces.Thebasesfor thesespaces
areobtainedfrom a statisticalanalysisof theensembleof trainingimages.Recognitionof
anunknownview is typically performedby projectingthatview into thespace(s)alongthe
storedbasisvectorsandfinding thenearestprojectedview of a trainingimage.

The literaturecontainsmany variationson this simpleandpowerful basicidea. Early
work in theareaof appearance-basedrecognitionincludedasastudyof efficient represen-
tationof picturesof faces.Kirby andSirovich [63] usedprincipalcomponentanalysisto
determinethebestcoordinatesystem(in termsof compression)for their trainingdata.The
basisvectorsfor thenew coordinatesystemweretermedeigenpictures. In laterpublications



SURVEY: FREE-FORMOBJECTREPRESENTATION AND RECOGNITION 25

[114, 75] they aresometimesgivenequivalentterms:eigenfacesor eigenimagesdepending
ontheapplication.Thetermeigenfacesis usedwhenthetrainingsetis limited to facedata
becausecertainbasisvectors,whenviewed,havea facelikeappearance.

Theappearancesof objectsareencodedusingprincipalcomponentanalysison a setof
trainingimagedata ï � � Ñð O � '-'1' Ñð$ñ �
Eachtrainingimage

Ñð 4 canbeconsideredacolumnvectorobtainedfrom theoriginal image* � 4óò 7U@ . by unraveling: Ñð 4 � * � 4 O � '-'1' � 4 ¾ . Â �
where

>
is thenumberof pixelsin theimage.Eachimageis typically normalizedto unit

energy
H�Ñð 4 H��ô, . For Lambertianobjectsthe normalizationfactorsout any variation in

globalillumination thatmight occurrbetweentrials. To accuratelyrepresenteachobject’s
appearance,the objectmustbe viewed in a setof posesandundera setof illumination
conditionsthatcapturesthoseposesandconditionsexpectedtobepresentin therecognition
environment.

Principalcomponentanalysisis usedto determinea setof orthogonalbasisvectorsfor
thespacespannedby thetrainingdata

ï
. To do this theaverageÑõ � ,A ñ2 4_ö O Ñð 4

is subtractedfrom everyimage
Ñð 4 in ï yieldingacenteredset

ïÍ÷
.

ïÍ÷
is thenusedto form

an

> 0 >
covariancematrix: ø � ïÍ÷Uï Â÷ '

Then the eigenvectorsand correspondingeigenvalues
� � Ñù 4 �wú 4 �C� É �û, '1'-' > � for

ø
are

determined.The setof

>
eigenvectorsis an orthogonalbasisfor the spacespannedby

ï
. Thisprincipalcomponentsrepresentationcanbeusedto approximatethetrainingdata

in a low-dimensionalsubspacethat capturesthe grossappearanceof the objects. This
enablesappearance-basedapproachesto characterizethe objectswith the eigenvectors
correspondingwith thelargesteigenvalues.MuraseandNayar[75] foundthata subspace
of 20 dimensionsor lesswassufficient to captureobjectappearancefor poseestimation
andobjectrecognitionpurposes.

Let
� Ñù O � '1'-' Ñù @ � bethesetof eigenvectorscorrespondingwith the D largesteigenvalues.

Thecenteredvectors
�1Ñð 4 bæÑõ � in thetrainingdataareprojectedalong

� Ñù O � '1'-' Ñù @ � to form D -
dimensionalprototypes

Ñü 4 . An unknownimage
Ñý thatmapscloseto oneof theseprototypes

is similar in appearanceto thecorrespondingtraining image
Ñð 4 . This enablesthesystem

to identify objectidentity andpose.
An approximationto

Ñð 7 canbeconstructedusingthebasisvectors
Ñù 4 andtheprojected

point
Ñü 7 in theeigenspace.Thereconstructedimageis givenbyþð 7 ��� Ñù O � '-'1' � Ñù @ � Ñü 7 � Ñõ �

andisonlyanapproximationto
Ñð 7 sinceonly D eigenvectorsareusedinsteadof ÿhÉr� � > �wA3�

(therankof thecovariancematrix

ø
), but thegrossdetailsof theobject’s appearanceare

typically preserved.
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Turk andPentland[114, 113] notedthatin usingappearance-basedrecognitionstrategy
a small setof eigenpicturescould be usedto describeandreconstructfacesfrom a large
segmentof the population. Their ideaswere testedon a databaseof 16 subjectswhose
faceswerecapturedundervaryingillumination,pose,andscale(2500imagesin all). They
foundthatthesystemhadahighersensitivity to changesin thesizeof thesubjectfacein the
digitizedimagesthanto changesin illumination andpose.They showedthatappearance-
basedmethodscouldbeusedto recognizecomplex sculptedsurfaces(faces)in underone
second.

MuraseandNayar [75] developedthe useof appearance-basedrecognitionand pose
recoveryfor generalobjects.Usingtwo eigenspacesthey wereableto recognizeandlocate
posefor objectsundervaryinglighting conditions.Theuniversaleigenspace� is formed
from all training images

ï
andis usedto determinethe identity of an object in a scene

image,while anobjecteigenspace

¶ 7
is formedfor eachmodelÔ from all trainingimages

ï 4
containingthat model,andusedto determinethe object’s poseandthe illumination

conditions.For eachobjectabivariatemanifoldis created,allowing interpolationbetween
discretepoints

Ñü 4 in theeigenspaces.Themanifoldswereconstructedusingacubic-spline
interpolationalgorithm. The two parametersof the manifold were the rotation of the
imagingturntableandtheillumination direction.In general,threeparametersarerequired
to representthe rotationalposeof an objectin 3D andan additionaltwo dimensionsare
neededtodescribevaryingilluminationpositions(for asinglenon-directionallight source).
Thusthepracticalityof thissortof systemdependsonthenumberof poseandillumination
degreesof freedomaswell as the complexity of the objectshapeandappearanceunder
poseandilluminationvariations.

To identify anobjectin animage
Ñý , it is first projectedÑü � Ö�Ø Ñù Â O...Ñù Â @ Ù��Ú � Ñý b Ñõ �

into the universaleigenspace,thenmatchedwith the closestobject’s manifold. Naively,
matchingcanbe doneby uniformly samplingthe manifolds,but this is both inefficient
in memoryand time. MuraseandNayar [79, 78] developeda structuredbinary search
techniqueto quickly searchthroughamulti-dimensionaleigenspacefor thebestmatch.

Othernotablework in the appearance-basedrecognitionof objectsin intensityscenes
includesthefollowing.Ê TurkandPentland[113] discussedtheutility of usingtrainedneuralnetworksto matchÑü with a person’s identity.Ê Mukherjeeand Nayar [72] experimentedwith radial basisfunction (RBF) neural
networksto match

Ñü with a point onanobject’smanifold.Ê MuraseandNayar[74] followedtheir earlierwork on appearance-basedmatchingof
objectwith a studyof illumination. The goalof the studywasto determineillumination
parametersto maximizethedifferencein appearancebetweenobjects.Thestudyproduced
graphsof minimum distancebetweenobjectcurves in eigenspaceasa function of light
sourcedirection,recognitionrateasa functionof SNR,andrecognitionrateasa function
of the amountof segmentationerror. In all casesthe experimentallydeterminedoptimal
sourcewasfoundtohaveahigherrecognitionratein thepresenceof noiseandsegmentation
errors.



SURVEY: FREE-FORMOBJECTREPRESENTATION AND RECOGNITION 27Ê Mundy et al.[73] comparedMuraseand Nayar’s [75] appearance-basedapproach
with two geometricmodelbasedrecognitionapproaches.The studyconcludedthat the
appearance-basedsystemhad the highestrecognitionrate, but it also had the highest
numberof falsepositives. This wasdueto thelack of a verificationprocedure,andto the
sensitivity of currentappearance-basedmethodsto occlusion,outliers,andsegmentation
errors. The geometricmodelbasedapproaches,beingstructuredaroundthe hypothesize
andtestarchitecture,hadasmallernumberof falsepositives.Ê Black andJepson[13] showedthattheprojection

Ñü � * Ñù O � '-'1' Ñù @ . Â � Ñð b Ñõ � resultsin
a leastsquaresestimatewhenusedfor reconstruction(i.e., the calculationminimizesthe
squarederrorbetweenimage

Ñð andits reconstruction
Ñü ). Tocompensatefor thewell known

sensitivity of leastsquarestechniquesto outliersandgrosserrors,Black andJepsonused
robust statisticsin the calculationof the projection

Ñü . The additionof robust estimation
improved the appearance-basedmethod’s ability to handleinput imagesfor which good
segmentationswerenot available.A notableapplicationwasthedevelopmentof a system
to trackandrecognizehandgestures.Ê A major problemwith the appearance-basedapproachesis their lack of ability to
handlemorethanoneobjectin the scenewith the possibility of occlusion. Huanget al.
[51] proposedsegmentingtheinput imagesinto partsandusingtheappearanceof theparts
andtheir relationshipsto identify objectsin thesceneaswell astheir pose.Laterwork by
Campset al. [21], following Huanget al. [51], enhancedandextendedtheearlierwork,
yielding recognitionsystemthatincludeshierarchicaldatabasesandBayesianmatching.Ê Onedrawbackof anappearance-basedpartrepresentationis theinput imagemustbe
segmentedat runtimebeforerecognitioncanoccur. This limits the classof objectsthat
canbe recognizedto objectswho canbe segmentedreliably. Most free-formobjectsdo
not lendthemselvesto easyrepeatablesegmentations.OhbaandIkeuchi[84] andKrumm
[66] avoidedthisproblemby creatinganappearance-basedtechniqueusinglocalwindows
of the objectsappearance.Ohbaand Ikeuchi [84] were able to handletranslationand
occlusionof anobjectusingeigenwindows. Theeigenwindowsencodeinformationabout
an object’s appearancefor only a small sectionof its view. Measuresof detectability,
uniqueness, and reliability weredevelopedfor the eigenwindows. Thesemeasureswere
usedto omit eigenwindows from thetrainingsetif they arehardto detect(detectability),
have poor saliency (uniqueness),or are sensitive to noise(reliability). Using the local
eigenwindows they were able to identify multiple objectsin clutteredscenes. Krumm
[66] independentlyandroughly simultaneouslydeviseda eigenwindow approachsimilar
to thatof OhbaandIkeuchi[84]. Thedifferencesbetweenthesetwo approachesdealwith
the modelconstructionandrecognitionprocedure.Krumm employs an interestoperator
(pointsandcorners)to identify possiblenon-overlappingeigenwindows.Ê EdwardsandMurase[32] addressedthe occlusionprobleminherentin appearance-
basedmethodsusinga maskto block out part of the basiseigenimages

