A Survey Of Free-Form Object Representation and
Recognition Techniques

RichardJ. CampbellandPatrick J. Flynn

SignalAnalysisand Machine PerceptionLaboratory
Departmenbf Electrical Engineering
TheOhio StateUniversity
205Dreesd_aboratory, 2015Neil Avenue
Columlus,OH 43210-1272

E-mail: {campbeliflynn} @ee.eng.bio-state.ed

Advancesn computerspeedmemorycapacityandhardwaregraphicsaccelera-
tion have madethe interactive manipulationandvisualizationof comple, detailed
(andtherefordarge)three-dimensionahodelsfeasible. Thesemodelsarepainstak-
ingly designeckitherthroughanelaborateCAD processr reverseengineeredrom
sculptedprototypesusing modernscanningtechnologiesandintegration methods.
Theavailability of detaileddatadescribingheshapeof anobjectoffersthecomputer
vision practitionernen waysto recognizeandlocalizefree-formobjects. This sur
vey reviews recentliteratureon boththe 3D modelbuilding processandtechniques
usedto matchandidentify free-formobjectsfrom imagery

1. INTRODUCTION

Computemodelsof free-formobjectsareakey elemenbf mary interestingapplications
involving graphicsand visualization(e.g., virtual world design,ervironmentmodeling
for semi-autonomousavigation [54], etc). In particulatr techniquedor the automatic
recognitionof 3D objectshave becomeincreasinglysophisticatedand the use of free-
form objectmodelsin suchsystemss now seeingfocusedattentionfrom researcherin
the computervision community Moreover, recentyearshave seenwork in the graphics
and vision communitiesintersectin the areaof free-form object modeling. Graphics
practitionersfacedwith thelaborintensie proces®f redesiging comgex objedson CAD
systemswould preferto usevision techniquego assemblanultiple views of a complex
objecttogetherinto a modelthat can be fine-tunedand completedinteractively. Vision
practitioners,facedwith the limited scopeof simple geometricobject representations,
seefree-formrepresentationas a lingua franca a universallanguagefor future object
recognitionsystems.

In this paperwe will surwey the recentwork doneto representand recognizefree-
form objects. Includedin the discussioraboutrepresentatiois a definition of free-form
objects(Section2), coverageof methodsusedto represenbbjectgeometry(Section3),
andadescriptionof somecurrenttechniquegroposedn the computervisionandgraphics
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literatureto developamodelof theobjectfrom 3D (range)imagedata(Sectiord). Specific
techniguesoveredincludeimagedataregistration(Sectiond.1),integration(Sectior4.2),
andmodeloptimization(Section4.3). The secondmajor portion of the surwey addresses
techniqueusedto identify free-form objectspresentin datagatheredirom intensity or
rangeimagescannergSection5). Thisincludesappearance-bas¢8ection5.1),intensity
contourbasedSection5.2)andsurfacefeaturebasedechniquegSection5.3). Thesuney
concludeswith somespeculatioron areagipe deservingurtherresearch{Section6).

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

Definitionsof free-formsurfacesandobjectsareoftenintuitive ratherthanformal. Syn-
onymousadijectvesinclude‘sculpted’, ‘free-flowing’, ‘piecewise-smooth’or ‘piecewise-
C™ for somedesireddegreeof continuity n. Often,free-form’ isagenerathamacterizatio
of anobjectwhosesurfacesarenot of amoreeasilyrecognizedlasssuchasplanarand/or
naturalquadricsurfaces. Hence,a free-formobjectis often assumedo be composedf
oneor morenon-planarnon-quadricsurfaceq free-formsurfaceé). A roughlyequialent
characterizatiowasprovidedby Besl[11]: “a free-formsurfacehasawell definedsurface
normalthatis continuousalmosteverywhereexceptat vertices,edgesandcusps”. Dorai
andJain[31], Besl[11], andSteinandMedioni[105] cite sculpturescarbodiesshiphulls,
airplaneshumanfaces,organs,andterrainmapsasbeingtypical examplesof free-form
objects. Specificallyexcludedfrom this classof objectby theseauthorsare statistically
definedshapedik e texturesandfoams,infinitely detailedobjectspossessingelf-similarity
thatarebestdescribedusingfractal models,andnon-orientablesurfacessuchas Maebius
stripsandKlein bottles.

Despitethe different application contets of free-form object modelsin vision and
graphics,somecriteria apply (or shouldapply) to representationsegardlessof domain.
In anearly surwey on objectrepresentationBrown [16] lists ambiguity concisenessand
uniguenesassomemathematicapropertieof objectrepresentationAmbiguitymeasures
the representatios’ ability to completelydefinethe objectin the model space;this is
sometimegeferredto as completenessf the model descriptionin the computervision
literature. Concisenesgepresentfiow efficiently (compactly)the descriptiondefinesthe
object. Finally, uniquenesss usedto measurdf thereis morethanoneway to represent
the sameobjectgiventhe constructiormethodsf therepresentationlf therepresentation
is unambiguousand uniquethen thereis a one-to-onemappingfrom the objectto the
representation.

The importanceof thesemathematicapropertiesto the objectrepresentatiostratey
dependon the applicationcontext. In the caseof objectrecognitionapplications,com-
pleteness&indcompactnesare often sacrificedin favor of efficiency [36]. The pragmatic
issueof performanceoften makessuchcompromisesppropriate.This highlightsthe ap-
plicationdependencen the useof completevs. discriminatory models Discriminatory
modelsare mostoften usedin objectrecognitionbecausehey canbe designedo capture
thedetailsthatdifferentiateobjectsfrom oneanotherefficiently. Theserepresentationare
designedo be efficient for the taskof matching,andnot asa completedescriptionof an
objectsgeometry

By contrastsomecomputegraphicsapplicationgequirecompletemodelsto accurately
rendera realistic syntheticimage of the objectsdescribed. When rendering,the key
attributesrelateto realism(visualfidelity). Onecommonmethodto improverealismof 3D



renderings to increasgpolygondensityandthe quality of theaccompaw texture mapsfor
themodelsusedin rendering.

In a computenision contet, the objectmodelis designedor usein the specificvision
application(suchas navigation, recognition,or tracking),and visual fidelity may not be
a criterion of interest. Efficient executionof the applicationis almostalways of interest,
andthis may favor multiple redundantepresentationsin objectrecognition,saliencyis
animportantfeatureof objectrepresentationghe qualities(geometricor otherwise)that
allow objectsto be discriminatedrom oneanothemustbe easilyobtained.It is tempting
to assumehatsalientfeaturesaregeneric,i.e. thatsalieny is capturedoy the cardinality
or parameter®f a particularpre-definedgeometricor photometricfeature. As the mix
of modelschangesn a dynamicdatabasethe salieny of somefeaturesand modelswiill
changerequiringnew featuresto be found or more advancedtechniquego be developed
thatdealwith thelack of uniqueness.

Thelocality of anobjectrepresentatiomaybe of interestin applicationsof recognition
in thepresencef occlusion.A representatiothatexplicitly revealdocalgeometricastruc-
turemaybecharacterizeds“occlusiontolerant”,hencebettersuitedto suchapplications.
Unfortunately representationthat are chiefly local are generallyverbose. This further
motivatesthe useof multiple representations applicationsvhererequirementgonflict;
this addsa burden,namelythe needto maintainconsisteng betweerrepresentations.

With the foregoing definitionsof free-formsurfacesand objectsasbackgroundsome
objectrecognitionsystemsworking with intensityimageryhave employed (or assumed)
suchsurfacesandobjectsfor sometime. Indeed,someof thesesystemsmake no explicit
assumptiomboutaclassof allowableobjectshapesin particulayimage-basedecognition
systemgthatemploy nospecificobjectmodd represeiation appearance-basegcognitian
is an example)processmagesof free-formobjectsjust asthey would processanimage
of a geometricallysimpler object. Recognitiondecisionsin suchsystemsare basedon
the distribution of intensitiesin prototypicalviews of the objectratherthanon an object-
centeredepresentatioper se

The history of model-baseBD object recognitiontechniquespy contrast,shavs a
progressiotin thecompleity of objectmodelsemployed,from simplepolyhedrao natural
guadricgo variousfree-form-likeobjectrepresentationsuchassuperquadricsThechoice
of arepresentatiomustbe accompaniedy robust techniquedor extractingcompatible
featuresfrom both objectmodelsandinputimages sothatrecognitioncanbe performed.
Thepotentiallack of simplefeaturedik e creaseedger linearsilhouetteedgesnakesthis
featureidentificationtaskdifficult. Nonethelessa variety of creative approacheso this
problemhave beenproposedandimplementedanda goal of this surwy is to highlight
mary of thesetechniques.

3. GEOMETRIC DESCRIPTIONS OF 3D OBJECTS

Thissectiorprovidesanoveview of thepopulartechiquesfor representinghegeanetty
(i.e., the 3D shape)f 3D surfacesandobjects,with a focuson thoserepresentationthat
aregeneraknoughto belabeledfree-form’.

3.1. CompleteMathematical Forms
The representationsliscussechere are completein that the geometricdescriptionis
explicit, the entiretyof a surfaceor objectis describedandhencethatsyntheticimagesof



the objectin anarbitraryposecanbe generatedvhenthe geometrydescriptionis coupled
with aview specification.

3.1.1. ParametricForms

Parametricsurfacesarewidely usedn computeraideddesigrandmanifactuing (CADM)
andotherobjectmodelingsystemdor the following reasons:

1. They aremathematicallycomplete.

2. They areeasilysampled.

3. They facilitatedesign(objectscanbe designedn termsof patchesvhosecontinuity
canbecontrolledatthejoins).

4. Their representationglower is strong(they canbe usedto representomplex object
geometries).

5. They canbeusedto generateealisticviews.

6. Methodsfor generatingparametriaepresentationfor datapointstakenfrom existing
objectshave beendeveloped 30, 35].

A genericparametridorm for a 3D surface(a 2D manifoldembeddedn 3D) is

T = f(u,v)
S(u,v) = | y=g(u,v)
z = h(u,v)

Thethreefunctions f (u,v), g(u, v), andh(u,v) have asargumentshe two parametric
variables(u, v). Withoutlossof generalitythe domainof (u, v) canberestrictedto bethe
unitsquard0, 1] x [0, 1].

ThemostcommonparametridormulationistheNon-Urniform RationdB-Spline(NURBS)
Figurel, which aredefinedby the specializecbarametridorm

ZZB Ni ik (u) My 1 (v),

whereN; . (u) andM; ,(v) arethe B-splinebasisfunctionsof orderk andi, andB{fj are
thehomogeneousoordinateof the control points,respectrely [64]. Hence NURBSare
atensofrproductsurfaceform. It hasbeenshownn thatnaturalquadrics(suchasspheres,
cylinders,and cones)admit exact representatioms NURBS; the available homogeneous
coordinatemakesthis representatioquite flexible [35]. Figurel shovsacurvedNURBS
patchasa parametrianeshanda shadedsurface,including the positionsof verticesin its
controlpointmesh.

This commondescriptve form hasbeenconsideredor usein computevision systems,
but Besl[11] explainswhy parametricepresentationare not widely used. In particular
it is difficult to make a surfacedefinedon a parametricectanglefit anarbitraryregion on
thesurfaceof anobject;this necessitatethe useof trimming curves,which arenot always
unigueandnotgenerallydetectablén imagery Moreover, thehomogeneousontrolpoints
arealsonot easilydetectablenor unique. The completenessf parametricforms makes
themusefulasa sourceof aninitial objectspecificationfrom which a polygonalmeshor
otherrepresentationsanbe generatedndemployedin avision system.

3.1.2. Algebraic Implicit Surfaces
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FIG. 1. A Curved NURBS patchdepictedasa meshandasa shadedsurface. The control polyhedronis
visiblein bothimages.

A surfacecanbedefinedimplicitly asthezero-sebf anarbitraryfunction f:

S ={(z,y,2)|f(x,y,2) = 0.}

Figure2 depictsanimplicit quarticsurface. If f is polynomialanda setof sampledrom
asinglesurfaceof thisform is available,well-establisheditting procedureganbe usedto
estimatehepolynomialcoeficients[108]. Thesecoeficientsarenotgenerallyinvariantto
posetransformationsalthoughmathematicainvariantscanbe obtainedirom someforms
[106]. Recenwork in this areahasincluded

1. finding the exactdistancebetweeranimplicit surfaceand3D pointssampledrom it
[107],

2. usingboundedrersionsof algebraiccurvesandsurfacego controlthefitting process
[109], and

3. preservinga known topologyin thefitted surface[107] (i.e. if the datais assumedo
befrom a surfaceof genuszerothenthefitted surfacewill be of genuszero).

Surfacefitting techniqueshave beenusedto segmentimagescened108] and have also
beenusedasa preprocessingtepin therecognitionof objects[106].

Theclassof objectsthatcanbe describedy a singlealgebraicsurfaceis limited by the
stability of the fitting process.In practice,fitting a surfaceto an ordergreaterthanfour
canproducesurfaceswhoseshapematchegpoorly to the objectfrom which the datawas
obtained.In orderto modelmorecomplex objects patcheof implicit surfacesmustoften
beused4, 107).