Ñù 4 andthe input
image

Ñý 4 . Themaskswereusedwith aresolutionhierarchyto searchfor aninitial maskand
objectidentityat low resolutionthenadaptively refinethemthroughhigherresolutions.Ê LeonardisandBischof [67] handledocclusionby randomlyselectingimagepoints
from thesceneandtheir correspondingpointsin thebasiseigenvectors* Ñù O � '1'-' Ñù @ . . Their
methodusesa hypothesize-and-testparadigm,wherea hypothesisis a setof imagepoint
locations(initially randomlygenerated)and the eigenspaceprototype

Ñü . This method
shows the ability to reconstructunseenportionsof the objectsin the scene.Bischof and
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Leonardis[12] extendedthisearlierwork to handlescalingandtranslationof objectsin the
scene.Ê Rao [92] applied the adaptive learning of eigenspacebasisvectors * Ñù O � '1'-' Ñù @ . in
appearance-basedmethods. The dynamicappearance-basedapproachis usedto predict
spatialand temporalchangesin the appearanceof sequenceof images. The prediction
modifies the eigenvectorsby minimizing an optimization function basedon Minimum
DescriptionLength(MDL) principles.MDL is usedbecauseit balancesthedesireto learn
theinput datawithout memorizingits details.This is importantwhenthesystemneedsto
beflexible andnot overspecializedto thetrainingdata.Ê Appearance-basedrecognitionhasalso beenappliedto rangeor depthimageryby
CampbellandFlynn [20]. The

e O[ D depthdatacapturestheshapeappearanceof a view.
Theprincipalcomponentanalysisof thisdataresultsin asetof characteristicshapes.These
eigenshapesareusedin muchthesameway aseigenpicturesor eigenfacesto form a low
dimensionalsubspacethat is useful for matchingand poserecovery. An advantageto
usingrangedatain placeof albedois that in mostcasestheillumination conditionsat the
time of the scandoesnot affect the measurementsof the depthdatain the rangeimage.
Traditionallyappearance-basedrecognitionsystemstrainedonimagescapturedby rotating
theobjectonaturntableandvaryingtheelevationof thelight with respectto turntable.This
resultedin two degrees:of posefreedomthefirst for therotationof theturntable,andthe
secondfor the light positionthatcouldberecoveredby theappearance-basedrecognition
system.Sinceilluminationwasnota factorin theshapeappearance,theauthorsaddressed
therecoveryof 3D rotationalpose.

Thetrainingof thesystemconsistedof uniformly samplingtheview sphereby a pseudo-
regular tessellationof the sphere. At eachvertex of the discreteview spheredefinesa
viewpointfor whichasetof trainingimagesaretaken. Thetrainingimageswerethenused
to build, alongwith NeneandNayar’s [79] efficient searchtechniquein high dimensional
spaces,anefficientobjectrecognitionsystemfor free-formshapes.Thissystemwastested
ontwodatabasesthefirstcontain20free-formobjectsandthesecondcontain54mechanical
parts(mostof thesurfacesherecouldbedescribedby thenaturalquadrics).Bothdatabases
were testedto identify the influencethat; densityof posesampling,dimensionof the
matchingsubspace,and size of training imageshad on the probability that the correct
objectwould bedetected.Theauthorsfoundthat imagesizewasnot nearlyasimportant
asthenumberof trainingimagestakenfor eachobjectandthedimensionof thesubspace.
CampbellandFlynnalsonotedthatanappearancesubspaceof 20dimensionswassufficient
for accurateobjectrecognition.Their systemwasableto identify theobjectsusingshape
with 91%accuracy in abouta secondon a PentiumclassPC.

Table 2 summarizesthe various appearance-basedrecognition techniquessurveyed
above. For eachtechnique,the table indicateswhetherthe techniquecan handlemul-
tiple objectsceneswith occlusionandchangesin thesizeof theobjectsin thedatabase.It
alsoreportsthelargestdocumenteddatabasesizeandtherecognitionrateobtained

¾ ÷¾ î�� 4 � B �
where

> � wasthe numbertimesthe object’s werecorrectly identifiedand

> 	�
 É M E ³ was
the total numberof trials.2 In someof the paperssurveyedthe numberof objectsor the
recognitionratewasnot reportedandaremarked in the tableasNR. The entry for the} In theexperimentsof Nayaretal. [75, 77], testsusinga100objectdatabasereported100%correctrecognition
for adatabasesubsetof 20objectsthatdonot containself similar viewpoints.
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TABLE 2

Summary of appearance-basedrecognitiontechniques.

Technique Occlusion Scale Largest Recognition
Changes Database Rate

Kirby et al.[63] No Yes NR NR
Turk et al.[113] No No 16 1.0

Nayaretal.[75, 77] No Yes 100 1.0
Blacket al.[13] No No N/A N/A
Campsetal.[21] Yes No 24 1.0
Ohbaetal.[84] Yes No NR NR

Krummetal.[66] Yes No 2 0.8
Edwardset al.[32] Yes Yes 6 0.89
Leonardiset al.[12] Yes Yes 20 NR

Raoet al.[92] Yes No NR NR
Campbelletal.[20] No Yes 54 0.91

systemof Black et al. [13] reportsN/A for databasesizeandratebecauseit wasdesigned
to trackobjectsusingrecognitionandmultiple objectdatabaseswerenot explored.

5.2. Recognitionfr om 2D Silhouettes
In additionto appearance-basedtechniques,objectsilhouetteshave beenusedto char-

acterizefree-formobjects.In a controlledenvironmentanobject’s silhouettecanbequite
usefulto determineanobject’s identity andpose.This subsectionreviewsa few represen-
tative techniquesemploying free-formcontoursin intensityimageryfor recognition.

Mokhtarian[71] developedacompleteobjectrecognitionsystembasedonclosedobject
silhouettes.The systemis designedto recognizefree-formobjectsthat have only a few
stableviewsin anenvironmentwhereonlyoneobjectwill bepresent.Todothis,alight-box
is usedto illuminate the objectandmake the boundarybetweenbackgroundandobject
easiertodetect,andobjectsareisolatedbysimplethresholding.Boundarycurves(extracted
by contourfollowing) arethenrepresentby calculatingits CurvatureScaleSpace(CSS)
representation.Thematchingof CSScurvesis donebasedon thelocationof themaxima
of the curvaturezero-crossings.For convex boundarycurves the CSSrepresentationis
smootheduntil only four maximapointsareremaining,while concave curvesutilize all
maximaobtainedat a given scale. During recognitionthe aspectratio of the object’s
silhouetteis usedto pre-filter possiblescene/modelmatchesbefore the silhouettesare
matched.This techniqueprovidesa fastway of matchingthe coarsefeaturesof a scene
silhouettewith an object’s silhouette. The bestsilhouettematchesare thenverified by
registeringthetwo curvesandmeasuringtheerror. Thesystemcorrectlyidentifiedall 19
objectsin its database.

PonceandKriegman[88] usedcontoursof discontinuoussurfacenormalandoccluding
contoursto recognize3D objects.Parametricsurfacemodelsof theobjectsyield candidate
modelcontours.Usingeliminationtheory, implicit equationsof theparametricpatchesare
foundandtheintersectionsbetweenthepatchesareusedto constructanimplicit equation
of the contour. A weak perspective projectionmodel is usedto correlate3D contours
with 2D contoursfoundin theintensityimages.Imagecontoursaremanuallyprunedand
groupedinto clusterscorrespondingto asingleobject.Thesystemwasonly usedto model
surfacesof revolution,but couldhandlemultiple objectsceneswith moderateamountsof
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occlusion. Their resultsshowedquick recognitiontimes( � È + secs)with goodlocation
accuracy (averageerrorbetween0.4-1.4pixels).

Joshiet al. [61, 62] usedHOT (high ordertangent)curvesto modela smoothobject
for recognition.Thesecurvescanbeidentifiedfrom pointson anobject’s silhouettein an
intensityimage. Sequencesof thesepointscanbe tracked to recover the 3D curve. The
anglesbetweentangentlinesandratioof distancesbetweenpointsoncontourareusefulto
form scaleandposeindependentfeaturesof theobject. This in turn canbeusedto index
a recognitiontable. Their experimentstestedthesystemon four objects(a squash,a pear,
a bananaanda duck decoy) andshowed that the HOT curve representationwasableto
recovertheobjectsidentityandposefor everytest,but only afteraverificationsteppruned
out falsematches.

Internal edgeshave also beenusedto help recognizedfree-form objectsin intensity
images.ChenandStockman[22] usedbothsilhouetteandinternaledgesto recover pose
andidentity of 20 free-formobjectmodelsfrom intensityimagery. The silhouettecurve
wasfirst usedwith a invariantfeatureindexing systemto build candidatemodelandpose
hypotheses.A part-basedcontourrepresentationwasincorporatedto tolerateocclusion.
Theinvariantattributesof thesecurvesegmentswerethenusedto index into a hashtable.
This resultsin matchesbetweenpossiblemodelpartsandobservedparts. Thesematches
arethengroupedinto consistenthypothesesbasedonmodelidentity (associatedwith each
part)andaroughposeestimate.Thehypothesesarethenverifiedby matchingmodeledge
mapsto the observededgemaps. The verificationstepalsoproducesa refinedestimate
of the object’s pose. During verificationboth the silhouetteandinternaledgesareused.
The inclusionof the internaledgesimproved the performanceof the verificationstepin
rejectingfalsehypothesesof objectidentityandpose.

5.3. Free-Form Object Recognitionin RangeData
Besl[11] reviewedthedifficultiesin matchingfree-formobjectsin rangedatausingpoint,

curve, andsurfacefeatures.The computationalcomplexity of suchmatchingprocedures
canquickly becomeprohibitive. For example,brute-forcematchingof 3D point setswas
shown to have exponentialcomputationalcomplexity. Becauseof this, BeslandMcKay
[10], Stein and Medioni [105], Johnsonand Hebert [57, 54, 56], and Chuaand Jarvis
[25] all have developedtechniquesto reducetheamountof computationrequired.These
methodsoftengroupcorrespondingmodelandscenepoint pairsinto setsthatcanbeused
to determineobjectposeandverify theexistenceof themodelin thescene.

Rangeimagesallow thecomputervision practitionermorecompleteinformationabout
object geometry. Their ability to capture3D points on the viewable surfacescan be
exploited to comparegeometricrelationsbetweenrangeimagesandtraining dataor 3D
models. While their utility in constructionof 3D modelshasbeena topic of relatively
recentinterest(assurveyedabove), therecognitionof objectsin depthmapshasa longer
historyandsystemsdevelopedfor thispurposehavedemonstratedavarietyof approaches.
Thepurposeof thissectionis to describerecentsystemsthatweredevelopedfor free-form
objectrecognitionusingrangeimages.

A techniqueformulatedby NevatiaandBinford [81] usedsymbolicdescriptionsderived
from a generalizedconepartsegmentationof rangeimagesto recognizefree-formarticu-
latedobjects(doll, horse,snake,gloveanda ring) in thepresenceof occlusion.Theparts
(generalizedcones)areusedto form a symbolicdescriptionof the scenebuilt up using
part properties(e.g. axis length,averagecross-sectionwidth) connectivity relations(e.g.
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numberpartsconnected)andglobal properties(e.g. numberparts,numberof elongated
parts). In an effort to eliminatesomeof the objects,distinguishedpartsareemployedto
index into thedatabaseof possibleobjects.Distinguishedpartsaregeneralizedconesthat
aremuchwider thanotherpartsin the database.Thesepartsaremorelikely to be seg-
mentedproperlyin thepresenceof occlusion.Thesceneandmodeldescriptionsarethen
compared,startingwith matchingdistinguishedparts. Thesematchesarethengrown by
matchingotherdistinguishedpartswhosepropertiesandconnectionsareconsistent.This
is equivalentto matchingtwo graphdescriptionsof theobjects.Theresultingscenegraph
of connectedpartsis allowedto besmallerthanthemodelgraphbecauseof thepresence
of occlusionandsegmentationerrors.Thequality of thegraphmatchis thenevaluatedby
thequality of theindividualpartmatches.This representationworkswell for objectswho
haveverydifferentsymbolicdescriptions.

RajaandJain[91] developedasystemfor fitting andclassifyingdeformablesuperquadrics
(a subsetof thesetof all free-formobjects).They fit a deformablesuperquadricto range
datawherethedeformationsconsideredweretaperingandbending.Theparametersthat
definethefit superquadricareusedto classifytheshapeinto oneof twelve differentgeon
classes.Thegeonclassesareusedto discriminatebetween‘qualitatively different’shapes.
Qualitative differencesincludestraightvs. curvedaxes,straightvs. curvedcross-section,
and increasing,decreasing,or increasing-then-decreasingcross-sectionalareaalong the
primary axis of the superquadric.Superquadricsrecoveredfrom noisy or rough range
imagescausedproblemswith classificationof thesuperquadricwith thecorrectgeonclass.
With realrangeimagestheir classificationmethodcorrectlyidentifiedthegeonclass77%
of thetimeandwith syntheticimagerythecorrectidentificationratewas87%.

Surfacecurvatureshasalsobeenusedto describeanobject’s surface.For a surfacethe
curvatureat a point is characterizedby finding thedirectionsin which thesurfacenormal
changesthemostandtheleastrapidly. Theseprincipal curvatures  O and  [ respectively
encodetherateof changeof surfaceorientationin thetwo extremaldirections.Typically
the principal curvatures O and  [ are usedto characterizeand encodediscriminatory
informationaboutanobjects.

Thirion [110] usedsurface curvature to define a global representationof free-form
objects. The methodusescurvatureextremaon the surfaceto find critical points and
contours.Theextremalpoint/contoursaredefinedaszerocrossingsbetweenmaximaand
minimaof Gaussiancurvature(  �  O��  [ ). Therepresentationhasbeenusedon real
rangedataas well as syntheticmodelsto find extremal meshesof the object. Thirion
notesthat therepresentationis still too complex to bepracticalfor objectidentificationor
poselocalization,becausethe descriptiondoesnot lend itself easilyto a quick matching
technique.

Surfacecurvaturehasalsobeenusedto classifylocal surfaceshapeinto a small setof
representative shapes[9, 31]. BeslandJainusedGaussiancurvature(  �  O��  [ ) and
meancurvature( � � �  O �  [ ��� e toclassifylocalsurfaceshapeintoeightbasiccategories.
DoraiandJain[31] extendedthisearlierwork by definingtwo new curvaturemeasures:the
shapeindex (

FG� ,�� e b O����� P�� � ^�� V�� � Y� V! � Y ) andcurvedness( " �$# �  [ O �  [[ ��� e ), where
theshapeindex

F
now defines(classifies)thelocalshapeintonineshapetypes(verysimilar

to BeslandJain’s work [9]) andthecurvednessmeasuresthemagnitudeof thecurvature
change.DoraiandJain[31] usethesenew measuresalongwith aspectralextensionof the
shapemeasureto build aview-dependentrepresentationof free-formobjects.Theirsystem
(namedCOSMOS,for ‘Curvedness-Orientation-ShapeMapOnSphere’)usesahistogram
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FIG. 12. Exampleof 4thorderoperatoron rangedatasampledfrom arubberduck.

of shapeindex valuesto characterizethesurfacecurvatureof a view. Thehistogrambins
storetheamountof areaon a view that lies within a rangeof shapeindex values. These
histograms(calledshapespectra)canbequickly matchedusingmomentsandareinvariant
to rotationsabouttheopticalaxis.Thesystembuildsupanobjectdatabasemadeupof many
viewsof eachobjectto berecognized.To reducethecomplexity of thesearch,viewsof an
objectaregroupedbasedontheirsimilarity into clusters.Thenfor eachclusteraprototype
shapespectralhistogramis found usingaveraging. The processto matcha sceneshape
spectrahistogramwith thedatabasefirst matchesthescenewith eachcluster’s prototype.
Thenthe top � clustersthatmatchwell with thesceneareexaminedto find which views
in the clustersbestmatchthe scene.The view that bestmatchesthe sceneidentifiesthe
objectandpose.The translationandrotationparametershave yet to bedetermined.The
view clusteringschemefor therecognitiondatabasereducestheamountof time it takesto
producea match. On averageonly 20%of theviews hadto bematchedfrom a database
with a totalof 20objects.This recognitionschemeworkswell for singleobjectscenesnot
containingpolyhedralobjects.

In additionto curvaturebasedfeatures,deformablepolyhedralmesheshavebeenusedto
encodethelocalsurfaceshape.PipitoneandAdams[87] usedaconnectedsetof equilateral
triangles(Figure12) to characterizean objectshapeby deformingit to the shapeof the
surface.Thecreaseangle(Besl[8]) betweenpairsof trianglesin thematareusedto build a
poseinvariantfeaturevector % thatcharacterizesthelocalsurfaceorientationchange.The
numberof angles

>
� resultingfrom thematof trianglesgivestheorderof theoperator% ,
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where

% � Ö�Ø µ O...µ ¾'& Ù��Ú '
The lengthof the sidesof the equilateraltrianglescanbe usedto control the operator’s
ability to capturefinedetailor rejectnoisein thesurfaceshapeof theobject.To completely
encodean object, the tripod operatoris randomlyplacedon its surfaceenoughtimesto
insuresufficientcoverageof all thesurfacesof theobject.Recognitionin this context was
performedusingmaximuma posteriori(MAP) estimationof theobjectidentity giventhe
observed tripod features. Nonparametricdensityestimateswereemployed in the MAP
estimator. By using ten tripod operatorsand picking the most likely object, a correct
recognitionrateof 92%wasachievedfor a four objectdatabase.

SteinandMedioni [105] usedchangesin surfaceorientationto matchlocal patchesof
surfaces.The local natureof thematchingtechniqueallowed themto find multiple free-
form objectsin a clutteredscene.To provide goodmatchesbetweencorrespondingscene
pointsandknown modelpoints they deviseda novel methodto measurethe difference
betweentwo relativesurfacenormaldistributions(Figures13,14). For agivenpoint ( on
asurfacethenormalsadistance) away from ( containsomestructuralinformationabout
thesurfacearound( (Figure13). Thedistributionof all thenormals

>
) ��µS� onthesurface

around( arecalleda‘splash’,becauseitsappearancecanbestrikinglysimilartoasplashin
water. Thento encoderelativeinformationaboutthenormals

>
) �
µX� asphericalcoordinate

systemis used(Figure14), wherethe angles* �
µS� and + �
µX� give the relative orientation
of

>
) �
µS� with respectto ( ’s normal

>
andthe , �
µS� axis. , �
µX� is perpendicularto

>
andlies in the planecontaining ( ,

>
andthe point ) distanceaway from ( andangle

µ
from wheretheencodingstarted.As

µ
is variedfrom + to

e c thevaluesof * ��µS� and + �
µS�
form a 3D curve

½ �
µX� � � * ��µS�
+ ��µS� � . To allow for quicker matchingtechniquesbetween

pairsof curves
½ 4 �
µS�

and
½ 7 �
µS�

thecurvesarepolygonizedstartingat thevalueof
µ

where
* �
µS� is maximum. This startingpoint is chosento provide onemethodof insuringsome
rotationalinvarianceto encodingthe curve. Thenfinally the polygonalcurve is encoded
into arepresentationcalledthe3D supersegment(Figure14). The3D supersegmentstores
thecurvatureanglesbetweenlinks -

4
andthe torsionangles.

7
shown in Figure14 from

thepolygonizationof thecurve
½ �
µS�

.
Forrecognition,thebestplacestoencodesplashfeaturesarein theareasof highcurvature.