3.1.3. Supeguadrics
A superquadricS(n,w) is a volumetric primitive [6] [100] with the following simple
implicit andparametridorms:

z(n,w) ay cos®t () cos®? (w)
S(m,w) = | y(n,w) | = | azcos(n) sin*(w) | ,—
z(n,w) as sin® (n)
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FIG. 2. Implicit modeldefinedby algebraicequationf (z, y, z) = 2z* — 322y + 3y* — 3y%22 — 2232 +
624 —1=0.

S(z,y,2) = l(;) Ty (£> 62] + (i) h = 0.
1 as as

Pentland86] and SolinaandBajcsy[100] shoved that with the addition of tapering,
twisting, and bendingdeformationgo the superquadrienodels,a variety of ‘free-form’
objectscanbe modeled(SeeFigure 3 for an example). Suchmodelscaptureonly with
greatdifficulty thefine detail thatdifferentiatesimilar objectslike humanfacesfrom one
another The ability of the superquadri¢co modelthe coarseshapeof an objecthasbeen
usedto determinegeometricclassegor Geons)91, 34).

Any objectrecognitionsystememploying superquadrienodelsasa primary represen-
tation mustsolve two key problemsin its design. First, a mechanisnfor sgmentingthe
input imagedata(typically rangedata)into patcheseachof which lies within a single
superquadri@rimitive, mustbe developed. Secondly a robust techniquefor fitting su-
perquadrianodelsto the sensediatamustbe available. Gupta[44], Pentland86], Solina
andBajcsy[100], RajaandJain[91], andDickinsonetal. [34] have all addressedlacets
of this problem.

Superquadrichave beenusedto recognizea large classof objectsandhave evenbeen
usedo build compositgarts(unionsof severalsuperquadricsput they lackthedescriptve
ability to effectively capturelocal surface shapechangeson free-form objects. Ayong-
Cheeet al. [3] demonstrate@ hybrid approacho recognitionusingthe parametersf a
superquadrito defineobjed shapelassesTheseclasseareusedoremove possibleobject



FIG. 3. DeformedSuperquadric. The superquadridai1 = a2 = a3 = 1 ande; = 1.0,e2 = 0.3)

is taperedalongthe z axi “(’7’“)] = (2wl [z("’“)]) then twisted aboutthe z axis usi
IS taperedalongtne z axis (I: yt(ﬂ,w) ( ) ) y(n,w) entwistedabouttne z axis using

o=t = ([} | = [mis) ) ] [ ]).

matchedasedn their grossshape.Thenmorecomputationallyexpensve techniquesan
be usedto matchthefine detailsof objectswithin aclass.

3.1.4. GeneanlizedCylinders

Generalizectylindersaredefinedby a spacecurve A(s) (representinghe axis of the
primitive) and a cross-sectiorcontourC(s, §) definedin the planenormalto the axis at
s anddefiningthe boundaryof the primitive alongthe axis[1] [81]. Figure4 shows an
exampleof a free-formobjectrepresentedby a generalizectylinder. To constructmore
comple objects(e.g., hierarchiesuchasanimals) multiple generalizeaylindersareused
to representheirindividual parts.

Generalizedylindersareparticularlyattractive for representinglongatedhapesvhere
anaxisis easyto define. In this casethe axis of the primitive often providesan intuitive
methodto conceptualizeéhe designof a objectanda methodof reliably recoveringuseful
statisticsaboutthe shapeof the object.

On the otherhand,someshapesare not easily describedusing generalizectylinders.
In suchcasesjt may be difficult (or impossible)to definean axis whosecross-sections
containonly oneclosedcontour It is possibleto extendtherepresentatioto handlethese
andothercaseghatappearbut it maynotproveto bethemostusefulrepresentationf the
objectwith respecto designanddiscrimination.

3.1.5. PolygonalMeshes



FIG. 4. GeneralizecCylinder

A popularrepresentatiorior 3D objectsis the polygonalmesh. A sharedvertex-list
notationis commonfor suchrepresentationsAccordingly, an objectis definedby a pair
of orderedists:

0=<P,V>,

whereV = {vy,...vy,} is alist of N, three-dimensionaerticesv; = (x;,y;,2:)7,
andP = {pi1,...pn,} is alist of polygons,eachspecifiedasa list of vertex indices:
Pi = {Ui,la .. -Ui,nvi}-

If nv; = 3 for all 4, the meshconsistsstrictly of triangles. The guaranteedorvexity
of trianglesallows simplerrenderingalgorithmsto be usedfor the generatiorof synthetic
imagesf modelq38]. A varietyof techniquegcommonlycalledpolygonizatiormethods)
exist for generatingpolygonalmeshapproximationgrom othergeometrigorimitives(such
asimplicit surfaces[82, parametricsurfaceq65], andisosurficesin volumedata[70]).

FIG. 5. A coarsepolygonalmodelof the Calcaneu$oot bone. Left sideis theunderliningwire meshwhile
theright sideshavs a Phongshadedrisualizationof the model.

Polygonalmesheshave a long history in computergraphics,but have also become
increasinglypopular as an object representatiorin computervision. This increasein
popularityis dueto several factorsincluding advancesin computerstoragecapacityand



processingpowver anda modestincreasen the popularity of denserangesensorswhich
produceectangulaarraysof 3D pointsthatcaneasilybetriangulatednto meshesMeshes
canfaithfully approximatecomplex free-formobjectsto ary desiredaccuray givensuffi-
cientspaceo storetherepresentationkFigure5 shovs (in wireframeandshadedenderings)
a polygonalmeshrepresenting humanfoot bone. With the decreasingostof computer
memoryevenvery denseneshearebecomingpractical. Theexpandingmarketfor virtual
ervironmentsin entertainmenandgeometricdesignhasalsoplayeda role in promoting
themeshasa universallanguagédor objectrepresentation.

Polygonalmesheshave limitations. While they area faithful representationthey are
alsoapproximateandscale-dependenfAny higherlevel surfacecharacterizatiomustbe
explicitly maintainedalongwith the mesh. The requiredresolution(density)of the mesh
mayvarybetweer(or within) applications A strongsub-areaf researclin computewision
andgraphicsis the studyof approacheto coarserdensemeshesor refinecoarsemeshes,
in responséo applicationrequirements.This topic, aswell asa variety of approacheso
the constructiorof modelsfrom multiple views, is discussedn Section 4.

3.2. Dynamic Objects
Machinevision and/orobjectmodelingsystemanustsometimesaccommodatebjects
with time-varyingshape.In this survey we mentiononly afew relevantpaperson nonrigid
shapelimiting thediscussiorto objectswith articulatedor deformableshapesA compre-
hensve surwey of eitherof theseareass outsidethe scopeof this paper but would be a
valuableserviceto the community

3.2.1. ArticulatedObjects

In mary casesdynamicobjectscanbe decomposedhto a setof rigid partsconnected
togetherby joints. This mechanicaperspectie on both machinesand biological forms
cancloselyapproximatea large numberof dynamicobjects. For biological formswhose
supportstructure(bone,cartridge exoskeleton)is rigid, the primary contributor to change
in the shapeandappearancef the objectis therelative motionatthejoints betweerparts
of theform (body, limbs or appendages).

Articulatedobjectsaretypically studiedby identifying therigid partsandparametrizing
the relationshipsbetweenthem. As mentionedin the previous sections,superquadric
modelsandgeneralizeaylindershave beenusedo recoverandidentify partsof articulated
objects.Anotherreasorto studyarticulatedobjectsis to determinethe purposgfunction)
of theassemblyf parts[42]. Inthecomputewisionliterature articulatebjectshavebeen
studiedin amodelingcontext by Ashbrooketal. [2]. SallamandBowyer[95] investigated
the extensionof theaspecgraphrepresentatioto articulatedassemblies.

3.2.2. DeformableObjects

Other animals, plantsand machinesmove in a fluid free-floving way. Examplesof
non-rigid motion of objectare: a swimmingjelly fish, wheatstalksblowing in the wind,
anda beatingheart. Theseobjectssurfacesdeformasthey move andinteractwith their
ervironment.

To understanc&and modelthe changesn a deformableobject’s surfacesthe properties
of object materialsbecomemore important. One methodof doing this is to utilize Fi-
nite ElementModels (FEM) to discretizethe objectinto small connectecelementg97]
whosepropertiesandervironmentalpressureganbe usedto predictshape.Anotheras-



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 motionslik e thoseof a beatingheart
[85]. Analyzingandcomparingtheseregularmotionsis animportanttool for diagnosing
andtreatingdefectsin heartrhythm and pumpingaction. Delingetteet al. [28] studied
deformableobjectshapenodelingandrelatedwork is addresseth Section5.3.

Tablel summarizesomeimportantdimensionf 3D modelingtechniqueasdiscussed
above. Eachstratgyis characterizeth termsof theaccessibilityof localshaginformation
compactnesgontrollability, completenessndeaseof sampling,andeaseof construction
from sampleddata.

4. 3D MODEL CONSTRUCTION AND REFINEMENT

The history of computeraided 3D designhas, until recently focusedon CAD-like
approachego object design. A designengineerwould work from a productconcept
or a physicalprototype,andencodeits geometryusingthe particularrepresentatiotools
availablein thesoftware. If thegeometryof theobjectdid notmatchthemodelingprimitives
available,cumbersomevorkaroundsandapproximationsvereneeded Recentlyanumber
of experimentahndcommerciabystemsomposeaf versatilerangesensorsindsoftware
haveaimedto automaticallyproducegeometrianodelsrom physicalprototypef objects.
Figure depictsrange/tetureviews andtheir integrationwithin a particularproductof this
sort. Dependingon the sensoy simple and small mechanicaparts,complex assemblies,
humanbodies,andeven environments(e.g., a hallway with doors,obstaclespipesalong
the ceiling, etc) canbe scannedndrepresentedReverse Engineeringis a popularterm
for thistype of technique.

As noted above, the polyhedralmeshrepresentatiorhas recently becomea popular
representatiofor 3D objects. Themesheganbe producedhroughdirectpolygonization
of structureddata (e.g., rangeimagery), polygonizationfrom scattered3D points, and
inflation, deflation,or deformationof aninitial sphericaimeshto approximatea 3D point
setThepolygonizatioris oftensimplifiedto trianglesin orderto speedip thevisualization
of reconstructednodelandreducethe compleity of the processingalgorithms.

The processof reverseengineeringhe geometryof a 3D modelfor a partis typically
decomposethto thefollowing two or threesubtasksasdepictedn Figure6:

e Thefirstsubtasks theregistrationof all availablesetsof 3D datato acommon(object)
coordinatesystem.This stepmaybeaccomplishecutomaticallyor semi-automatically

e The secondsubtaskis the integration of the datato form a single 3D mesh. By
‘integration’, we refer to the memging of independentbut registered)meshego form a
singlepolygonalmeshwithout defectssuchasdanglingedgesor topologyviolations.



¢ Thethird (optional)taskisto optimizethemeshrepresentatiorfor aspecificapplication
or use. This oftenresultsin a coarseningof the mesh(i.e., reductionof the vertex and
polygoncount)in responsdo applicationdemandsor other constraints. This alsocould
meanchangingthe objectrepresentatioto onethatis moresuitedfor anapplication.An
exampleof this is the inclusion of texture mapdatawith the polygonalrepresentatioto
provide a muchmorerealisticrenderingof the objectevenwhenthe applicationrequires
theuseof a coarsepolygonalmeshto achieve interactvity.

Eegistration
: Coarse : :  Fine

. i UserInteraction =Sequential i
Obiect Data ::z *Systern Calibration |=:‘,: sSiraultansous |
Feature Iatching :

Task Driven Tiata

; Ilodel Eefinement <: :
Final Model Integration

FIG. 6. Flow diagramshaving thevariousstepsin the modelbuilding process.

4.1. Registration

Most 3D scanningmethodscanonly capturepartof the objectat atime. This couldbe
dueto limitationsin the physicaldesignand/orthe technologythe scanneiis built upon.
An exampleis a structuredaserlight scannethatworks on the principle of triangulation
to recover positionof surfacepointson the object. Usingthis scannetechnologypartsof
anobjects surfacemaynotberecoverablebecause¢heobjectitself shadavs the structured
light from thedetectotin thesensor Figure shavsanexampleof datatakenfrom aMinolta
Vivid 700 structuredight rangesensorfrom Minolta 1. In the first four sub-figuresthe
resultof self shadeving producesholesin the meshproducedby thescanner

The constructionof a completeobjectmodelwill requiremultiple objectscans.Since
eachscanis generallyrepresentedh anindependensensorcoordinatesystem,the scan
datamust be transformedfrom several different sensorcoordinatesystemsto a single
object-centeredcoordinatesystem. This stepis typically termedregistration and has
recevedsustaineattentionin theresearcltommunityoverthe pasttenyearg17]. During

Lhttp:/ivwwminolta3D.com/



FIG. 7. Top: 3D scansandregisteredcolor imagesof a papier maché brain, taken 90 degreesapartusing
a Minolta Vivid 700 non-contacBD digitizer Bottom: the registeredand meiged 3D modelwith oneview's
texture mappedon to the meigedmesh.TheimagesweregeneratedisingMinolta’s Vivid softwarepackage.



this time a distinction hasbeendravn betweencoarse registration (whereinthe set of
interframeregistrationsare determinedo within afew degreesof rotationanda similarly
smalltranslationakolerance)andfine registrationwhereinthe transformatiorparameters
are fine-tuned. This distinction hasbeendrawvn becausdlifferenttechniquesare often
employedin thesetwo phases.

Most commercialproductsfor model constructionemploy a rotating turntableupon
which the objectis placedfor sensing.Suchsystemalo not needto solve a coarseregis-
trationproblem(althoughposerefinements still performedo compensatéor mechanical
variability in theturntablemechanisnandcalibrationerrors).

In themodelbuilding process sequencef views {V,...,V,,} is takenof anobject
O atdifferentviewpoints. Thedatafor eachview liesin alocal coordinatérame. Thegoal
is a setof transformation7?(p) ... T, (P)} thatwill transformthe datafrom the views
to acommoncoordinateframeandminimize anerrorfunction.

Let

/() = Rp +d
denotea linear transformatiorof a point p in coordinateframe to coordinateframe j,
where

ai,1 ai2 ai3
R=1 az1 a2 az3
a3,;1 asz2 as;s

=N}

Il
o8
V]

If therotationmatrix R is orthonormathenTij (P) is arigid transformation.

4.1.1. CoarseRaistration

The goal of a coarseregistrationprocesds to computeefficiently a setof approximate
registrationtransformation{ 79 (p) ... T, (B) } to be appliedto the dataobtainedfrom
differentviews. Thesetransformationsare intendedto align the dataclosely enoughfor
a subsequenthapplied‘fine’ registrationprocedure. The coarseregistrationprocedures
aredesignedo improvethe chance®f thefine registrationprocedures corvergenceo the
globaloptimalsolution.

Often the coarseregistrationis obtainedby using a controlledscanningervironment.
In this casethe relationshipsbetweenthe views’ coordinateframes{T?(B)...T%(B)}
areknown a priori from the calibrationof the scannewith the mechanicf the sensing
environment. Theproblemswith usingsuchwell controlledandaccuratescanningystems
are: objectsneedto be placedin preciselocationsin the sceneandthe automatiorof the
scannepr multiple scannersnustbe preciselycalibrated. Theseconstraintgesultin more
expensve equipmentandlimitations on thetypesof objectsthatcanbe scanned.

Humaninteractioncanalsobeusedo obtainedcoarseegistrationbetweerobjectviews.
This a popularmethodusedin somecommercialsystems. Here, the usersare asked to
selectcorrespondingpointsin eachof theviews {V7y, ..., V,, }. Thismanualmatchingof
pointcorrespondencgivesthesystemaninitial setof transformation§7?(g) ... T2 (p)}
thatcanberefinedfurtherusingoptimizationtechniques.



A moreautomatedpproachusesmatchingtechniquegon local surfaceor albedodata)
to recover setsof point correspondencdsetweerthe views without userinteraction. The
views {Vy, ..., V,,} containregionsof overlapwherefor ary pair of neighboringviews
V; andV; therearesurfacesthat arevisible in bothviews. In theseregionsof overlap
point correspondencesmnbefoundby matchingsimilar pointsin theadjacenwiews. Let
Cr = (Pik, Pj,x) beapair of suchcorrespondingointswherep; k lies on view V; and
Pj,k liesonview V;. Many techniqueiave beendevelopedto matchpointson arbitrary
surfaceshapeg105, 24, 25, 57, 54, 53]. Thesemethodsncodesurfacegeometryaround
pointsof interestwhich areusedto identify andmatch“similar” points. The specificsof
thefeaturesusedandthe matchingtechniquesrefoundin Section5.3.

For automatedegistrationof multiple views the setsof correspondingointsbetween
views are often not sufficient. Sincethe characteristicshatthe matchingtechniqueuses
arenot unique,thereexists a real possibility thatthe setsof correspondingpointscontain
mistalen matched25, 53]. To counteracthis, eachof the correspondingointsbetween
thetwo views aregroupecasedntheirability to helpform aconsistenhypothesidor the
registrationof the views. Somecommonconsisteng testsbetweerpairsof corresponding
pointsCy, andCj are:

e theinter-pointdistance|p; x — pi,i|| — |55,k — il < €1,

e angledifference(|p; i, - §ii — Dk - Piall < €2,

¢ andorientationchangd|;  x 7;; — 7,k X ©,|| < €3 (Wherefi; x is the estimated
surfacenormalat point g; ).

The geometricallyconsistentcorrespondingpoints in two viewpoints are then usedto
producethe transformatior? () relatingviews V; andV;. If morethanoneconsistent
hypothesigesultsfrom the grouping,theneachgroupis usedto producea transformation
T? (8) andthesearecomparedasedon their ability to registerthe two views V; andV;
with theleasterror.

4.1.2. FineRajistration

Givenasetof coarseegistrations{ T} (B) . . . T2, (p) } relatingall theviews{ V1, ..., V., },
the fine registrationtask aims to make small changego the individual transformations
{T?(B) ... T2 (P)} toimprove the overall “quality” of theregistration. The quality crite-
rion typically rewardsa smalldistancebetweerpointsin thecorrespondingurfacesof two
‘overlapping’views.

4.1.3. Two MView Optimization

Thelterative ClosesPoint(ICP)algorithm(Figure8) developedby BeslandMcKay [10]
is widely usedfor thefine registrationtask,andusesa nonlinearoptimizationprocedurdgo
furtheralignthedatasets.Let P, bethesetof pointsfrom thefirst dataset{p; . .. px,, },
where Np; is the numberof pointsin the set. Let P, be the set of points from the
seconddataset{p?... p%,m }, whereNp, is the numberof pointsin the seconddataset.
SincelCP is an iterative algorithm, definean incrementalransformatiorl’(I) suchthat
Po(l+1) =T(1)ePy(l); T(I) reducesheregistrationerrorbetweerP; andthenew point
setP» (I + 1) by moving thepointsP,(1). Pa(l) = P» initializesthe system.

The algorithmsummarizedn Figure 8 startsby establishingcorrespondencdsetween
the two datasetP; andP»(0) . Thenthe registrationerror betweenthe two datasetsis
computedandtestedo seeif it is within aspecifiedtolerance.In BeslandMcKay [10] the



P2(0) = P2
DO
FOR everypointin Ps(1)
Findtheclosestpointin P;.
END FOR
Theclosestpointsform anew pointset) (1) wherethe pairsof points
{1, ¥1);-- > (PXp,> YNp,)} form thecorrespondencesetweerP; andPs (1) .
IF registrationerrorbetweerP; andP-(!) is toolarge
ComputeregistrationT'(1) between(P2 (1), Y (1)).
Apply registrationP, (I + 1) = T'(I) e Pa(1).
ELSE
STOP
END IF
WHILE ||P2(l + 1) — P»(1)]| > threshold

FIG. 8. lIteratve ClosestPoint(ICP)algorithm.

registrationerror was definedwith respectto the correspondencdsetweenpointsin the
datasets.For eachpointin P,(1) theclosestpointin P; is found. This formsanew point
setY(l) wherepointy, denoteghe closestpointin P; to thepointp2(l) in Py(l). Then
theregistrationerrorbetweerP; andPs (1) is

1 Np2
E=— —p2(D|P.
Vo ;HYk pa ()|l

If theregistrationerroris too large thenthe transformatiorbetweenthe views is updated
basedon atraditionalnon-linearoptimizationtechniqudik e Newton’s method. The new
registrationis appliedto P»(l)’s pointsandtestedto seeif the optimizationhasreached
alocal minimum. This processcontinuesuntil the registrationerror falls belov a desired
quality thresholdor suficiently smallchangesn the motionbetweerP, (1) andPs(l + 1)
aredetectedndicatingconvergenceof the solutionto alocal minima.

The parameterspaceexplored by ICP can containmary local minima. In orderto
corverge to the global minima the initial parameterestimatemust be reasonablyclose
to the true value to avoid corverging to a non optimal solution. This issuemotivated
the developmentof the coarseregistration proceduresdiscussedabove. An alternatve
to the ICP approachwould be to usea differentnon-linearoptimizationalgorithm (such
as simulatedannealingor evolutionary programming)capableof climbing out of local
minima.

Zhang[117] hasaddedelementsto the generallCP algorithmto handleoutliers and
occlusion,and to perform generalsubset-subsanatching. The modificationschanged
the ICP algorithm’s (Figure 8) routinesto selectclosestpoints betweentwo point sets
‘P1 andP»(l). Zhangimprovedthe original ICP algorithmby addingsomeheuristicsfor
whethera particularpair of closestpointsshouldbeincludedin the estimationof the new
transformation. The new systemshowed bettertolerancefor larger uncertaintiesn the



initial guesof pose erroneousiata,andmissingdatawhile still managingo cornvergeto
theoptimalsolution.

Chenand Medioni [23] alsousean iterative refinementof initial coarseregistrations
betweernviews to performfine registration. Insteadof minimizing the distancebetween
the closestpointsin thetwo pointsets,ChenandMedioni employ orientationinformation.
They deviseda new leastsquaregproblemwherethe enegy function beingminimizedis
thesumof thedistancedrom pointson oneview’s surfaceto thetangenplanesof another
view's surface. This tendsto not only minimize the distancebetweenthe two surfaces
but alsomatchtheir local shapecharacteristic§7]. Becauseof the expenseof computing
intersectionsbetweenlines and the discretesurface (generatedrom the tangentplanes)
they subsampldhe original datato obtaina setof “control” points. The setof control
pointsarepointslocatedonthesurfaceconformingto aregulargrid, furthermorehepoints
arethenselectedrom this sub-samplingf the surface(regularizedgrid) thatlie in smooth
regionsonthesurface. In theseareasof smoothnesthe surfacenormalcanbe calculated
morereliably.

Doraietal. [18] proposedheuseof an“optimal” minimumvarianceestimat MVE) of
the registrationbetweentwo views assuminguniform i.i.d Gaussiamoisein the sensors
measuremenof the depth coordinate;the (z,y) measuremenin eachimput imageis
assumedo benoisefree. In theirdiscussiorof theresultsthey shav thatfor bothsynthetic
andreal datathe MVE estimateproducedower registrationerror thanthe leastsquares
estimation.

4.1.4. Multiple View Optimization

In the procesof forming complete3D modelsfrom multiple images,often morethan
two viewpoints of datahave to be combinedto form a completeobject model. Shum
et al.[99], Gagnonet al. [40], Neugebauef80], Blais and Levine [14], and Chenand
Medioni [23] have examinedthe propagatiorof registrationerrorwhenmultiple pairwise
estimatef registrationtransformatiorareconcatenate(e.g. Ty = 75 ¢ T ¢ T{ o T})).
Figure 9(a) shows graphically for a seriesof views {Vy, ..., V4}, onepossibleway of
calculatingthe pairwiseestimatesn theregistrationprocess.This sequentiaéstimationof
the multiple view registrationscanleadto large registrationerrorsbetweenviews Vo and
V4. To minimizethis errorthe registrationprocesscanbe performedsimultaneouslyor
multiple viewpoints,thusminimizing theregistrationerrorfor the entireobject.
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FIG. 9. Two commonnetwork topologiesusedin Multiple View Registration.

The starnetwork topologyin Figure9(b) shavs the mostcommonlyusedrelationships
betweerview coordinateframes.In the network the nodesrepreseneachview, while the
links representransformationgrom oneview’s coordinateframeto another The central



node(node0 in thefigure) representthe object’s coordinatdrame. In thistopologyevery
view's pointsV; canbetransformednto ary otherview’s coordinaterame f; by only two
view transformationgg e T?. Thistopologyreduceghe propagatiorof registrationerror
betweerary two views V; andV ; by decreasinghe numberof transformghathaveto be
chainediogether

The startopologysimultaneouslyminimizes” the distancebetweerary two nodeq7].
By usingthistopology(Figure9(b)) at mostonly two pairwisetransformationgreneeded
to projectdatafrom oneviewpoint's coordinateframeto ary otherviewpoint's coordinate
frame. Gagnonetal. [7] alsoshav thatthe calculationof eachtransformatiorcannotbe
decouplecanddonesequentially View V;'s datamayoverlapmorethanoneneighboring
view. Therefore the transformatiori? taking pointsfrom V; andthe objectcoordinate
framenot only effectsthe registrationerror betweenV; and'V; but alsoary otherview
whosedataoverlapsview V;. Findingthe “besttransformation”betweenary particular
view V; andthe commonobjectcoordinatesystemusesall the correspondencdsetween
all the views simultaneously This will not only minimize the registrationerror between
view V; and'V, but alsominimize the registrationerror betweerview V; andary other
overlappingview Vy, wherek # j.

It is possible(dueto self shadeving andsensingerrors)that evenwithin the region of
overlaptherewill bemissingor unreliabledata. With thisin mind, Gagnoretal. [7] built
on Chenand Medioni’'s work [23] by addingan additionalheuristicdesignedo discard
unreliablecontrol points usedin the registrationprocess. The heuristicteststhe control
pointsandtheir correspondingangentplanesin the overlappingviews for consisteng in
the orientationof thetangeniplaneandthe normalat the controlpoint. Normally, if there
is only a smallerrorin theregistration,the normalof the control point andthe normalto
thetangentplaneof anoverlappingview shouldbe nearlyparallel. But, dueto largerthan
normalregistrationerrorsanderrorsin the scanningprocessthe differencecanbecome
quite large. This is a strongindicationthatthe control point shouldnot be usedto refine
the estimateof theregistrationbetweertheviews.