In theseareasthevariationsbetweenthenormalat ( andthenormals

>
) ��µS� givessplashes

a rich structuraldescriptionof thelocal surfaceshapeof theobject.
SteinandMedioni [105] employeda ‘StructuralIndexing’ approachto matching.This

recognitionmethodis avariantonhashingwheretheindicesto thehashtablearerelatedto
structuresformedfrom thefeatures.In this casethecodefor thehashtableis foundfrom
the3D supersegment.Thecurvature-

4
andtorsionangles.

7
betweenthesegmentsof the

polygonalcurve alongwith the numberof segments,the maximalorientationdifference
betweenpoint of interestandthecontour / ��0 * �
µX� andtheradius ) areusedto index the
hashtable. This is termedstructuralindexing becausethe table is indexed by structural
elementsof the features. For a given interestpoint a entry is encodedfor variousradii
andnumberof segmentsin thepolygonapproximationof thesplash.At recognitiontime
sceneinterestpointsaredeterminedandusedto index the hashtable. The matchesare
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FIG. 13. Thesplashrepresentation.Theangulardifferencesbetweenthenormals1328l § s nearthecentral
pointandthenormal 1 at thecentralpointareencoded.
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FIG. 14. Orientationcoordinatesfor splashfeatures.
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usedto generatehypotheses.Thesearefirst groupedby the model they correspondto.
Thenfor eachmodela setof geometricconsistenthypothesesareformed. Thegeometric
consistency heuristicchecksto seeif pairsof point matchesareapproximatelythe same
distanceapartandhave the samerelative orientationdifferences.The setsof consistent
hypothesesthenareusedto find atheposefor verification.Finally thehypothesizedmodel
andposeis verified with the scenedata. They have shown that in the bestcase,where
only oneobjectis presentin the scene,thecomplexity canbe aslow as

Î � � � , but in the
worstcasewheremultiple instancesof thetheobjectarepresentin thescenewith partial
occlusionthenthecomplexity canbeashighas

Î � � [ ÿ ` � , where� is thenumberof scene
featurepointsand ÿ is thenumberof models.They haveshown throughexperimentation
thatthesystemworksfairly quicklyandcanhandlecomplex sceneswith moderateamounts
of noise.

ChuaandJarvis[25] formulatedanew representation(thepointsignature),whichfollows
alongthe samelinesasSteinandMedioni’s work [105]. Thepoint signatureis different
in that it doesnot encodeinformation about the normalsaroundthe points of interest
(Figure 13); rather it encodesthe minimum distancesof points on a 3D contour to a
referenceplane(Figure15). Thecontouris constructedby intersectingthesurfacewith a
spherecenteredon ( andwith a fixedradius



. A principalcomponentanalysisof the3D

contourdefinesa planewherethedistancefrom pointson thecontourto theplaneareat a
minimum. Thenormalof theplanecanbethoughtof asapproximatingthesurfacenormal
aroundthe point of interest. The planeis then translateduntil it contains( . A signed
distancefrom the 3D contourforms a 1D parametriccurve Û ��µS� asshown in Figure15.
Thefinal representationis adiscretizedversionÛ * � .)� Û � � �54 µS� , where

4 µ
is 15degrees.

Thisprovidesacompactwayto storeinformationaboutthestructureof thesurfacearound
a point thatis poseinvariant.For their final systemthey foundthatit wasbetterto encode
two signaturesateverypointof interestontheobjectwherethetwo signaturewerecreated
with spheresof differentradii. This improvedtheselectivity of thematches.

FIG. 15. PointSignature.

Tosufficientlycovertheobject,adiscreteparametriccurve Û * � . isobtainedatevery model
point. Thesepoint signaturesarethenplacedinto an index table. Eachbin in the table
containsa list of modelpoint signatureswhose/ ]a^ Û * � . and / �60 Û * � . valuesaresimilar.
During recognition,point signaturesarecalculatedonagrid evenlyspacedover thescene.
Thesepoint signaturesareusedto index thetableandcomparewith themodelsignatures
containedin the appropriatebin. Signatureswhosearesimilar generatepossiblemodel
scenecorrespondences.Thehypothesesaregroupedby modelandmodelsareorderedby
the numberof hypothesesthey received. Themodelswith the mostcorrespondencesare
verified. Therotationandtranslationtransformationbetweenthescenepointandmodelare
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foundusingpartialcorrespondencesearch[24, 25]. Theworstcasecomputationalcostof
theverificationis

Î � > � > Ì87 ` � , where

>
� is thenumberof scenepointsin thehypotheses,> Ì

is thenumberof modelpointsin thecorrespondence,and
7

is themaximumnumber
of hypothesesa scenepoint is mappedto modelpoints(sincea scenepoint canmapto
morethanonemodelpoint). Thesystemshows quick recognitiontimesfor multi-object
scenesfrom adatabaseof fifteenmodelswith highaccuracy.

Johnsonand Hebert [57, 54, 56, 53, 59, 60] also employed point featuresfor object
recognition.Their ‘spin images’are2D histogramsof thesurfacelocationsaroundapoint.
The spin imageis generatedusing the normal to the point and rotating a cutting plane
aroundthe point using the normalas the axis of rotation(seeFigure16). As the plane
spinsaroundthe point the intersectionsbetweenthe planeand the surfaceare usedto
index a 2D histogram.Thebins in thehistogramrepresentthe amountof surface(or the
numberof times)a particularpatchof thecuttingplaneintersectstheobject. Spinimages
aregeneratedfrom modelsusinga polygonalapproximationto thesurface. Thevertices
in thepolygonalmodelareapproximatelyuniformly distributedacrosstheobject. When
spinimagesaregeneratedfrom realdatatakenfrom a rangescanner, a similar criterionis
required.Theuniformity is requiredsothebinsin thespinimagesapproximatethesurface
areacutby theplaneasit is spun.

FIG. 16. SpinImage.

JohnsonandHebert’s[56, 53] spinimagesareusedto establishcorrespondencebetween
sceneandmodelpointsfor 3D data.During recognitionthesceneis randomlysampledto
find pointswherespin imagesareto befound. This is doneuntil 10%of thescenepoints
havebeensampled.For eachscenespinimageis comparedwith every modelspinimage.
Thecomparisonsproducesa similarity measurehistogram.Thehistogramis analyzedto
find theupperoutliers.Theseoutliersareusedto generatehypotheticalmatchesbetweena
scenepoint andpossiblymorethanonemodelpoint. Onceall thescenepointshave been
usedto generatepossiblecorrespondences,they areagainfiltered to remove 50% of the
worstmatches.Thecorrespondencesarethengroupedbymodelandcheckedfor geometric
consistency. Themeasureinsuresconsistency in bothgeometricpositionandorientation.
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Themeasureis weightedby distancebetweenthesetsof correspondences.This is usedto
promotegroupingof matchesthataregeometricallyconsistentandareseparatedby some
distance. Groupsof geometricallyconsistentmatchesbetweenmodel andscenepoints
areusedto calculatea rotationandtranslationtransformationbetweenmodelandscene
points. A modifiedICP algorithm[10] is usedto refinethe transformationbeforea final
verificationstepconfirmsor rejectsthemodel/scenematch. The recognitionschemecan
beusedto identify partially occludedfree-formobjects.Thesystemis shown to work on
an objectwhereonly 20% of the surfaceis visible. The spacerequirementsof the spin
imagestackis

Î �WA:9X�
where

A
is thenumberof modelpoints(this includesall modelsin

thedatabase)and
9

is thenumberof pixels(bins) in thespin images.Thecomputational
complexity for establishingcorrespondencesis

Î �Z��A:9 � ��A<; Q>= �WA����
, where

�
is the

numberof randomlysampledscenepoints,andtheterm
A?; Q>= �ZA��

identifiestimeneeded
to sort thesimilarity measuresbetweena scenepoint andall themodelpointsin thespin
imagestack. The complexity of groupingthe correspondencesis not given,but the ICP
refinementof thetransformationis atworst

Î �ZA��
for eachiteration.

JohnsonandHebert[59] have alsoadaptedtheappearance-basedtechniquesof Murase
andNayar[75] for usewith thespinimages.Theimagesareusedto find alow dimensional
subspacewherescenespin imagescan be matchquickly to model spin images. New
appearance-basedrepresentationfor the discriminatorydatabaseof spin imagessignifi-
cantlyreducedtheamountof storagespace,while enablingthesystemto moreeffectively
recognizemultiple objectsin onescenerangeimage.But their resultshaveshown aslight
decreasein therecognitionratewhencomparedwith previousrecognitionscheme[56, 53].
Their testingfurthershows that theamountof clutter in thescenedoesnot seemto effect
the recognitionrate,while the amountof occlusionof the objectdoes. It seemsthat if a
sufficientamount(morethan30%)of theobjectsurfaceis visible in thescene,it hasahigh
probabilityof beingrecognized.

Sphericalrepresentationsfor representing3D surfacesfor objectrecognitionandpose
localizationhave a rich history in the vision community[68, 27, 116, 98, 45, 52, 29].
IkeuchiandHebert[52] providesanexcellentoverview of theuseof theserepresentations
from theearly1980’s to thepresent.Delingette,Hebert,andIkeuchi’s recentlydeveloped
sphericalattributeimage(SAI) [45, 29] to addressmany of theshortcomingsof theearlier
sphericalrepresentations(EGI, DEGI, andCEGI [52]). Thoseproblemsare: ability to
handlenon-convex objects(representationhasa many to onemapping),andtheability to
handleocclusion(partialsurfacematching).

TheSAI representationmapspointson anobjectsurfaceto verticeson a quasi-regular
tessellatedsphere.By regular it is impliedthatthetrianglefacesaresimilar in surfacearea
andequilateral. Local surfacecharacteristicsarestoredat the verticesof the tessellated
spherethat correspondwith the surfacepoint. The surfacepoint to vertex mappingis
determinedby deforming/shrinkingan ellipsoidalversionof the sametessellatedsphere
to the object’s surface. The deformationis guided by forces that try to preserve the
regularity, while shrinking the meshto the surface. This regularity condition gives the
SAI representationrotationalinvarianceandtheability to beextendedto matchoccluded
objects.