Neugebauer[80useda graphtopologyto representhe relationshipsetweenviews in
the multiple registrationproblem. The nodesof the network is the setof 3D datain each
view andthelinks arethetransformatiormatricesneededo mapthedatafrom oneview to
thecoordinatesystenof aneighboringview. Thegoalis to obtainawell-balancedetwork
wherethe registrationerror is similar for all pairs of views (Figure 9(b)). A ‘central’
coordinatesystemis chosenand initial transformationmatricesare found to align each
view with respecto this centralcoordinatesystem.Theseransformatiormatricesarethen
incrementallyefined(usingtheLevenbeg-Marquardmethod)y minimizingthedistance
betweerpointsin oneview andall correspondingpointsin the otherviews. Thisnonlinear
optimizationis guaranteedo reducetheregistrationerrorbetweertheviews. A statistical
terminationcriterionis usedbasedon anassumptiorthatthe residualsbetweernviews are
zero-mearGaussiarrandomvariables. To speedup the refinementprocessonly a few
pointsfrom eachview areusedin the registrationcomputationnitially; astherefinement
processontinuesmoreandmorepointsfrom thesceneareincorporatednto theestimate.
Thisresolutionhierarchy wasshawvn to speedup the procesof registeringtheviews.

Pulli [90] documenteda multiview registration techniquethat begins with pairwise
registrationswith a subsequenglobal alignmentstep. The latter stepattemptgo balance
registrationerrorsacrossall views. Of notein this techniquds its ability to handlealarge



datasetsize(i.e. alargenumberof scansand/orvery densescans)anda carefulstudyof
alternative alignmentandoptimizationprocesses.

Alternative coordinatesystemshave provenusefulin someregistrationcontexts. Chen
andMedioni [23] foundit usefulto corvertall view datainto sphericalcoordinates With
all the view datareferencedo a single sphericalcoordinatesystem,they foundit easier
to combinethe overlappingview datato a singleobjectmodel. In regionsof overlapthe
correspondingpoints betweerviews canbe determinedusing the elevation and azimuth
angularcoordinatesof pointsin the overlappingregions. Thesecorrespondingpoints
areusedto refine eachview’'s transformatiorZ} to the object’s coordinatesystem. The
resultingregistereddatawasthentransformedackto Cartesiarcoordinates.

Shumet al.[99] useda re-samplingmeshto representachview and determinethe
transformationbetweenthem. The goal of the approachis to transformall the local
coordinateso a global coordinatesystemthat will representhe completemodel, thus
yielding the transformationgor eachview to the global coordinatesystem(Figure 9(b)).
Thesolutionis foundby generalizinga principalcomponenanalysigproblemto aweighted
leastsquaresproblem. The approachshowns noticeableimprovementsover sequential
registrationof the views. Onedrawbackof this methodis the useof re-samplingwhich
may causesomeof thefine detail of the objectto belost.

In both Besl and McKay’s [10] and Chenand Medioni’s [40] work the processof
finding the pointsor tangentsurfacesthatmatchin the error minimizationprocessanbe
quite expensve. In ICP linear searchis often employed while Chenand Medioni usea
methodsimilarto Newton’srootfinding technique.To reducethe searchcomplexity Blais
andLevine [14] calibratethe sensorso cameraparametersare known. With the camera
parameterswvailable, 3D coordinatesanbe accuratelyprojectedinto the sensors image
plane. This allows rangepixels from view V; of an objectto be quickly matchedwith
rangepixelsof anothewiew V ; by projectingpixelsfrom thei* view into theimageplane
of view V;. Thistechniqueusesaninitial estimateof therigid transformatiorbetweerthe
views thenrefinesit usingcorrespondingpointsfoundby projectingpixelsfrom oneview
into anothewrviewsimageplanes.Anotherdifferencebetweerthework of BlaisandLevine
[14] andothermultiple view registrationtechniquess their useof simulatedannealingo
minimizetheregistrationerrorinsteadof leastsquare®r MVE estimators.

Eggertet al. [33] extendedthe traditional pairwise ICP algorithm [10] to solve the
simultaneousegistrationof multiple views to achiese a global optimal registrationfor all
views. In this new systemall the datais transformedusingcoarseregistrationtechniques
into a singlecoordinatesystem.The datafrom eachview is first smoothedisingamedian
filter to remove outliers,thensmoothedigainusinga Gaussiarilter beforeestimatingthe
surfacenormalat every point. The Gaussiarfiltered datais only usedfor surfacenormal
estimationandthe medianfiltered datais usedin all otherportionsof their algorithm. At
eachiterationof their algorithmpoint positionandsurfacenormalorientationare usedto
establistcorrespondendeetweerpoints. Duringcorrespondencall theview datais search
to find the bestmatch. Sincethis canbe allot of datathey usedhierarchicalsearchalong
with spacecarvingmethodgk-D trees)to speedup theidentificationof the closestpoints.
Therefinemenbf theregistrationof theview datais accomplishedby simulatingadamped
springmassmechanicabystem. The correspondingpointsarelinked with a hypothetical
springandincrementaimotionsare calculatedbasedon the forcesandtorquesproduced
by the network of springsconnectinghe datasetstogether Sincethe calculationof point
correspondences still expensve the force basedregistrationis allowed to iterate until



corvergencebeforenew point correspondenceare identified. Convergenceis identified
whenthe motionof theview datais sufficiently small. A drawbackof this approachs that
it requiresthatevery portion of the surfacebe presentn at leasttwo views. The authors
have presentedsomeheuristicsto allow themto work with and register datawherethis
assumptioris violated, but the authorsstill seeka more completesolutionthatdoesnot
requirea heuristichasedon thresholds.

4.2. View Integration

Oncetheregistrationprocesshasbeencompletedthe datacontainedn eachview can
then be transformednto a single object coordinatesystem. Dependingon the type of
sensotthat capturedhe dataandthe methodof registration,the pointson the surfacecan
bein oneof two basicforms. In thefirst caseall the pointsform a cloudwhere(at least
initially) no connectvity informationis known. Thesecondcasethedatais structuredvia
relationshipge.g., image-planeonnectvity) known a priori in eachview. The methodof
integratingthe datadependon the form of the data(structuredor unstructuredandthe
final representationequiredby the application.

4.2.1. UnstructuedPoints

A polyhedralmeshconstructedrom the unstructuregoint cloudis usefulfor visualiza-
tion andreasoningaboutthe objects geometricproperties.The potentialdifficulties with
generatinghis approximationareasfollows: recoveringthe correctgenusof the object,
dealingwith missingdata(undersamplingf the surface),andsearch.

Sincethe datais initially unomganized the task of simply identifying the setof points
closestto a particularpoint in the cloud canbe expensve computationally Thereexist
spacecarvingmethodgo speedip thesearchprocesge.g. thek-D treeanduniform space
partitioning)[39, 96]. With the emegenceof connectvity informationrelatingpointsin
the cloud, somesenseof the object’s surfacetakesform. In particular the orientationof
the surfacecanbe estimatednorereliably from pointswithin someneighborhood.Both
Hoppeetal. [50] andOblonsekandGuid[83 useanapproximatiorof the surfacenormal
to begin reasoningn thereconstructiorof the surfaceshape.

The surface normal at a point in an unstructuredcloud is easily calculated,but its
orientationhas a 180 degree ambiguity since the inside and outside of the object are
not explicitly known. This informationis importantfor recovering the correctgenusof
the object. To insurethatthe correctgenusis recovered,Hoppeet al.[50] useda graph
optimizationmethodto ensureneighboringpoints retain an consisteninormal direction
(neighboringnormalspointin the samegeneraldirection). OblonsekandGuid[83 started
with thepointin thecloudwith thelargestz valueandassumedhatits normalwasoriented
in the +z direction;subsequentljlocal consisteng of the normalvectorwasenforced.

The normaldirectionattachedo eachpointin the cloud give a notion (at leastlocally)
of which partof thetangentplanes half spacds insideor outsidethe object. Thisis used
by Hoppeetal.[50] alongwith anisosurficeto identify intersection®f theobjects surface
with thecubesof theisosurtice. Thenby usinganmarchingcubealgorithm[70] they were
ableto recover a polygonalapproximatiorof the objects surface.

Oblonsekand Guid[83 developedanothemethodto form a polygonalapproximation
to the surfacerepresentedh the point cloud. Their techniquestartsa seedpoint in the
cloud, then grows the polygonal meshusing neighboringinformation and the surface
normalestimates.Their growing techniqueavoidstheinitial testof all the point’'s normal



consistenciesisedby Hoppeet al.[50], while still allowing the systento recover objects
of genuggreaterthanzero.

4.2.2. StructuedPoints

With structurednputdata(e.g. rangemages)theconnectity of thepointsin eachview
is alreadyknown. Whatremainsis to integratethe datafrom separateviews to complete
a singlerepresentatiowf the object. The differentmethodsfor combiningview dataall
addresshefollowing problemsarisingfrom the captureandregistrationof the data.

1. Thesensowsedto capturedataproduceserrorsin the measurementsf the surface.
This is especiallypresentfor somesensorsalong the silhouetteof objectin eachview
(wheredepthestimationtechniquesreleastreliable).

2. Theview dataoverlapsin regions. The redundang in the view dataaidsin finding
theregistration,but alsoinsureshataccurataneasurementsf the object’s surfaceexistin
atleastoneview. Theseoverlappingmeasurementsiustbeintegrated.

3. Self occlusionand sensorerrorsresultin holesin the data. The solutionsto these
problemsandto the generaimeshintegrationproblem,canbe classifiedasmesh-basedr
volume-based.

In mesh-basetechniquesthe problemis to merge multiple polygonalmeshesnto a
singularpolygonalmeshthataccuratelyepresentthecompositegeometry In the process
of ‘stitching’ togethertheviews, seamsanappeairclearly shaving the boundarybetween
two separataiews (Figure10). Theseseamgesultfrom severalfactors;registrationerror
betweerviews andsensoeerrorsin theregionsnearthe objectsilhouette.Both Soug and
Laurendeali103] andTurk andLevoy [112] usedanintegrationtechniquecoupledwith a
geometricaveragingtechniqueto combineredundantiatain the regionsof overlap. They
differ in the orderin which they performthe operations. Sougy and Laurendeatj103]
combinetheredundaninformationfrom differentviewsfirst to form apointsetthatis then
stitchedogether TurkandLevoy [117] firststitchtogethethemeshegremoving redundhnt
polygonsin the overlappingregions)to form the final mesh,thenusethe verticesof the
removed polygonsto form a consensusf the surfaceshapein the regionsof redundang
by moving the verticesof thefinal mesh.Both methodgesultin alocal smoothingof the
datain theregionsof redundang. Furthermoreneithermethoddealswith holesin thedata
resultingfrom errorsin the sensomeasuremendr dueto thesensors geometry To fix the
latter problemin theirtechniquesthe holeswerefixedby a operatotthatformedpolygons
in theseregions filling in theholes.

Souqy and Laurendeal102] addresanore practicalissuesof surfaceintegration for
a ComputerAided GraphicDesignprogram. In theseapplicationsa designemwill most-
likely take a seriesof views of the objectto build an initial model of the objectbeing
modeled. Thenbecaus®f self-occlusiorandsensoterrorsthe designeroften hasto take
scansof additionalviews of the objectto fill in large holesor recaptureine detailin the
object. In this caserepeatingthe integration of all the views simultaneouslyfor every
additionalview may not be the bestsolutionespeciallyfor an interactive modelbuilding
program.InsteadSouq andLaurendealnave developeda dynamicintegrationalgorithm
that addsadditional datato a model by modifying only the necessarydata structures.
Thenew algorithmmaintainsthe advantage®f simultaneousntegrationtechniquesvhile
maintainingthe ability to sequentiallyintegratenew datato a model.



FIG. 10. A seanresultingfrom aregistrationerror

Thevolume-basedetof techniquedimit the reconstructionso objectswith a genusof
zero. Underthis assumptiona representatiogan be formedwithout worrying aboutthe
differencebetweersamplegesultingfrom anactualholein the objectandaholeresulting
from sensorerrors.

Under the genuszero assumptiona deformablesurface can be usedconformto the
objects datapoints. Thesedeformablesurfacescan be thoughtof as a balloon being
insertedinsidethe objecttheninflated until the surfaceof the balloonconformsthe data
(ChenandMedioni [40]). Alternatively, afilled ballooncanbe placedaroundthe object
thenslowly the air canbe releaseduntil the balloonforms a mold of the data(Shumet
al.[99]). Thesetechniquesolve several problemsrelatedto the registereddata. First the
deformablemodelimplicitly handlesedundang in the data,sincethe deformablemodel
containsits own verticeswhich aremoved basedon an enegy minimizationbetweerthe
modelandthe data. Second the deformablemodelwill fill in the holesin the databy
stretchingthe deformablemodel’s surfacebetweenthe boundarieof the hole. However
thefine detailsareoftenlostdueto thesmoothingeffectof theenegy minimizationandthe
fixedsetof verticesin thedeformablenesh.Becaus®f this, ChenandMedioni[40] added
adaptve meshrefinementof the deformablesurfacethat allows the modelto adaptvely
subdvide in orderto expandinto regionsof fine detailthatmayhave beenlost otherwise.

A novel volume-basedechniquedevelopedby Reedet al. [94, 93] useda constructve
solidgeometry(CSG)techniqueo formasolidmodelof theobjectfrom multiple registered
rangeviews. Eachview formsa solid by sweepinghe rangedatafrom eachobjectawvay
from the scannefilling in the spaceself occludedby the object. The surfacesof this new
objectarelabeledasbeingeitherbeingvisible (partof the sensedlata)or occludedby the



objectview. This labelingcanbe usedfor view planningsinceit labelsportionsof the
viewspacethat have not beencoveredby the previousview. For eachview, solid objects
areformedusingsimilar sweepingoperations.Onceall the visible portionsof the object
have beencoveredby oneor moreviews, the view solid modelsareintersectedo form a
singularsolid objectmodel.

4.3. MeshRefinementand Optimization

Due to the discretenatureof the databeing usedto modelthe object, the result will
only be anapproximation.The accurag of thatapproximationdependsn the ability of
thesensotto capturedataandability of the systemto registermultiple datasets.With the
availability of highresolutionrangescannerandbettermethodf registration thequality
of thereconstructednodelcanbe quite good. Still, theremay exist a needto refinethe
modelbasedon applicationrequirement$46].

In graphicsapplicationsthe importantpropertiesof a refinedmodelarethatit occupy
roughly the sameshape that its reconstructedurface normalsbe closeto thoseof the
original model (importantfor shading),andfinally that the object’s color texture canbe
mappedo thereconstructedanodel. All thesefactorsimprove the model’s ability to yield
syntheticimagesthatappeawery similar to thetrue sceneandtheinitial unrefinedmodel.

The neighboringverticesin a goodquality polygonalmeshshouldbe geodesicallythe
samedistanceapart (Welch and Witkin [115]). For highly curved areason an object,
two verticesmight be closegeometrically but very far apartgeodesicallydueto surface
cunaturechanges). In theseregions, the meshrepresentinghe surfaceshouldbe fine,
while in regionswherethe surfaceis largely planarthe densityof the meshcanbe coarse.
This adaptve meshdensity resultsin very good approximationof the object’s surface
normalandcurvature,andis a key goal of meshrefinemenprocedures.

The speedof the renderingdependdirectly on the numberof polygonalfacesin the
mesh.Becausef this, mesloptimizationstratgieshave beenstudiedo reducehenumber
of polygonsneededo representhe modelfor the object[46, 111, 49, 47, 69, 26, 41, 48,
104, 101], while still maintaininga goodapproximatiorto the surfaces.Figure11 shovs
anexampleof usingmeshoptimizationstratgiesto reducethe numberof polygonsin the
representationf atoy whale.

In theproces®f refiningamodel,carehasto betakento avoid simplificationsthatyield
atopologicalchange(e.g. creationof holes,surfacessmoothedo aline, etc.). This can
happerwhenverticesareremovedfrom themeshandthe meshis thenre-polygonized.To
take careof this problem,mostsystemauseheuristicsto verify thatthe models topology
doesnot changg111] duringtherefinemenprocess.

During decimation the processof removal of vertices,edgesandfacescanresultin a
smoothingand/orshrinking of the objects surface. Carehasto be taken while refining
the object’s polygonalrepresentationo avoid smoothingout the original model’s sharp
discontinuitiesandthereforeshrinkingof the object. Automatedechniquegendto utilize
a penaltyfunction that measureshe error incurredby iteratively refining the numberof
polygonsin the mesh[46, 111, 49, 47, 69, 26, 41, 48, 104]. Thesefunctionsguidethe
choicesof which entities(vertices edgesandpolygons)shouldberemovedandwherenew
entitiesshouldbeplaced.

In additionto decimation,anotherapproachto reducingthe amountof spaceneeded
to storea modelis to changethe representatiorf the modelto somethingthat is less
spaceconsuminghanadensepolygonalmesh.KrishnamurthyandLevoy [65] studiedthe



FIG. 11. In thefirst pair of imageshewhalemeshcontains6844vertices.The secondsetof imagesshavs
atheresultof reducingthe meshto containonly 3042vertices.Therightimagein bothpairsis a shadedrersion
of themeshto theleft. TheimagesweregeneratedisingMinolta’s Vivid softwarepackage.

corversionof adensepolygonmeshto a B-splinesurfacepatchrepresentatiofor objects.
An appropriatelydesigned-splinepatchrepresentationsedesscomputerstoragespace
thana polygonalmeshthatrepresentshe surfacewith the sameaccurag. In additionto
beingmorememoryefficient, the B-splineis differentiableandhasbeenextensively used
in the CAD/CAM industryfor representatioanddesign[35].

For theareaof computewisionthe criteriafor a goodrepresentationf anobjectmodel
may be differentfrom the criteriaemployedin computergraphics.For example,Johnson
andHebert[55, 58] requiredthatthe modelsof the objectsin their databas®erepresented
in polygonalmeshformatwith the densityof the meshasregularaspossible.Theregular
meshensureghattheir“spin” imagefeaturequsedto encodeandmatchthe shapeof each
object)approximateshetruerangeimagefeaturesscannedrom therealobjects surface.
Theuseof spinimagesfor recognitionis discussedt lengthin Section5.3.

Anotherexampleis theidentificationof curvatureextremafrom polygonalmeshrepre-
sentation®f surfaces.Curvatureis oftenusedin computerision asa descriptve feature
becaus®f its detectabilityin a wide variety of imagery CampbellandFlynn[19] studied
someof theissuesn identifying contoursof curvatureextremaon polygonalmeshsurfaces.
They found thatidentificationof the curvatureextremaon an objectsurfacedependean
the propertiesof the polygonalmeshusedto represenit. Polygonalmeshrepresentations
with verticesguaranteedo be within an errortoleranceof the true surfacetypically will
containpolygonswith varying surfaceareadependingon the magnitudeof thethe surface



curvature.In regionswherethesurfaceis rapidly changingshapehepolygonalmeshmodel
mustusedsmallpolygonsto insurethe error betweertrue surfaceandpolygonalmodelis
within tolerance.This differencen areacanthenbeusedto aid in theidentificationof the
curvatureextremaon the meshrepresentatioof themodel.

Anotherconcernis identifying ridgesof curvatureextrema. Campbelland Flynn [19]
developeda curvatureridge/alley detectorthat usedhysteresisand non-maximumsup-
pressiorto build contoursof curvatureextrema. They foundthatfollowing thetruecontour
was often difficult sincethe edgesof the polygonalmeshrepresentatiortan be a poor
polygonalapproximatiorto the contourof curvatureextrema. This resultsfrom poorap-
proximationof the ridgesof the objectsurfaceby the edgesn the polygonalmesh. Often
the edgesof the meshcut throughthe true contourinsteadof following it. This haphazard
placemenbf edgesn the polygonalmeshcausegroublein reconstructingontoursfrom
therepresentation.

The refinementof the modelin large part dependson the applicationandthe desired
accurag of the representation A resamplingof the datais often performedto improve
theability to reconstrucapproximationgo the surfacenormalandcurvatureonthe model
[19] andto reducethe redundang in the representationThe resultis a modelthatmore
accuratelyrepresentshe modelandall of its propertieswhile still beingefficientin time
andspace.

5. FREE-FORM OBJECT RECOGNITION SYSTEMS

Theprecedingectiondhave surweyedtheelementandtechniquedor representindree-
form 3D objects,with a focuson meshrepresentationandtheir constructionfrom range
images. This sectiondiscusseseveral approacheso the recognitionof suchobjectsin
intensity or rangeimagery Additional survweys of this area(or of objectrecognitionin
general)includeBeslandJain[9], Bradyetal. [15], FlynnandJain[37], andPope[89].
Our goalis to suney thosesystemshat are relatively recent,are designedo recognize
eithersingleor multiple objectsin the presencef occlusionandthatdo notrestrictthe 3D
shapeof objectsto beidentifiedto simpleshapesuchasplanesor cylinders. While some
attentionis givento recognitionin intensityimageryto provide contet, the focushereis
techniqueemploying 3D (range)imagery

5.1. Appearance-BasedRrecognition

Appearance-basempproachesave becomea popularmethodfor objectidentification
and poselocation in intensity images,and has also beenusedto recognizefree-form
objectsin rangedata,as notedbelow. This popularityis in part dueto thesemethods’
ability to handletheeffectsof shapepose reflectanceandillumination variationsfor large
databaseef generabbjects.An appearance-baseecognitionsystemencodesndividual
objectviews aspointsin oneor moremultidimensionakpacesThebasedor thesespaces
areobtainedfrom a statisticalanalysisof the ensemblef trainingimages.Recognitionof
anunknowvnview is typically performedby projectingthatview into thespace(salongthe
storedbasisvectorsandfinding the nearesprojectedview of atrainingimage.

The literaturecontainsmary variationson this simple and powerful basicidea. Early
work in theareaof appearance-baseécognitionincludedasa studyof efficientrepresen-
tation of picturesof faces.Kirby andSirovich [63] usedprincipal componentnalysisto
determinghebestcoordinatesystem(in termsof compressionfor theirtrainingdata. The
basisvectordor thenew coordinatesystemweretermedeigenpictues In laterpublications



[114, 75] they aresometimegiivenequivalentterms: eigenface®r eigenimagesdepending
ontheapplication.Thetermeigenfacess usedwhenthetrainingsetis limited to facedata
becauseertainbasisvectors whenviewed,have afacelike appearance.

The appearancegf objectsareencodedisingprincipalcomponenganalysison a setof
trainingimagedata

X = {&1,...%u)

Eachtrainingimagex; canbeconsideredcolumnvectorobtainedrom theoriginalimage
[%i;;%] by unraveling:

ii = [-Z'z'ly . ..CU,'N]T,

whereN is thenumberof pixelsin theimage. Eachimageis typically normalizedto unit
enepy |X;| = 1. For Lambertianobjectsthe normalizationfactorsout ary variationin
globalillumination thatmight occurrbetweertrials. To accuratelyrepreseneachobjects
appearancethe objectmustbe viewed in a setof posesandundera setof illumination
conditionghatcaptureshoseposesandconditionsexpectedo bepresentn therecognition
ervironment.

Principalcomponentainalysisis usedto determinea setof orthogonalbasisvectorsfor
the spacespannedy thetrainingdataX. To dothistheaverage

| M
¢ = — X;
o %

is subtractedrom everyimagex; in X yieldingacenteredetX.. X, isthenusedto form
anN x N covariancematrix:

Q = X.x7I.

Thenthe eigervectorsand correspondingeigervalues{(€;, A;),i = 1...N} for Q are
determined. The setof N eigervectorsis an orthogonalbasisfor the spacespannecdy
X. This principalcomponentsepresentatiosanbe usedto approximatehetrainingdata
in a low-dimensionalsubspacehat capturesthe grossappearancef the objects. This
enablesappearance-baseapproachedo characterizehe objectswith the eigervectors
correspondingvith the largesteigervalues.MuraseandNayar[75] foundthata subspace
of 20 dimensionsor lesswas sufficient to captureobjectappearancéor poseestimation
andobjectrecognitionpurposes.

Let {&1,... €} bethesetof eigervectorscorrespondingvith the k largesteigervalues.
Thecenteredrectors(X; —€) in thetrainingdataareprojectedalong{€y, . . . 8} toform k-
dimensionaprototypess;. An unknovnimages thatmapscloseto oneof theseprototypes
is similar in appearancéo the correspondingdrainingimagex;. This enableghe system
to identify objectidentity andpose.

An approximatiorto X; canbe constructedisingthe basisvectorse; andthe projected
pointg; in theeigenspaceThereconstructedmageis givenby

x; = (€1,...,8r)g; +C,
andis only anapproaimationto xX; sinceonly k eigervectorsareusednsteadf min(N, M)
(therank of the covariancematrix Q), but the grossdetailsof the object’s appearancare
typically presered.



Turk andPentland114, 113 notedthatin usingappearance-baseecognitionstratey
a small setof eigenpicturegould be usedto describeandreconstrucfacesfrom a large
segmentof the population. Their ideaswere testedon a databasef 16 subjectswhose
facesverecapturedundervaryingillumination, poseandscale(2500imagesn all). They
foundthatthesystermhadahighersensitvity to changesn thesizeof thesubjectfacein the
digitizedimagesthanto changesn illumination andpose. They shovedthatappearance
basedmethodscould be usedto recognizecomplex sculptedsurfaces(faces)n underone
second.

Muraseand Nayar[75] developedthe useof appearance-basadcognitionand pose
recoveryfor generabbjects.Usingtwo eigenspacethey wereableto recognizeandlocate
posefor objectsundervaryinglighting conditions. The universaleigenspacé/ is formed
from all trainingimagesX andis usedto determinethe identity of anobjectin a scene
image,while anobjecteigenspac€; is formedfor eachmodelj from all trainingimages
X; containingthat model, and usedto determinethe objects poseandthe illumination
conditions.For eachobjecta bivariatemanifoldis createdallowing interpolationbetween
discretepointsg; in theeigenspaceslhemanifoldswereconstructedisinga cubic-spline
interpolationalgorithm. The two parameterf the manifold were the rotation of the
imagingturntableandtheillumination direction. In generalthreeparameterarerequired
to representhe rotationalposeof an objectin 3D andan additionaltwo dimensionsare
neededo describevaryingillumination positions(for asinglenon-directionalight source).
Thusthe practicalityof this sortof systemdepend®nthenumberof poseandillumination
degreesof freedomaswell asthe compleity of the objectshapeandappearancender
poseandillumination variations.