Delingette,Hebert,andIkeuchi[45, 29] point out that the rotationalinvarianceis only
trueasthenumberof nodesin the meshbecomesvery large,becausetheSAI is discrete
andthenodesof themesharemappedto theobject’ssurface.They overcomethisproblem
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by averagingSAI valuesatverticesto approximatevaluesatany point in betweenthemesh
nodes.

Occlusionishandledbyassumingthemeshfaceshaveequalareaandusingascalefactor
to enlargeor shrink the sphericalattribute image(SAI) deformedto a partial surface. In
the generationof the SAI, a closedsurfacemeshis deformedto the partial surface;this
producessomeareason the SAI wherethe meshis interpolatingthe spacein between
surfacedatafrom the partial dataof the object. Theseinterpolatedregionswill not be
matchedwith anotherSAI. Typically, theSAI generatedfrom only partof anobjectsurface
will notmapto thesamenumberof meshnodesasonefit to thefull object.To allow such
sphericalattribute imagesto be matched,onemeshhasto be shrunkor enlargedso that,
whenmatched,they representthesameamountof areaon theobjectsthey model.

Matching two objectsreducesto finding the best rotation betweensceneand model
SAI’s. Thesimpleststrategy is to samplethespaceof all possiblerotationsof thesphere
andto evaluatethedistancemeasurebetweenSAI’s. Therotationthatminimizestheerror
is a candidatematch. For morethanoneobjectin thedatabase,eachobjectSAI mustbe
matchedwith thescene.To reducethesearchspacefor thebestrotationthegeometryof
thetessellatedsphereis usedto limit thenumberof possiblerotations.Thebestmatchcan
bedeterminedin afew secondsonamodernworkstation.Thisapproachhasbeenextended
to includeoccludedobjects.Themeshresultingfrom a partialview of anobjectis scaled
andthe interpolatednodesdo not count in the distancemeasuresbetweenSAI. A shape
similarity measurehasbeenintroducedbetweenSAI soclassificationof similarobjectcan
beusedor a hierarchicaldatabase.Setsof similar objectscanbeclassifiedtogetherunder
a prototypefor theclass.Similarity is doneat differentscalesof smoothingof theSAI. A
multi-scaleversionof anobject’sSAI thencanbematchedwith theprototypeto determine
if the objectsin the classshouldbe matchedagainstthe sceneSAI. This canreducethe
numberof timesthesceneSAI hasto bematchedagainstdatabaseobjects.

In the work summarizedabove, objectsmust have the sametopology as a sphere.
Delingette[27] usesa representationsimilar to theSAI to representmorecomplex topolo-
gies. Insteadof maintainingthe relationshipwith a sphere,partsof an objectcanbe fit
usingthedeformablesurfacemeshandcanbeconnectedto anothermesh.Theuseof this
representationfor objectrecognitionandlocalizationof posehasnot yetbeenexplored.

Shum,Hebert,andIkeuchi[98] developeda similarity measurefor sphericalattribute
images.Thesimilaritymeasureisusedto show theSAI’sability to differentiateobjectsand
how thenumberof nodesin thetessellationeffectsmatchingof objects.ZhangandHebert
[116] alsousethesimilarity measureto classifyanobject’s SAI at differentscales.They
havealsoaddedthenotionof smoothinganobject’ssurfacethroughits SAI representation
withoutshrinkage.Thishasallowedthematchingof objectsat differentlevelsof detail.

Barequetand Sharir [5] formulateda novel approachfor partial surfaceand volume
matchingby finding registrationparameters.Theregistrationtechniquewasinspiredby a
intensityimagetechniquefor matchingandposelocalization.Themethodusesafootprint
that is invariantto rotationandtranslationto differentiateobjects. The footprintschange
dependingon theapplication.Oneexampleof a footprint is anapproximationof surface
curvatureat a point, which is invariant to pose. Using the footprints, correspondences
areestablishedbetweensceneandmodelpoints. The list of correspondencesarepassed
througha seriesof discreterotationsand usedto scorethe quality of the match. This
producesa voting tablewheretheentriesrecordthequality of a rotation. Theentryin the
tablewith thebestscoreis usedasaninitial rotationestimatefor theobjectandfed to an
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iterative refinementalgorithm.Oncethebestrotationhasbeendetermined,thetranslation
transformationis found. The complexity of finding the matchis

Î � � � D � ³ ` � , where� is numberof pointsin the input sets, D is the numberof correspondences,and
³

is the
maximumsizeof thevoting table.

Greenspan[43] useda hypothesis-test-verify methodologyto avoid the typical feature
extractiontechniquesassociatedwith 3D recognition.Themethod’s objective is to deter-
mineall occurrencesof a modelin the image. This is accomplishedby usingimageseed
pointsasstartingpointsfor a sequentialhypothesis-and-testalgorithm. Theseedpoint is
hypothesizedto lie onthesurfaceof themodel.Thesetof possibleposesthatmaintainthe
truth of this hypothesisis largesincethepoint canbeany point on theobject. To reduce
the numberof possibleposes,successive imagepointsarequeriedand their hypotheses
intersectedwith thecurrentsetuntil only a smallnumberof hypothesesareleft. At each
stagethe new point is hypothesizedto lie on the surfaceon the modelandtested. This
is accomplishedefficiently by generatinga sampletree from the model and using it to
guide the choiceof points aroundthe seedpoint. Sincemost seedpoint combinations
will not matchwell to a model,thetreeis designedto beefficientat refutingincorrectthe
hypotheses.In the implementationof the system,the imageis usedto generatea coarse
voxel representationof thedata.Thisis donefor two reasons:first it is easyto determineif
apoint in spaceis closeto thesurfaceof theobject(voxelsarelabeledassurface,occluded,
free, unknown) and it effectively limits the numberof possiblemodelposes. The time
complexity to traversethesampletreewith � leaf nodesfor

³
imageseedsis

Î �W³@; Q>= [ � � .
This is the time it takes to generatea set of initial posehypothesesfor an object in a
sceneimage. Thehypothesesarecheckedusingtemplatecorrelationbetweenmodeland
scenedatafor agivenpose.Thesurviving hypothesesarefurthereliminatedby lookingat
theamountof overlappingsurfaceareaandthevolumebetweenthesurfacesin thatarea.
Finally the few hypothesesleft aresentto an ICP algorithm[10] to refinethe poseand
testedagainfor the overlapareaandthe volumebetweenthe surfaces.The sampletrees
took severaldaysto generateon a modernworkstation,while recognitionwasachievedin
abouta minute. Thesystemwasshown to handlerecognitionandposedeterminationof
free-formobjectsin complex sceneswith occlusion.

Complex objectswith similar grossshapebut differentfine shapedetail presentnew
andinterestingproblemsto objectrecognitionpractice.Oneexampleof this is thehuman
brain which hassimilar overall shapebut uniqueconvolution detail. For a certainclass
of problems,a generalshapedescriptorwould allow studiesof commonpropertiesof the
objectwithout beingadverselyaffectedby individual variationsof singleentities. This
is in contrastto anotherclassof problemswhereonemight want to identify differences
betweenanindividualandothermembersin itspopulation.In thefirstclassof problemsthe
generalshapeandlargestructuresareimportant,while in thesecondclassof problemsthe
individualvariationsareimportant.To handlebothof thesecases,anobjectmustrepresent
both local andglobal details. Naf et al. [76] proposedusing3D Voronoi skeletonsto
representmedicalvolumetricdata. A Voronoi skeletonis derivedby first finding the 3D
Voronoi diagramof the volumetricdatatheniteratively removing the Voronoi facesthat
areclosestto theobject’sboundaryandwhoseremoval will notchangethetopologyof the
diagram.Whenno morefacescanberemoved,whatremainsis a 3D Voronoiskeletonof
theobject.At thislevel, thediagramrepresentsthegeneralshapeof theobject,comparedto
theoriginalVoronoidiagramof thedatawhichcontainstheindividualcharacteristics.The
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TABLE 3

Summary of recognitiontechniquesfor range data.

Technique Features Occlusion Largest Recognition Complexity
Local Database Rate

Nevatiaetal. [81] GeneralizedCones Yes 5 NR NR

Rajaet al. [91] Geons No 36synthetic 0.77 NR
and12 real

ExtremalMesh[110] Curvature No N/A NR NR

COSMOS[31] Curvature No 20synthetic 0.97 NR
(shapespectra) and10 real

Tripod [87] CreaseAngle Yes 4 0.92 NR

Splash[105] Normal Yes 9 NR AilCB�s - AilCB�}�Då�/s
(structuralindexing)

PointSignature[25] Distance Yes 15 1.0 WorstCaseA lE1GF!1GHJIç�/s
SpinImage[60] Surfacehistogram Yes 4 1.0 A lLKNM ¬�O } lCB�s�s

SAI [45] Angle Yes N/A NR NR

Barequetetal. [5] Curvature Yes N/A NR AilCB���KÅ�QP � s
Greenspan[43] SampleTree Yes 5 NR A lLPRM ¬�O } lSB�sZs
Naf et al. [76] Voronoiskeleton No N/A NR NR

Voronoiskeletonswhereusedto find thethickestpartof ahip bonefrom a3D radiological
scanof thehip andto analyzeabnormalitiesin thetemporallobeof a brainMRI.

Table 3 summarizesandcomparesthe varioustechniquesdescribedabove. The table
includesinformationaboutthegeometricfeaturethetechniqueis built upon(e.g. surface
normal or curvature,geons,generalizedcones),and whetheror not the techniquecan
handleobjectocclusion.Thetablealsoincludesthelargestdocumenteddatabasesizeand
the recognitionrateand time complexity of the algorithm. Not all the paperssurveyed
reportedrecognitionrateor thecomplexity of therecognitionalgorithm.In thesecasesthe
tableis markedwith aNR (notreported).In somepapersthemethodwasmostlydescribed
asa surfaceor volumematchingtechnique.In thesecasesoftenwhatwasdescribedwas
theability of thesystemto accuratelymatchtwo datasetsby reportingtherecoveredpose
vs. known pose.For thesepapersthelargestdatabasesizewaslistedasN/A to indicatethe
testswerenot designedto discriminatebetweenobjects,but ratherto recovercorrectpose
of a known objectin thescene.

6. EMERGING THEMES, CONCLUSIONS, AND COMMENT ARY

Thefocusof thissurvey hasbeentheconstructionandrecognitionof three-dimensional
objectmodels,with primary emphasison rangedatabut with somementionof intensity
techniquesascontext. Toward that end,modelingandrecognitionareboth surveyed in
detail.

Improvementsin modelingtechniquewill increasethe accuracy andspeedof reverse
engineeringcomplex 3D modelsfrom examples. The quality of thesemodelspresently
dependsontheskill of thepersonmonitoringandmanipulatingthesoftwarepackagesused
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to form themodel. Thedesignermustcurrentlybeconstantlyon thewatchfor erroneous
data (errors in measurementby the sensor),errors in the registrationprocess,and the
integrity of the meshafter integration. Eachoneof thesetasksmay andoften doesfail
whenthereareerrorsmadein themeasurementof theobjectand/orthepositionandamount
of overlapbetweensurfaces.Themethodsdevelopedfor modelbuilding have only been
testedon small setsof objects. This is in part dueto the largeeffort requiredto train an
algorithmto work on a setof objects. Often the heuristicsusedto producegoodresults
on onemodelwill fail on another. In the future the methodsfor registration,integration
andoptimizationof polygonalmeshesneedto betestedona largenumberof standardized
objectswith varying geometryso the strengthsandweaknesscanbe catalogedfor each
technique.Theresearchcommunitywouldbenefitfrom an“OpenSource”architectureand
implementationof thestandardtechniquesusedin rangeimageregistrationandintegration.
Thiswouldbeavaluableresourcethatallowsthecommunityto build ontheknowledgeof
thepreviousresearcherswithoutwastingtimeandeffort in rediscoveringwhathasalready
beendone.

The object recognitionprobleminvolvesa studyof salientfeaturesandtheir identifi-
cation, as well as a study of control and datastructuresthat yield efficient recognition
techniques.The problemof finding andidentifying objectsin singleobjectsceneswith
no occlusionhasbeenwell studiedandmany systemsdesignedthat show good results
[3, 13, 31, 52, 75, 77, 113]. In thesesystemsa fair amountof informationis presentabout
theobject. This allows for thedesignof systemswhich areableto identify objectsunder
noisyconditionsexceptin caseswhereviewsof theobjectsaretoo similar. In thesecases
noisecandominatethe differencesbetweenthe very similar objectviews andcausethe
reliability of the recognizerto decrease.In the future theseambiguousviews needto be
determinedanddocumentedfor eachmodelandsystemso thata designercandetermine
whetherthesedifficult viewsaresignificantfor anapplication.Thisis especiallyimportant
asmoreandmoreobjectsareaddedto asystemandthechancesof similarity increase.

The problemof finding andidentifying multiple objectsin sceneswith the possibility
of occlusionandbackgroundclutter is a muchharderproblem[12, 21, 25, 43, 45, 59, 66,
84, 105]. In general,the partial informationaboutan objectsmakesthe recognitionless
reliableandmorecomplex becausetheinformationcanbeincompleteanddisjoint. This is
in partdueto thedecreasedsaliency of localmeasuresoverglobalmeasures.Locally many
regionsof a surfaceor many regionsof surfaceson differentobjectsmay appearsimilar.
Using the informationin theseregionsby themselvesis a poor choicefor recoveringthe
identity andlocation,but togetherby usingtherelationshipsbetweenfeaturestheidentity
andlocationof anobjectmaystill beobtained.In thefuturethemeasuresof saliency for
featuresin theilluminance,color, andrangeimagedomainsneedto bequalifiedin termsof
theirsensitivity tonoisesothattheirdiscriminatorypropertiescanbemoreclearlyspecified
andcompared.

For both single object and multiple object sceneslarge databasestudiesneedto be
applied. As the size of the databaseincreasesthe importanceof a systemsmethodfor
quickly and accuratelyindexing to the correctmodel becomemore important. Large
multimediadatabasesand flexible manufacturing inspectionand assemblysystemsare
examplesof applicationswherequick indexing of image/modeldatabasesarebecoming
important.

An emerging areaof studyfor new objectrecognitionsystemsis to combinemultiple
imagingmodalitiesto determineobjectidentity andlocation. Oneexampleis to useboth



42 CAMPBELL AND FLYNN

depth (range)and color information from many modern3D digitizers commonto the
computergraphicsandcomputervision fields. The textural information from the color
imagesmayallow for discriminationbetweenobjectsin caseswheretheir shapeis similar
while their texture is different, likewise caseswhere the textural information doesnot
discriminatebetweenobjectswell, their shapesmay.

Anotherarealikely to increasein importanceis deformableobjectmodelingandunder-
standing.Techniquesto dealwith non-rigidobjectmatchingandmotionareanimportant
field especiallyin the areasof medicalimaging. Herethe individuality of a patientmay
causeridge techniquesproblemsbecausethesurfacegeometryof anorganor otherparts
variesfrom personto person.Evenin thecaseof maintaininga healthhistoryof a single
patientthepartscanchangedueto swellingor aging. Thereforewhatmaybemoreinter-
estingfor non-rigidobjectsis to studytheirdefiningcharacteristicssothattime-dependent
shapesmayberepresentedandrecoveredfaithfully.

ACKNOWLEDGMENT
This work hasbeensupportedby theNationalScienceFoundationundergrantsIRI-9209212,IRI-9506414,

IIS-9996004,CDA-9422044,andEIA-9818212,by thedepartmentof ElectricalEngineeringat TheOhio State
University andby the Schoolof ElectricalEngineeringandComputerScienceat WashingtonStateUniversity.
TheauthorsthankthreeanonymousreviewersandKevin Bowyer for helpful commentsandsuggestions.

REFERENCES

1. J.Agin andT. O.Binford. Computerdescriptionof curvedobjects.IEEETrans.onComputers, 25(4):439–449,
April 1976.

2. A. P. Ashbrook,R. B. Fisher, C. Robertson,andN. Werghi. Constructionof articulatedmodelsfrom range
data.In Proc.1999British MachineVisionConference(BMVC’99), pages183–192,Nottingham,1999.

3. N. Ayong-Chee,G. Dudek, and F. P. Ferrie. A Hybrid Approachto 3D Representation.In M. Hebert,
J. Ponce,andA. Zisserman,editors,ObjectRepresentationin ComputerVision II , pages321–333.Berlin:
Springer-Verlag,1996.

4. C.L. Bajaj,J.Chen,andG.Xu. Modelingwith CubicA-Patches.ACM TransactionsonGraphics, 14(2):103–
133,April 1995.

5. G. BarequetandM. Sharir. PartialSurfaceandVolumeMatchingin ThreeDimensions.IEEETrans.Pattern
AnalysisandMachineIntelligence, 19(9):929–948,September1997.

6. A. H. Barr. SuperquadricsandAnglePreservingTransformations.IEEECompterGraphicsandApplications,
1(1):11–23,1981.

7. R. Bergevin, M. Soucy, H. Gagnon,andD. Laurendeau.Towardsageneralmulti-view registrationtechnique.
IEEETrans.PatternAnalysisandMachineIntelligence, 18(5):540–547,May 1996.

8. P. J. Besl. Trianglesasa PrimaryRepresentation.In M. Hebert,J. Ponce,T. Boult, andA. Gross,editors,
ObjectRepresentationin ComputerVision, pages191–206.Berlin: Springer-Verlag,1995.

9. P. J.BeslandR. C. Jain.Three-DimensionalObjectRecognition.ComputingSurveys, 17(1):75–145,March
1985.

10. P. J. Besl andN. D. McKay. A Methodfor Registrationof 3-D Shapes.IEEE Trans.PatternAnalysisand
MachineIntelligence, 14(2):239–256,February1992.

11. P.J. Besl. The Free-formSurfaceMatching Problem. In H. Freeman,editor, Machine vision for Three-
DimensionalScenes, pages25–71.AcademicPress,1990.

12. H. BischofandA. Leonardis.RobustRecognitionof ScaledEigenimagesThroughaHierarchicalApproach.
In Proc. IEEE Conf. ComputerVision and PatternRecognition, pages664–670,SantaBarabra,California,
June1998.

13. M. J.BlackandA. D. Jepson.EigenTracking: RobustMatchingandTrackingof ArticulatedObjectsUsinga
View-BasedRepresentation.InternationalJournal of ComputerVision, 26(1):63–84,1998.

14. G. BlaisandM. D. Levine. RegisteringMultiview RangeDatato Create3D ComputerObjects.IEEETrans.
PatternAnalysisandMachineIntelligence, 17(8):820–824,August1995.



SURVEY: FREE-FORMOBJECTREPRESENTATION AND RECOGNITION 43

15. Brady, J.P., Nandhakumar, N., andAggarwal, J.K. RecentProgressin theRecognitionof Objectsfrom Range
Data. Image andVisionComputing, 7(4):295–307,November1989.

16. C. M. Brown. SomeMathematicalandRepresentationalAspectsof Solid Modeling. IEEE Trans.Pattern
AnalysisandMachineIntelligence, 3(4):444–453,July 1981.

17. L. G. Brown. A Survey of Image Registration Techniques. ACM ComputingSurveys, 24(4):325–376,
December1992.

18. J. WengC. Dorai andA. K. Jain. Optimal Registrationof ObjectViews Using RangeData. IEEE Trans.
PatternAnalysisandMachineIntelligence, 19(10):1131–1137,October1997.

19. R. CampbellandP. Flynn. Model andRangeImageFeaturesfor Free-Form ObjectRecognition.In Vision
Interface, pages173–180,Vancouver, BC, June1998.

20. R. CampbellandP. Flynn. Eigenshapesfor 3D ObjectRecognitionin RangeData. In Proc. IEEE Conf.
ComputerVisionandPatternRecognition, Fort Collins,Colorado,June1999.

21. O.I. Camps,C.Y. Huang,andT. Kanungo.HierarchicalOrganizationof Appearance-basedPartsandRelations
for ObjectRecognition.In Proc.IEEEConf. ComputerVisionandPatternRecognition, pages685–691,Santa
Barabra,California,June1998.

22. J.L. ChenandG. C. Stockman. 3D Free-Form ObjectRecognitionUsing Indexing by ContourFeatures.
ComputerVisionAndImage Understanding, 71(3):334–335,1998.