To identify anobjectin animages, it is first projected
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€]
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into the universaleigenspacethen matchedwith the closestobject's manifold. Naively,
matchingcan be doneby uniformly samplingthe manifolds, but this is both inefficient
in memoryandtime. MuraseandNayar[79, 78] developeda structuredbinary search
techniqueo quickly searchthrougha multi-dimensionakigenspacéor the bestmatch.
Othernotablework in the appearance-basedcognitionof objectsin intensity scenes
includesthefollowing.

e TurkandPentland113] discussedheutility of usingtrainedneuralnetworksto match
g with apersonsidentity.

e Mukherjeeand Nayar [72] experimentedwith radial basisfunction (RBF) neural
networksto matchg with a pointonanobject’s manifold.

¢ MuraseandNayar[74] followedtheir earlierwork on appearance-basedatchingof
objectwith a studyof illumination. The goal of the studywasto determinellumination
parametergo maximizethedifferencan appearancbetweerobjects. Thestudyproduced
graphsof minimum distancebetweenobjectcurvesin eigenspaceas a function of light
sourcedirection,recognitionrateasa function of SNR,andrecognitionrateasa function
of the amountof segmentationerror. In all caseshe experimentallydeterminedoptimal
sourcavasfoundto have ahigherrecognitiorratein thepresencef noiseandsegmentation
errors.



e Mundy et al.[73] comparedMuraseand Nayar’s [75] appearance-baseapproach
with two geometricmodel basedrecognitionapproaches.The study concludecdthat the
appearance-basexystemhad the highestrecognitionrate, but it also had the highest
numberof falsepositives. This wasdueto thelack of a verificationprocedureandto the
sensitvity of currentappearance-basedethodsto occlusion,outliers,and segmentation
errors. The geometricmodelbasedapproachesheingstructuredaroundthe hypothesize
andtestarchitecturehada smallernumberof falsepositives.

e BlackandJepsori13] shovedthatthe projectiong = [€1, . . .é‘k]T (X — ) resultsin
a leastsquaresestimatewhenusedfor reconstructior{i.e., the calculationminimizesthe
squareckrrorbetweenmagex andits reconstructior). Tocompensatéor thewell known
sensitvity of leastsquaregechniquego outliersandgrosserrors,Black and Jepsorused
robust statisticsin the calculationof the projectiong. The addition of robust estimation
improved the appearance-basadethods ability to handleinput imagesfor which good
segmentationsverenot available. A notableapplicationwasthe developmentof a system
to trackandrecognizeéhandgestures.

e A major problemwith the appearance-baseapproachess their lack of ability to
handlemorethanoneobjectin the scenewith the possibility of occlusion. Huanget al.
[51] proposedegmentingtheinputimagesnto partsandusingtheappearancef theparts
andtheir relationshipgo identify objectsin thesceneaswell astheir pose.Laterwork by
Campsetal. [21], following Huangetal. [51], enhancedndextendedthe earlierwork,
yielding recognitionsystenthatincludeshierarchicadatabaseandBayesiarmatching.

e Onedrawbackof anappearance-basgartrepresentatiors theinputimagemustbe
segmentedat runtime beforerecognitioncanoccur This limits the classof objectsthat
canberecognizedo objectswho canbe sggmentedreliably. Most free-formobjectsdo
notlendthemselesto easyrepeatablseggmentationsOhbaandlkeuchi[84] andKrumm
[66] avoidedthis problemby creatinganappearance-basgéechniqueusinglocal windows
of the objectsappearance.Ohbaand Ikeuchi[84] were able to handletranslationand
occlusionof anobjectusingeigenwindows The eigenwindavs encodanformationabout
an object’s appearancdor only a small sectionof its view. Measuresof detectability
uniquenessandreliability were developedfor the eigenwindavs. Thesemeasuresvere
usedto omit eigenwindavs from the training setif they arehardto detect(detectability),
have poor salieny (uniqueness)pr are sensitve to noise(reliability). Using the local
eigenwindavs they were ableto identify multiple objectsin clutteredscenes. Krumm
[66] independentiyandroughly simultaneouslydeviseda eigenwindev approachsimilar
to thatof Ohbaandlkeuchi[84]. Thedifferencesdetweerthesetwo approachedealwith
the modelconstructionandrecognitionprocedure.Krumm emplgys an interestoperator
(pointsandcorners)o identify possiblenon-overlappingeigenwindavs.

e EdwardsandMurase[32] addressedhe occlusionprobleminherentin appearance-
basedmethodsusinga maskto block out part of the basiseigenimages; andthe input
images;. Themasksvereusedwith aresolutionhierarchyto searcHor aninitial maskand
objectidentity atlow resolutionthenadaptvely refinethemthroughhigherresolutions.

e Leonardisand Bischof [67] handledocclusionby randomly selectingimage points
from the sceneandtheir correspondingointsin the basiseigervectors|éy, . . . €;]. Their
methodusesa hypothesize-and-tegiaradigm wherea hypothesids a setof imagepoint
locations(initially randomly generatedjnd the eigenspacerototypeg. This method
shaws the ability to reconstructunseerportionsof the objectsin the scene.Bischofand



Leonardig12] extendedhis earlierwork to handlescalingandtranslatiorof objectsin the
scene.

¢ Rao [92] appliedthe adaptie learning of eigenspacéasisvectors|éy,...&] in
appearance-baseadethods. The dynamicappearance-basepproachs usedto predict
spatialandtemporalchangesn the appearancef sequencef images. The prediction
modifiesthe eigervectorsby minimizing an optimization function basedon Minimum
DescriptionLength(MDL) principles.MDL is usedbecausd balanceshedesireto learn
theinput datawithout memorizingits details. This is importantwhenthe systemneedso
beflexible andnot overspecializedo thetrainingdata.

e Appearance-baseccognitionhasalso beenappliedto rangeor depthimagery by
Campbelland Flynn [20]. The2%D depthdatacaptureghe shapeappearancef a view.
Theprincipalcomponenanalysiof thisdataresultsn asetof characteristishapesThese
eigenshapesreusedin muchthe sameway aseigenpictuesor eigenfacego form alow
dimensionalsubspacehat is useful for matchingand poserecovery. An adwantageto
usingrangedatain placeof albedois thatin mostcasegheillumination conditionsat the
time of the scandoesnot affect the measurementsf the depthdatain the rangeimage.
Traditionallyappearance-basegcognitionsystemdrainedonimagescapturedy rotating
theobjectonaturntableandvaryingtheelevationof thelight with respecto turntable.This
resultedin two degrees:of posefreedomthefirst for the rotationof theturntable,andthe
secondor thelight positionthatcould be recoreredby the appearance-baseecognition
system.Sinceilluminationwasnotafactorin theshapeappearancahe authorsaddressed
therecovery of 3D rotationalpose.

Thetraining of the systemconsistecf uniformly samplingthe view sphereby a pseudo-
regular tessellationof the sphere. At eachvertex of the discreteview spheredefinesa
viewpointfor which asetof trainingimagesaretaken. Thetrainingimageswerethenused
to build, alongwith NeneandNayar's [79] efficient searchtechniquen high dimensional
spacesanefficientobjectrecognitionsystentor free-formshapesThis systemwastested
ontwo databasethefirst contain20free-formobjectsandthesecondtontain54 mechanical
parts(mostof thesurfacesherecouldbedescribedy thenaturalquadrics).Both databases
were testedto identify the influencethat; density of posesampling,dimensionof the
matchingsubspaceand size of training imageshad on the probability that the correct
objectwould be detected.The authorsfound thatimagesizewasnot nearlyasimportant
asthenumberof trainingimagestakenfor eachobjectandthe dimensionof the subspace.
CampbelandFlynnalsonotedthatanappearancsubspacef 20dimensionsvassufficient
for accurateobjectrecognition. Their systenwasableto identify the objectsusingshape
with 91%accurag in abouta secondn a PentiumclassPC.

Table 2 summarizesthe various appearance-base@cognitiontechniquessureyed
above. For eachtechnique,the table indicateswhetherthe techniquecan handlemul-
tiple objectscenesvith occlusionandchangesn the sizeof the objectsin the databaselt
alsoreportstheIargestdocumentediatabaseizeandtherecognitionrateobtained%
where N ¢ wasthe numbertimesthe object’s were correctlyidentifiedand Ntrials was
the total numberof trials? In someof the paperssurveyed the numberof objectsor the

recognitionrate was not reportedand are marked in the table as NR. The entry for the

21n theexperimentof Nayaretal. [75, 77], testsusinga 1000bjectdatabaseeportedl00%correctrecognition
for adatabassubsebf 20 objectsthatdo not containself similar viewpoints.



TABLE 2
Summary of appearance-basedecognitiontechniques.

Technique Occlusion Scale Largest  Recognition

Changes Database Rate
Kirby etal.[63] No Yes NR NR
Turk etal.[113] No No 16 1.0
Nayaretal.[75, 77 No Yes 100 1.0
Blacketal.[13] No No N/A N/A
Campsetal.[21] Yes No 24 1.0
Ohbaetal.[84] Yes No NR NR
Krumm etal.[66] Yes No 2 0.8
Edwardsetal.[32] Yes Yes 6 0.89
Leonardisetal.[12] Yes Yes 20 NR
Raoetal.[92] Yes No NR NR
Campbelletal.[20] No Yes 54 0.91

systemof Black etal. [13] reportsN/A for databassizeandratebecausét wasdesigned
to track objectsusingrecognitionandmultiple objectdatabases/ierenot explored.

5.2. Recognitionfrom 2D Silhouettes

In additionto appearance-baseechniquespbjectsilhouetteshave beenusedto char
acterizefree-formobijects.In a controlledenvironmentan object’s silhouettecanbe quite
usefulto determinean object’s identity andpose. This subsectiormeviews a few represen-
tative techniquegmploying free-formcontoursn intensityimageryfor recognition.

Mokhtarian[71] developedacompleteobjectrecognitionsystenbasedn closedobject
silhouettes. The systemis designedo recognizefree-formobjectsthat have only a few
stableviewsin anervironmentwhereonly oneobjectwill bepresent.To dothis,alight-box
is usedto illuminate the objectand make the boundarybetweenbackgroundand object
easietto detectandobjectsareisolatedby simplethresholding Boundarycurves(extracted
by contourfollowing) arethenrepresenby calculatingits CurvatureScaleSpace(CSS)
representationThe matchingof CSScurvesis donebasedon thelocationof the maxima
of the curvaturezero-crossings.For corvex boundarycurvesthe CSSrepresentatiotis
smootheduntil only four maximapoints are remaining,while concae curvesutilize all
maximaobtainedat a given scale. During recognitionthe aspectratio of the object’s
silhouetteis usedto pre-filter possiblescene/modematchesbefore the silhouettesare
matched. This techniqueprovidesa fastway of matchingthe coarsefeaturesof a scene
silhouettewith an object’s silhouette. The bestsilhouettematchesare then verified by
registeringthe two curvesandmeasuringhe error. The systemcorrectlyidentifiedall 19
objectsin its database.

PonceandKriegman[88] usedcontoursof discontinuousurfacenormalandoccluding
contourgo recognize3D objects.Parametricsurfacemodelsof the objectsyield candidate
modelcontours.Using eliminationtheory implicit equation®f the parametrigatchesre
foundandtheintersectiondbetweerthe patchesareusedto constructanimplicit equation
of the contour A weak perspectie projectionmodelis usedto correlate3D contours
with 2D contoursfoundin theintensityimages.Imagecontoursaremanuallyprunedand
groupednto clusterscorrespondingo asingleobject. Thesystemwasonly usedto model
surfacesof revolution, but could handlemultiple objectscenesvith moderateamountsof



occlusion. Their resultsshaved quick recognitiontimes (= 30 secs)with goodlocation
accurag (averageerrorbetweer(.4-1.4pixels).

Joshietal. [61, 62] usedHOT (high ordertangent)curvesto modela smoothobject
for recognition. Thesecurvescanbe identifiedfrom pointson anobjects silhouettein an
intensityimage. Sequencesf thesepointscanbe tracked to recover the 3D curve. The
anglesdetweertangentinesandratio of distancedetweemointson contourareusefulto
form scaleandposeindependenteaturesof the object. Thisin turn canbe usedto index
arecognitiontable. Their experimentgestedthe systemon four objects(a squasha pear
a bananaanda duck decq) and shoved thatthe HOT curve representationvas ableto
recovertheobjectsidentity andposefor everytest,but only afteraverificationsteppruned
outfalsematches.

Internal edgeshave also beenusedto help recognizedfree-form objectsin intensity
images.ChenandStockman22] usedboth silhouetteandinternaledgeso recover pose
andidentity of 20 free-formobjectmodelsfrom intensityimagery The silhouettecurve
wasfirst usedwith a invariantfeatureindexing systemto build candidatenodelandpose
hypotheses.A part-basedtontourrepresentationvasincorporatedo tolerateocclusion.
Theinvariantattributesof thesecurve sggmentswerethenusedto index into a hashtable.
This resultsin matchesetweernpossiblemodelpartsandobsered parts. Thesematches
arethengroupednto consistenhypothesedasedn modelidentity (associatedvith each
part)andaroughposeestimate.The hypothesearethenverifiedby matchingmodeledge
mapsto the obsened edgemaps. The verificationstepalso producesa refinedestimate
of the object’s pose. During verificationboth the silhouetteandinternaledgesare used.
The inclusion of the internaledgesimproved the performanceof the verification stepin
rejectingfalsehypothesesf objectidentity andpose.

5.3. Free-Form Object Recognitionin RangeData

Besl[11] reviewedthedifficultiesin matchingfree-form objectsin rangedatausingpoint,
curve, andsurfacefeatures. The computationatomplexity of suchmatchingprocedures
canquickly becomeprohibitive. For example,brute-forcematchingof 3D point setswas
shawn to have exponentialcomputationabompleity. Becauseof this, Besland McKay
[10Q], Steinand Medioni [105], Johnsonand Hebert[57, 54, 56], and Chuaand Jarvis
[25] all have developedtechniquego reducethe amountof computatiorrequired. These
methodsoftengroupcorrespondingnodelandscenepoint pairsinto setsthatcanbeused
to determinenbjectposeandverify the existenceof themodelin thescene.

Rangeimagesallow the computervision 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(assurweyedabove), the recognitionof objectsin depthmapshasa longer
historyandsystemslevelopedfor this purposehave demonstrated varietyof approaches.
The purposeof this sectionis to describaecentsystemghatweredevelopedfor free-form
objectrecognitionusingrangeimages.

A techniqudormulatedby NevatiaandBinford [81] usedsymbolicdescriptionglerived
from a generalizedonepartsegmentatiorof rangeimagesto recognizefree-formarticu-
latedobjects(doll, horse,snale, glove andaring) in the presenc®f occlusion. The parts
(generalizedccones)are usedto form a symbolic descriptionof the scenebuilt up using
partproperties(e.g. axislength,averagecross-sectionvidth) connectvity relations(e.g.



numberpartsconnectedandglobal properties(e.g. numberparts,numberof elongated
parts). In aneffort to eliminatesomeof the objects,distinguishedartsareemployedto
index into the databasef possibleobjects.Distinguishedpartsaregeneralizedoneshat
aremuchwider than other partsin the database.Thesepartsare morelikely to be seg-
mentedproperlyin the presencef occlusion. The sceneandmodeldescriptionsarethen
comparedstartingwith matchingdistinguishedparts. Thesematchesarethengrown by
matchingotherdistinguishedpartswhosepropertiesandconnectionsareconsistent.This
is equivalentto matchingtwo graphdescriptionf the objects. Theresultingscenegraph
of connectegartsis allowedto be smallerthanthe modelgraphbecause®f the presence
of occlusionandsegmentatiorerrors. The quality of the graphmatchis thenevaluatedby
the quality of theindividual partmatches.This representatiomorkswell for objectswho
have very differentsymbolicdescriptions.

RajaandJain[91] developedasystenfor fitting andclassifyingdeformablesupergiadics
(asubsef the setof all free-formobjects). They fit a deformablesuperquadri¢o range
datawherethe deformationsconsideredveretaperingandbending. The parametershat
definethefit superquadri@areusedto classifythe shapento oneof twelve differentgeon
classesThegeonclassesreusedto discriminatebetweeriqualitatively different’ shapes.
Qualitatve differencedncludestraightvs. curvedaxes,straightvs. curvedcross-section,
and increasing,decreasingpr increasing-then-decreasimgoss-sectionahreaalong the
primary axis of the superquadric. Superquadricsecoveredfrom noisy or rough range
imagescausegroblemawith classificatiorof the superquadrigvith thecorrectgeonclass.
With realrangeimagestheir classificatiormethodcorrectlyidentifiedthe geonclass77%
of thetime andwith syntheticimagerythe correctidentificationratewas87%.

Surfacecunvatureshasalsobeenusedto describean object’s surface. For a surfacethe
cunvatureat a pointis characterizedy finding the directionsin which the surfacenormal
changeshemostandtheleastrapidly. Theseprincipal curvatuleskKC; andkX, respectiely
encodetherate of changeof surfaceorientationin the two extremaldirections. Typically
the principal curvaturesX; and K, are usedto characterizeand encodediscriminatory
informationaboutanobjects.

Thirion [110] usedsurface curvatureto define a global representatiorof free-form
objects. The methodusescurvature extremaon the surfaceto find critical points and
contours.The extremalpoint/contoursare definedaszerocrossingsetweermaximaand
minima of Gaussiarcunature(XC = K; * K3). Therepresentatiomasbeenusedon real
rangedataas well as syntheticmodelsto find extremal meshesof the object. Thirion
notesthattherepresentatiors still too complex to be practicalfor objectidentificationor
poselocalization,becauséahe descriptiondoesnot lend itself easilyto a quick matching
technique.

Surfacecurvaturehasalsobeenusedto classifylocal surfaceshapeinto a small setof
representatie shapeg9, 31]. BeslandJainusedGaussiarcurvature( = Ky x K2) and
mearcurvature(H# = (K1 +K2) /2 toclassifylocalsurfaceshapeénto eightbasiccategories.
DoraiandJain[31] extendedhis earlierwork by definingtwo new curvaturemeasuresthe
shapeindex (S = 1/2 — £ arctan £4%2) andcurvednes$R = /(K7 + K3)/2), where
theshapendex S now defineqclassifiesihelocalshapento nineshapdypes(verysimilar
to BeslandJains work [9]) andthe curvednessneasureshe magnitudeof the curvature
change DoraiandJain[31] usethesenew measurealongwith a spectralextensionof the
shapeameasurdo build aview-dependentepresentationf free-formobjects. Theirsystem
(namedCOSMOS for ‘Curvedness-Orientation-Shaptap On Sphere’)usesa histogram



FIG. 12. Exampleof 4th orderoperatoron rangedatasampledrom arubberduck.

of shapeindex valuesto characterizéhe surfacecurvatureof a view. The histogrambins
storethe amountof areaon a view thatlies within a rangeof shapeindex values. These
histogramgcalledshapespectraranbequickly matchedusingmomentsandareinvariant
torotationsabouttheopticalaxis. Thesystenbuildsupanobjectdatabasenadeupof mary
views of eachobjectto berecognized.To reducethecompleity of thesearchyiews of an
objectaregroupedbaseddntheir similarity into clusters.Thenfor eachclustera prototype
shapespectralhistogramis found usingaveraging. The processo matcha sceneshape
spectrahistogramwith the databasdirst matcheghe scenewith eachclusters prototype.
Thenthetop n clustersthatmatchwell with the sceneareexaminedto find which views
in the clustershestmatchthe scene. The view that bestmatcheghe sceneidentifiesthe
objectandpose. The translationandrotationparameterdave yet to be determined.The
view clusteringschemdor therecognitiondatabaseeducegsheamountof time it takesto
producea match. On averageonly 20% of the views hadto be matchedrom a database
with atotal of 20 objects.This recognitionschemewvorkswell for singleobjectscenesot
containingpolyhedralobjects.

In additionto curvaturebasedeaturesdeformableolyhedraimeshe$ave beenusedto
encodehelocal surfaceshape PipitoneandAdams[87] usedaconnectedetof equilateral
triangles(Figure 12) to characterizean objectshapeby deformingit to the shapeof the
surface. Thecreasengle(Besl[8]) betweerpairsof trianglesin thematareusedto build a
poseinvariantfeaturevector® thatcharacterizethelocal surfaceorientationchange.The
numberof anglesN, resultingfrom the matof trianglesgivesthe orderof the operator®,
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The length of the sidesof the equilateraltrianglescan be usedto control the operators
ability to capturdiine detailor rejectnoisein thesurfaceshapeof theobject. To completely
encodean object, the tripod operatoris randomlyplacedon its surfaceenoughtimesto
insuresufficient coverageof all the surfacesof the object. Recognitionin this context was
performedusingmaximuma posteriori(MAP) estimationof the objectidentity giventhe
obsened tripod features. Nonparametriacdensity estimatesvere employed in the MAP
estimator By usingten tripod operatorsand picking the mostlikely object, a correct
recognitionrateof 92%wasachievedfor afour objectdatabase.

SteinandMedioni [105] usedchangesn surfaceorientationto matchlocal patcheof
surfaces. Thelocal natureof the matchingtechniqueallowed themto find multiple free-
form objectsin a clutteredscene.To provide goodmatcheshetweencorrespondingcene
points and known model pointsthey devised a novel methodto measurethe difference
betweertwo relative surfacenormaldistributions(Figuresl3, 14). For agivenpoint P on
asurfacethenormalsadistancep away from P containsomestructuralinformationabout
thesurfacearoundP (Figure13). Thedistribution of all thenormalsN p(#) onthesurface
aroundP arecalleda‘splash’,becausés appearanceanbestrikingly similarto asplashn
water Thento encodeelativeinformationaboutthenormalsV p(8) asphericatoordinate
systemis used(Figure 14), wherethe angles$(#) and(#) give the relative orientation
of Np(#) with respecto P’s normal N andthe X (6) axis. X () is perpendiculato N
andlies in the planecontainingP,N andthe point p distanceaway from P andangled
from wherethe encodingstarted.As ¢ is variedfrom 0 to 27 thevaluesof ¢(6) and(6)
form a3D curve v(§) = ( ;’ZEZ% ) To allow for quicker matchingtechniquesetween
pairsof curvesv; () andv,(#) thecurvesarepolygonizedstartingat thevalueof § where
¢(0) is maximum. This startingpoint is choserto provide one methodof insuringsome
rotationalinvarianceto encodingthe curve. Thenfinally the polygonalcurve is encoded
into arepresentationalledthe3D supersegment(Figurel4). The3D supersegmentstores
the curvatureanglesbetweenlinks «; andthe torsionanglesr; shavn in Figure 14 from
the polygonizationof thecurve v(6).

Forrecognitionthebestplacego encodesplasteatulesarein theareasof high curvature.
In theseareaghevariationshetweerthenormalat P andthenormalsN p(8) givessplashes
arich structuraldescriptionof thelocal surfaceshapeof the object.

SteinandMedioni [105] employeda ‘Structurallndexing’ approactto matching. This
recognitionmethodis avarianton hashingvheretheindicesto thehashtablearerelatedto
structuredormedfrom thefeatures.In this casethe codefor the hashtableis foundfrom
the 3D supersggment. The curvaturex; andtorsionanglesr; betweerthesegmentsof the
polygonalcurve alongwith the numberof seggments,the maximal orientationdifference
betweerpoint of interestandthe contourmax ¢(6) andtheradiusp areusedto index the
hashtable. This is termedstructuralindexing becausehe tableis indexed by structural
elementsof the features. For a given interestpoint a entry is encodedor variousradii
andnumberof segmentsin the polygonapproximatiorof the splash.At recognitiontime
sceneinterestpoints are determinedand usedto index the hashtable. The matchesare
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FIG. 13. ThesplashrepresentationThe angulardifferencesetweerthe normalsN p(8) nearthe central
pointandthenormal NV atthecentralpointareencoded.
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FIG. 14. Orientationcoordinatedor splashfeatures.



usedto generatehypotheses.Thesearefirst groupedby the modelthey correspondo.
Thenfor eachmodela setof geometricconsistenhypothesesreformed. The geometric
consisteng heuristicchecksto seeif pairsof point matchesare approximatelythe same
distanceapartand have the samerelative orientationdifferences. The setsof consistent
hypothesethenareusedto find atheposefor verification. Finally thehypothesizednodel
and poseis verified with the scenedata. They have shavn thatin the bestcase,where
only oneobijectis presentin the scenethe compleity canbe aslow asO(n), butin the
worstcasewheremultiple instance®f the the objectarepresenin the scenewith partial
occlusionthenthe compleity canbeashighasO(n2?m?), wheren is thenumberof scene
featurepointsandm is the numberof models.They have shavn throughexperimentation
thatthesystemworksfairly quickly andcanhandlecomplex scenesvith moderatamounts
of noise.

ChuaandJarvis[25] formulatedanew representatiotthepointsignature)whichfollows
alongthe samelines as Steinand Medioni’s work [105]. The point signatures different
in that it doesnot encodeinformation aboutthe normalsaroundthe points of interest
(Figure 13); ratherit encodesthe minimum distancesof points on a 3D contourto a
referenceplane(Figure15). The contouris constructedy intersectinghe surfacewith a
spherecenteredn P andwith afixedradiusr. A principalcomponenainalysisof the 3D
contourdefinesa planewherethe distancefrom pointson the contourto the planeareata
minimum. The normalof theplanecanbethoughtof asapproximatinghe surfacenormal
aroundthe point of interest. The planeis thentranslateduntil it containsP. A signed
distancefrom the 3D contourforms a 1D parametriccurve d(6) asshown in Figure 15.
Thefinal representatiors adiscretizedsersiond[n] = d(n x Af), whereA# is 15 degrees.
This providesa compactway to storeinformationaboutthe structureof the surfacearound
apointthatis poseinvariant. For their final systemthey foundthatit wasbetterto encode
two signaturestevery pointof intereston the objectwherethetwo signaturenverecreated
with sphere®f differentradii. Thisimprovedthe selectvity of the matches.

d;l

FIG. 15. PointSignature.

Tosuficiently covertheobject,adiscretgparametricurved[n] is obtainedatevery model
point. Thesepoint signaturesarethenplacedinto anindex table. Eachbin in the table
containsa list of modelpoint signaturesvhosemin d[n] andmax d[n] valuesaresimilar.
During recognition point signaturesrecalculatedon agrid evenly spacedverthescene.
Thesepoint signaturesareusedto index the tableandcomparewith the modelsignatures
containedin the appropriatebin. Signaturesvhoseare similar generatgpossiblemodel
scenecorrespondenced.he hypothesearegroupedby modelandmodelsareorderedby
the numberof hypotheseshey receved. The modelswith the mostcorrespondencesre
verified. Therotationandtranslatiortransformatiorbetweenhescengointandmodelare



found usingpartial correspondencsearch24, 25]. Theworstcasecomputationatostof
theverificationis O(N, N,,, H?), whereN;, isthenumberof scengpointsin thehypotheses,
N, is thenumberof modelpointsin the correspondenc@nd H is the maximumnumber
of hypotheses scenepoint is mappedto model points (sincea scenepoint can mapto
morethanonemodelpoint). The systemshaws quick recognitiontimesfor multi-object
scenedrom a databasef fifteenmodelswith highaccurag.

Johnsonand Hebert[57, 54, 56, 53, 59, 60] also employed point featuresfor object
recognition.Their ‘spinimages’are2D histogram®f thesurfacelocationsarounda point.
The spinimageis generatedising the normalto the point and rotating a cutting plane
aroundthe point usingthe normal asthe axis of rotation (seeFigure 16). As the plane
spinsaroundthe point the intersectionsbetweenthe plane and the surface are usedto
index a 2D histogram. The binsin the histogramrepresenthe amountof surface(or the
numberof times)a particularpatchof the cutting planeintersectghe object. Spinimages
aregeneratedrom modelsusinga polygonalapproximatiorto the surface. The vertices
in the polygonalmodelareapproximatelyuniformly distributedacrossthe object. When
spinimagesaregeneratedrom real datatakenfrom arangescannera similar criterionis
required.Theuniformity is requiredsothebinsin thespinimagesapproximatehesurface

Ohject Surface
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FIG. 16. Spinlmage.

JohnsorandHebert5[56, 53] spinimagesareusedto establistcorrespondendeetween
sceneandmodelpointsfor 3D data. During recognitionthe scends randomlysampledo
find pointswherespinimagesareto befound. Thisis doneuntil 10% of the scenepoints
have beensampled.For eachscenespinimageis comparedvith every modelspinimage.
The comparisongproducesa similarity measurehistogram. The histogramis analyzedo
find theupperoutliers. Theseoutliersareusedto generatdypotheticaimatchedetweera
scenepoint andpossiblymorethanonemodelpoint. Onceall the scenepointshave been
usedto generateossiblecorrespondenceshey are againfiltered to remove 50% of the
worstmatchesThecorrespondencesethengroupedy modelandchecledfor geometric
consisteng. The measurénsuresconsisteng in both geometricpositionandorientation.



Themeasurés weightedby distancebetweerthe setsof correspondencedhisis usedto
promotegroupingof matcheghataregeometricallyconsistenandareseparatedby some
distance. Groupsof geometricallyconsistentmatchesbetweenmodel and scenepoints
are usedto calculatea rotation andtranslationtransformatiorbetweenmodeland scene
points. A modified ICP algorithm[10] is usedto refinethe transformatiorbeforea final
verificationstepconfirmsor rejectsthe model/scenenatch. The recognitionschemecan
be usedto identify partially occludedfree-formobjects. The systemis shavn to work on
an objectwhereonly 20% of the surfaceis visible. The spacerequirement®f the spin
imagestackis O(M I') whereM is thenumberof modelpoints(thisincludesall modelsin
the databaseand! is the numberof pixels (bins)in the spinimages. The computational
compleity for establishingcorrespondences O(SMI + SM log(M)), whereS is the
numberof randomlysampledscenepoints,andtheterm M log(M) identifiestime needed
to sortthe similarity measuredetweena scenepoint andall the modelpointsin the spin
imagestack. The complexity of groupingthe correspondenceis not given, but the ICP
refinemenbf thetransformatioris atworstO (M) for eachiteration.

JohnsorandHebert[59] have alsoadaptedhe appearance-baseechniqueof Murase
andNayar[75] for usewith thespinimages.Theimagesareusedto find alow dimensional
subspacevhere scenespin imagescan be match quickly to model spin images. New
appearance-basedpresentatiorior the discriminatorydatabasef spin imagessignifi-
cantlyreducedhe amountof storagespacewhile enablingthe systemto moreeffectively
recognizemultiple objectsin onescenerangeimage. But their resultshave shavn aslight
decreasé therecognitionratewhencomparedvith previousrecognitionschemd56, 53].
Their testingfurther shavs thatthe amountof clutterin the scenedoesnot seemto effect
the recognitionrate, while the amountof occlusionof the objectdoes. It seemghatif a
sufficientamount(morethan30%)of theobjectsurfaceis visible in thescenejt hasahigh
probability of beingrecognized.

Sphericalrepresentationfor representin@D surfacesfor objectrecognitionandpose
localization have a rich history in the vision community[68, 27, 116 98, 45, 52, 29].
IkeuchiandHebert[52] providesanexcellentoverview of the useof theserepresentations
from the early 1980's to the present.Delingette Hebert,andlkeuchis recentlydeveloped
sphericakttributeimage(SAl) [45, 29 to addressnary of the shortcoming®f the earlier
sphericalrepresentationéEGI, DEGI, and CEGI [52]). Thoseproblemsare: ability to
handlenon-comvex objects(representatiohasa mary to onemapping),andthe ability to
handleocclusion(partial surfacematching).

The SAI representatiomapspointson an objectsurfaceto verticeson a quasi-rgular
tessellatedphere By regular it isimplied thatthetrianglefacesaresimilarin surfacearea
and equilateral. Local surfacecharacteristicare storedat the verticesof the tessellated
spherethat correspondwith the surface point. The surface point to vertex mappingis
determinecby deforming/shrinkingan ellipsoidal versionof the sametessellatedsphere
to the object’s surface. The deformationis guided by forcesthat try to presere the
regularity, while shrinkingthe meshto the surface. This regularity condition givesthe
SAl representatiomotationalinvarianceandthe ability to be extendedto matchoccluded
objects.

Delingette,Hebert,andlkeuchi[45, 29] point out thatthe rotationalinvarianceis only
true asthe numberof nodesin the meshbecomesrery large, becausehe SAl is discrete
andthenodesof themesharemappedo theobjects surface. They overcomethis problem



by averagingSAl valuesatverticesto approximatevaluesatary pointin betweerthemesh
nodes.

Occlusionis handledby assuminghemeshfaceshave equalareaandusingascalefactor
to enlage or shrink the sphericalattribute image(SAl) deformedto a partial surface. In
the generatiorof the SAI, a closedsurfacemeshis deformedto the partial surface; this
producessomeareason the SAl wherethe meshis interpolatingthe spacein between
surfacedatafrom the partial dataof the object. Theseinterpolatedregionswill not be
matchedvith anothelSAl. Typically, the SAl generatedrom only partof anobjectsurface
will not mapto the samenumberof meshnodesasonefit to thefull object. To allow such
sphericalattribute imagesto be matched one meshhasto be shrunkor enlagedso that,
whenmatchedthey representhe sameamountof areaon the objectsthey model.

Matching two objectsreducesto finding the bestrotation betweensceneand model
SAl's. Thesimpleststrat@y is to samplethe spaceof all possiblerotationsof the sphere
andto evaluatethe distancemeasurédetweerSAl’s. Therotationthatminimizestheerror
is a candidatematch. For morethanoneobjectin the databaseeachobjectSAI mustbe
matchedwith the scene.To reducethe searchspacefor the bestrotationthe geometryof
thetessellatedpherds usedto limit thenumberof possiblerotations. The bestmatchcan
bedeterminedn afew second®namodernworkstation.Thisapproacthasbeenextended
to includeoccludedobjects. The meshresultingfrom a partial view of anobjectis scaled
andthe interpolatednodesdo not countin the distancemeasuredetweenSAl. A shape
similarity measurdénasbeenintroducedbetweerSAl soclassificatiorof similar objectcan
be usedor a hierarchicaldatabaseSetsof similar objectscanbe classifiedtogetherunder
a prototypefor the class.Similarity is doneat differentscalesof smoothingof the SAI. A
multi-scaleversionof anobject’s SAl thencanbematchedwith the prototypeto determine
if the objectsin the classshouldbe matchedagainstthe sceneSAl. This canreducethe
numberof timesthe sceneSAIl hasto be matchedagainstdatabasebjects.

In the work summarizedabove, objectsmust have the sametopology as a sphere.
Delingette[27] usesarepresentatiosimilarto the SAl to represenmorecomple topolo-
gies. Insteadof maintainingthe relationshipwith a sphere partsof an objectcan be fit
usingthedeformablesurfacemeshandcanbe connectedo anothemesh.The useof this
representatiofor objectrecognitionandlocalizationof posehasnot yet beenexplored.

Shum,Hebert,and Ikeuchi[98] developeda similarity measurdor sphericalattribute
images.Thesimilarity measurés usedio shov the SAI’ s ability to differentiateobjectsand
how thenumberof nodesn thetessellatioreffectsmatchingof objects.ZhangandHebert
[116] alsousethe similarity measurdo classifyanobjects SAI at differentscales.They
have alsoaddedhenotionof smoothinganobject’s surfacethroughits SAl representation
without shrinkage.This hasallowedthe matchingof objectsat differentlevels of detail.

Barequetand Sharir [5] formulateda novel approachfor partial surface and volume
matchingby finding registrationparametersThe registrationtechniquewasinspiredby a
intensityimagetechniqueor matchingandposelocalization. The methodusesa footprint
thatis invariantto rotationandtranslationto differentiateobjects. The footprintschange
dependingon the application. One exampleof a footprintis an approximationof surface
cunatureat a point, which is invariantto pose. Using the footprints, correspondences
areestablishedetweensceneand modelpoints. Thelist of correspondenceare passed
througha seriesof discreterotationsand usedto scorethe quality of the match. This
producesa voting tablewherethe entriesrecordthe quality of arotation. Theentryin the
tablewith the bestscoreis usedasaninitial rotationestimatefor the objectandfedto an



iterative refinementlgorithm. Oncethe bestrotationhasbeendeterminedthetranslation
transformatioris found. The compleity of finding the matchis O(n + k + s®), where
n is numberof pointsin the input sets,k is the numberof correspondenceands is the
maximumsizeof thevoting table.

Greenspaij43] useda hypothesis-testerify methodologyto avoid the typical feature
extractiontechniquesassociatedvith 3D recognition. The methods objective is to deter
mine all occurrencesf a modelin theimage. This is accomplishedy usingimageseed
pointsasstartingpointsfor a sequentiahypothesis-and-testigorithm. The seedpointis
hypothesizedo lie onthe surfaceof themodel. The setof possibleposeghatmaintainthe
truth of this hypothesigs large sincethe point canbe ary point on the object. To reduce
the numberof possibleposes,successie image points are queriedand their hypotheses
intersectedvith the currentsetuntil only a smallnumberof hypothesesreleft. At each
stagethe new pointis hypothesizedo lie on the surfaceon the modelandtested. This
is accomplisheckfficiently by generatinga sampletree from the modeland usingit to
guide the choiceof points aroundthe seedpoint. Sincemost seedpoint combinations
will not matchwell to a model,thetreeis designedo be efficient at refutingincorrectthe
hypotheseslIn theimplementatiorof the system theimageis usedto generatea coarse
voxel representationf thedata. Thisis donefor two reasonsfirstit is easyto determineaf
apointin spacas closeto the surfaceof theobject(voxelsarelabeledassurface occluded,
free, unknowvn) andit effectively limits the numberof possiblemodel poses. The time
compleity to traversethe sampletreewith n leaf nodesfor s imageseedss O(s log” n).
This is the time it takesto generatea set of initial posehypothesedor an objectin a
sceneéimage. The hypothesesrechecled usingtemplatecorrelationbetweermodeland
sceneadatafor agivenpose.The surviving hypothesearefurthereliminatedby looking at
the amountof overlappingsurfaceareaandthe volumebetweerthe surfacesin thatarea.
Finally the few hypothesedeft are sentto an ICP algorithm[10] to refinethe poseand
testedagainfor the overlapareaandthe volumebetweenthe surfaces. The sampletrees
took severaldaysto generaten a modernworkstation while recognitionwasachieszedin
abouta minute. The systemwasshavn to handlerecognitionand posedeterminatiorof
free-formobjectsin complex scenewith occlusion.

Comple objectswith similar grossshapebut differentfine shapedetail presentnew
andinterestingproblemsto objectrecognitionpractice.Oneexampleof this is the human
brain which hassimilar overall shapebut uniquecorvolution detail. For a certainclass
of problems a generalshapedescriptorwould allow studiesof commonpropertiesof the
objectwithout being adwerselyaffectedby individual variationsof single entities. This
is in contrastto anotherclassof problemswhereone might wantto identify differences
betweeranindividualandothermembersn its population.In thefirst classof problemghe
generakhapeandlarge structuresareimportant,while in the secondclassof problemsthe
individual variationsareimportant. To handlebothof thesecasesanobjectmustrepresent
both local and global details. Naf et al. [76] proposedusing 3D Voronoi skeletonsto
represenmedicalvolumetricdata. A Voronoiskeletonis derived by first finding the 3D
Voronoi diagramof the volumetric datatheniteratively removing the Voronoifacesthat
areclosesto theobjects boundaryandwhoseremoval will notchangehetopologyof the
diagram.Whenno morefacescanbe removed,whatremainsis a 3D Voronoi skeletonof
theobject. At thislevel, thediagranrepresentthegenerakhapeof theobject,comparedo
theoriginal