23. Y. ChenandG. Medioni. Objectmodelingby Registrationof Multiple RangeImages. Image and Vision
Computing, 10(3):145–155,April 1992.

24. C. S.ChuaandR. Jarvis.3D Free-Form SurfaceRegistrationandObjectRecognition.InternationalJournal
of ComputerVision, 17:77–99,1996.

25. C. S.ChuaandR. Jarvis.PointSignatures:A New Representationfor 3D ObjectRecognition.International
Journal of ComputerVision, 25(1):63–85,1997.

26. J. Cohen,D. Manocha,and M. Olano. Simplifying PolygonalModels Using Successive Mappings. In
ProceedingsIEEE Visualization‘97, pages395–402,1997.

27. H. Delingette.Simplex Meshes:aGeneralrepresentationfor 3D ShapeReconstruction.In Proc.IEEEConf.
ComputerVisionandPatternRecognition, pages856–859,Seattle,Washington,June1994.

28. H. Delingette,M. Hebert,andK. Ikeuchi. Shaperepresentationandimagesegmentationusingdeformable
surfaces.Image andVisionComputing, 10:132–144,1992.

29. H. Delingette,M. Hebert,andK. Ikeuchi.A SphericalRepresentationfor theRecognitionof CurvedObjects.
In Proc.IEEEInt. Conf. On ComputerVision, pages103–112,Berlin, Germany, May 1993.

30. P. Dierckx. CurveandSurfaceFitting with Splines. Oxford SciencePublications,New York, 1993.

31. C.DoraiandA. K. Jain.COSMOS-ARepresentationSchemefor 3D Free-FormObjects.IEEETrans.Pattern
AnalysisandMachineIntelligence, 19(10):1115–1130,October1997.

32. J.EdwardsandH. Murase.AppearanceMatchingof OccludedObjectsUsingCoarse-to-fineAdaptiveMasks.
In Proc. IEEE Conf. ComputerVision andPatternRecognition, pages533–539,SanJuan,PuertoRico,June
1997.

33. D. W. Eggert,A. W. Fitzgibbon,andR.B. Fisher. NOTE SimultaneousRegistrationof Multiple RangeViews
for Usein ReverseEngineeringof CAD Models.ComputerVisionandImageUnderstanding, 69(3):253–272,
March1998.

34. S.J.Dickinsonetal. Panelreport: thepotentialof geonsfor generic3-D objectrecgnition.Image andVision
Computing, 15:277–292,1997.

35. G. Farin. CurvesandSurfacesFor CAGD. AcademicPress,third edition,1993.

36. P. Flynn andA. K. Jain. Bonsai: 3D ObjectRecognitionUsing ConstrainedSearch. IEEE Trans.Pattern
AnalysisandMachineIntelligence, 13(10):1066–1075,October1992.

37. P.J.Flynn andA.K. Jain. Three-DimensionalObjectRecognition.In Handbookof PatternRecognition and
Image Processing:ComputerVision, pages497–541,1994.

38. J.D. Foley, A. VanDam,S. K. Fiener, J. F. Hughes,andR. L. Phillips. Introductionto ComputerGraphics.
Addison-Wesley, 1994.

39. J. H. Friedman,J. L. Bentley, andR. A. Finkel. An Algorithm for Finding BestMatchesin Logarithmic
ExpectedTime. ACM Tran.onMathematicalSoftware, 3(3):209–226,September1977.

40. H. Gagnon,M. Soucy, R. Bergevin, andD. Laurendeau.Registrationof Multiple RangeViews for Automatic
3-D ModelBuilding. In Proc.IEEEConf. ComputerVisionandPatternRecognition, pages581–586,Seattle,
Washington,June1994.



44 CAMPBELL AND FLYNN

41. M. Garlandand P. S. Heckbert. SurfaceSimplification Using QuadricError Metrics. In Proceedingsof
SIGGRAPH‘97, 1997.

42. K. Green,D. Eggert,L. Stark,andK. Bowyer. Genericrecognitionof articulatedobjectsthroughreasoning
aboutpotentialfunction. ComputerVisionAndImage Understanding, 62(2):177–193,September1995.

43. M. Greenspan.TheSampleTree: A SequentialHypothesisTestingApproachto 3D ObjectRecognition.In
Proc.IEEEConf. ComputerVisionandPatternRecognition, pages772–779,SantaBarabra,California,June
1998.

44. A. Guptaand R. Bajcsy. Volumetric Segmentationof RangeImagesof 3D ObjectsUsing Superquadric
Models.CVGIP: Image Understanding, 58(3):302–326,November1991.

45. M. Hebert,K. Ikeuchi,andH. Delingette.A SphericalRepresentationfor Recognitionof Free-FormSurfaces.
IEEETrans.PatternAnalysisandMachineIntelligence, 17(7):681–690,July 1995.

46. P. HeckbertandM. Garland.Survey of polygonalsurfacesimplificationalgorithms.In MultiresolutionSurface
ModelingCourseSIGGRAPH‘97, 1997.

47. H. Hoppe.Progressive Meshes.In Proceedingsof SIGGRAPH‘96, pages99–108,1996.

48. H. Hoppe. New QuadricMetric for Simplifying Mesheswith AppearanceAttributes. In ProceedingsIEEE
Visualization‘99, pages24–29,1999.

49. H. Hoppe,T. DeRose,andT. Duchamp.MeshOptimization.In Proceedingsof SIGGRAPH‘93, pages19–26,
1993.

50. H. Hoppe,T. DeRose,T. Duchamp,J.McDonald,andW. Stuetzle.SurfaceReconstructionfrom Unorganized
Points.In Proceedingsof SIGGRAPH’92, pages71–78,1992.

51. C.Y. Huang,O. I. Camps,andT. Kanungo.ObjectRecognitionUsingAppearance-BasedPartsandRelations.
In Proc. IEEE Conf. ComputerVision andPatternRecognition, pages877–883,SanJuan,PuertoRico,June
1997.

52. K. IkeuchiandM. Hebert.SphericalRepresentations:from EGI to SAI. In M. Hebert,J.Ponce,T. Boult, and
A. Gross,editors,ObjectRepresentationin ComputerVision, pages327–345.Berlin: Springer-Verlag,1995.

53. A. E. JohnsonandM. Hebert. RecognizingObjectsby MatchingOrientedPoints. RobiticsInstituteCMU-
RI-TR-96-04,Carnegie Mellon University, May 1996.

54. A. E. JohnsonandM. Hebert.A Systemfor Semi-automaticModelingof Complex Environments.In Proc.
IEEEInt. Conf. On RecentAdvancesin 3-D Digital Imaging andModeling, pages213–220,Ottawa Canada,
May 1997.

55. A. E. JohnsonandM. Hebert. Controlof PolygonalMeshResolutionfor 3-D ComputerVision. Technical
ReportCMU-RI-TR-96-20,Carnegie Mellon University, April 1997.

56. A. E. JohnsonandM. Hebert.RecognizingObjectsby MatchingOrientedPoints. In IEEE Conf. Computer
VisionandPatternRecognition, pages684–689,SanJuan,PuertoRico,June1997.

57. A. E. JohnsonandM. Hebert. SurfaceRegistrationby MatchingOrientedPoints. In Proc. IEEE Int. Conf.
OnRecentAdvancesin 3-D Digital Imaging andModeling, pages121–128,Ottawa Canada,May 1997.

58. A. E. JohnsonandM. Hebert. Controlof PolygonalMeshResolutionfor 3-D ComputerVision. Graphical
ModelsandImage Processing, 60:261–285,1998.

59. A. E. JohnsonandM. Hebert.Efficient Multiple ModelRecognitionin Cluttered3-D Scenes.In Proc.IEEE
Conf. ComputerVision andPatternRecognition, pages671–677,SantaBarabra,California,June1998.

60. A. E. JohnsonandM. Hebert.Surfacematchingfor objectrecognitionin complex three-dimensionalscenes.
Image andVision Computing, 16:635–651,1998.

61. T. Joshi,J. Ponce,B. Vijayakumar, andD. J. Kriegman. HOT Curves for Modeling and Recognitionof
SmoothCurved 3D Objects. In IEEE Conf. ComputerVision and Pattern Recognition, pages876–880,
Seattle,Washington,June1994.

62. T. Joshi,B. Vijayakumar, D. Kriegman,andJ. Ponce.HOT curvesfor modellingandrecognitionof smooth
curved3D objects.Image andVisionComputing, 15:479–498,1997.

63. M. Kirby andL. Sirovich. Applicationof theKarhunen-Loeve Procedurefor theCharacterizationof Human
Faces.IEEE Trans.PatternAnalysisandMachineIntelligence, 12(1):103–108,January1990.

64. V. KoivunenandR. Bajcsy. SplineRepresentationsin 3-D Vision. In M. Hebert,J. Ponce,T. Boult, and
A. Gross,editors,ObjectRepresentationin ComputerVision, pages177–190.Berlin: Springer-Verlag,1995.

65. V. KrishnamurthyandM. Levoy. Fitting SmoothSurfacesTo DensePolygonMeshes. In Proceedingsof
SIGGRAPH’96, pages313–324,New Orleans,Louisiana,August1996.



SURVEY: FREE-FORMOBJECTREPRESENTATION AND RECOGNITION 45

66. J. Krumm. Eigenfeaturesfor PlanarPoseMeasurementof Partially OccludedObjects.In Proc. IEEE Conf.
ComputerVisionandPatternRecognition, pages55–60,SanFrancisco,California,June1996.

67. A. LeonardisandH. Bischof. Dealingwith occlusionsin the eigenspaceapproach. In Proc. IEEE Conf.
ComputerVisionandPatternRecognition, pages453–458,SanFrancisco,California,June1996.

68. Y. Li andR. J.Woodham.Orientation-BasedRepresentationsof 3-D Shape.In Proc. IEEE Conf. Computer
VisionandPatternRecognition, pages182–187,Seattle,Washington,June1994.

69. P. Lindstrom and G. Turk. Fast and Memory Efficient PolygonalSimplification. In ProceedingsIEEE
Visualization‘98, pages279–286,1998.

70. W. E. LorensonandH. E. Cline. MarchingCubes:A High Resolution3D SurfaceConstructionAlgorithm.
In ComputerGraphics, volume21,pages163–169.Proceedingsof SIGGRAPH‘87, 1987.

71. F. Mokhtarian. Silhouette-BasedIsolatedObjectRecognitionthroughCurvatureScaleSpace.IEEE Trans.
PatternAnalysisandMachineIntelligence, 17(5):539–544,May 1995.

72. S. MukherjeeandS. K. Nayar. AutomaticGenerationof RBF Networks. TechnicalReportCUCS-001-95,
ColumbiaUniversity, 1995.

73. J.Mundy, A. Liu, N. Pillow, A. Zisserman,S.Abdallah,S.Utcke,S.Nayar, andC.Rothwell.An Experimental
Comparisonof Appearanceand GeometricModel BasedRecognition. In J. Ponce,A. Zisserman,and
M. Hebert,editors,ObjectRepresentationin Computer VisionII , pages247–269.Sprinter-Verlag, Cambridege,
U.K., 1996.

74. H. MuraseandS. K. Nayar. Illumination Planningfor ObjectRecognitionUsing ParametricEigenspaces.
IEEETrans.PatternAnalysisandMachineIntelligence, 16(12):1219–1227,December1994.

75. H. MuraseandS.K. Nayar. VisualLearningandRecognitionof 3-D Objectsfrom Appearance.International
Journal of ComputerVision, 14:5–24,1995.

76. M. Naf, G. Szekely, R. Kikinis, M. E. Shenton,and O.Kubler. 3D Voronoi Skeletonsand Their Usage
for theCharacterizationandRecognitionof 3D OrganShape.ComputerVision and Image Understanding,
66(2):147–161,May 1997.

77. S.K. Nayar, S.A. Nene,andH. Murase.Real-Time100ObjectRecognitionSystem.In Proc.Of ARPAImage
UnderstandingWorkshop. ARPA, PalmSprings,February1996.

78. S.A. NeneandS.K. Nayar. A SimpleAlgorithm for NearestNeighborSearchin High Dimensions.Technical
ReportCUCS-030-95,ColumbiaUniversity, Departmentof ComputerScience,October1995.

79. S.A. NeneandS.K. Nayar. A SimpleAlgorithm for Nearest-NeighborSearchin High Dimensions.PAMI,
19(9):989–1003,September1997.

80. P. J. Neugebauer. GeometricalCloning of 3D Objectsvia SimultaneousRegistrationof Multiple Range
Images. In Proc. IEEE Inter. Conf. ShapeModeling and Applications, pages130–139,Aizu-Wakamatsu,
Japan,March1997.

81. R.NevatiaandT. O.Binford. Descritionandrecognitionof curvedobjects.Artificial Intelligence, 8(1):69–76,
77.

82. P. Ning andJ.Bloomenthal.An Evaluationof Implicit SurfaceTilers. ComputerGraphicsandApplications,
13(6):33–41,November1993.

83. C. OblonsekandN. Guid. A FastSurface-BasedProcedurefrom ObjectReconstructionfrom 3D Scattered
Points.ComputerVisionandImage Understanding, 69(2):185–195,February1998.

84. K. OhbaandK. Ikeuchi.Detectability, Uniqueness,andReliability of EigenWindows for StableVerification
of Partially OccludedObjects. IEEE Trans.Pattern Analysisand Machine Intelligence, 19(9):1043–1048,
September1997.

85. J. Park, D. Metaxas,andA. Young. Deformablemodelswith parameterfunctions: Application to heart-
wall modeling. In Proc. IEEE Conf. ComputerVision and Pattern Recognition, pages437–422,Seattle,
Washington,June1994.

86. A. P. Pentland. PerceptualOrganizationand the Representationof Natural Form. Artificial Intelligence,
28(3):293–331,May 1986.

87. F. PipitoneandW. Adams. RapidRecognitionof FreeformObjectsin Noisy RangeImagesUsing Tripod
Operators.In Proc.IEEE Inter. Conf. On ComputerVision, pages715–716,Berlin, Germany, May 1993.

88. J.PonceandD. J.Kriegman.OnRecognizingandPositioningCurved3D ObjectsFromImageContours.In
IEEEWorkshopon Interpretationof 3D Scenes, pages61–67,Austin,Texas,November1989.

89. A. R. Pope.Model-BasedObjectRecognition:A Survey of RecentResearch.TechnicalReport94-04,Univ.
of British Columbia,January94.



46 CAMPBELL AND FLYNN

90. K. Pulli. Multiview registrationfor largedatasets.In Proc.1999Confon3D Digital Imaging andModeling
(3DIM ’99), pages160–168,1999.

91. N. S. RajaandA. K. Jain. RecognizingGeonsFromSuperquadricsFittedto RangeData. Image andVision
Computing, 10(3):179–190,1992.

92. R. Rao. Dynamic Appearance-BasedRecognition. In Proc. IEEE Conf. ComputerVision and Pattern
Recognition, pages540–546,SanJuan,PuertoRico,June1997.

93. M. K. ReedandP. K. Allen. 3-D Modeling from RangeImagery: An IncrementalMethodwith a Planning
Component.Image andVisionComputing, 17:99–111,1999.

94. M. K. Reed,P. K. Allen, and I. Stamos. AutomatedModel Acquisition from RangeImageswith View
Planning. In Proc. IEEE Conf. ComputerVision and Pattern Recognition, pages72–77,SanJuan,Puerto
Rico,June1997.

95. M. SallamandK. Bowyer. Generalizingtheaspectgraphconceptto includearticulatedassemblies.Pattern
Recognition Letters, 12:171–176,1991.

96. HananSamet.Applicationsof SpatialDataStructures. Addison-Wesley, 1990.

97. J.ShenandY-H Yang.Deformableobjectmodelingusingthetime-dependentfiniteelementmethod. Graphical
ModelsandImage Processing, 60:461–487,1998.

98. H-Y. Shum,M. Hebert,andK. Ikeuchi. On 3D ShapeSimilarity. In Proc. IEEE Conf. ComputerVision and
PatternRecognition, pages526–531,SanFrancisco,California,June1996.

99. H-Y Shum,M. Hebert,K. Ikeuchi,andR. Reddy. An Integral Approachto Free-Form ObjectModeling.
IEEETrans.PatternAnalysisandMachineIntelligence, 19(12):1366–1370,December1997.

100. F. SolinaandR. Bajcsy. Recovery of ParametricModelsfrom RangeImages:TheCasefor Superquadrics
with GlobalDeformations.IEEETrans.PatternAnalysisandMachineIntelligence, 12(2):131–147,Feburary
1990.

101. M. Soucy, G. Godin, and M. Rioux. A texture-mappingapproachfor the compressionof colored 3d
triangulations.TheVisualComputer, 12:503–514,1996.

102. M. Soucy andD. Laurendeau.A dynamicintegrationalgorithmto modelsurfacefrom multiple rangeviews.
MachineVisionandApplications, 8(1):53–62,1995.

103. M. Soucy andD. Laurendeau.A GeneralSurfaceApproachto theIntegrationof aSetof RangeViews. IEEE
Trans.PatternAnalysisandMachineIntelligence, 17(4):344–358,April 1995.

104. M. Soucy and D. Laurendeau.Multiresolution SurfaceMOdeling Basedon HierarchicalTriangulation.
ComputerVisionandImage Understanding, 63(1):1–14,January1996.

105. F. SteinandG.Medioni.StructuralIndexing: Efficient3-DObjectRecognition.IEEETrans.PatternAnalysis
andMachineIntelligence, 14(2):125–145,February1992.

106. J.Subrahmonia,D. B. cooper, andD. Keren.PracticalReliableBayesianRecognitionof 2D and3D Objects
UsingImplicit PolynomialsandAlgebraicInvariants.IEEETrans.PatternAnalysisandMachineIntelligence,
18(5):505–519,May 1996.

107. S.Sullivan,L. Sandford,andJ.Ponce.UsingGeometricDistancefits for 3-D ObjectModelingandRecog-
nition. IEEE Trans.PatternAnalysisandMachineIntelligence, 16(12):1183–1195,December1994.

108. G.Taubin.Estimationof PlanarCurves,Surfaces,andNonplanarSpaceCurvesDefinedbyImplicit Equations
with Applications to Edgeand RangeImageSegmentation. IEEE Trans. Pattern Analysisand Machine
Intelligence, 13(11):1115–1138,November1991.

109. G. Taubin,F. Cukierman,S.Sullivan,J.Ponce,andD. J.Kriegman.ParameterizedFamiliesof Polynomials
for BoundedAlgebraiccurve andSurfaceFitting. IEEE Trans.PatternAnalysisandMachine Intelligence,
16(3):287–303,March1994.

110. J.-P. Thirion. TheExtremalMeshandtheUnderstandingof 3D Surfaces.InternationalJournalof Computer
Vision, 19(2):115–128,1996.

111. G. Turk. Re-Tiling PolygonalSurfaces.In Proceedingsof SIGGRAPH‘92, pages55–64,1992.

112. G. Turk andM. Levoy. ZipperedPolygonMeshesfrom RangeImages.In Proceedingsof SIGGRAPH’94,
pages311–318,Orlando,Florida,July1994.

113. M. TurkandA. Pentland.Eigenfacesfor recognition.JournalofCognitiveNeuroscience, 3(1):71–86,January
1991.

114. M. Turk andA. Pentland.FaceRecognitionUsingEigenfaces. In Proc. IEEE Conf. ComputerVision and
PatternRecognition, pages586–591,1991.



SURVEY: FREE-FORMOBJECTREPRESENTATION AND RECOGNITION 47

115. W. Welch andA. Witkin. Free-Form ShapeDesignUsing TriangulatedSurfaces. In Proceedingsof SIG-
GRAPH‘94, pages247–256,July1994.

116. D. ZhangandM. Hebert.Multi-ScaleClassificationof 3-D Objects.In Proc. IEEE Conf. ComputerVision
andPatternRecognition, pages864–869,SanJuan,PuertoRico,June1997.

117. Z. Zhang.Iterative PointMatchingfor Registrationof Free-FormCurvesandSurfaces.InternationalJournal
of ComputerVision, 13(2):119–152,1994.


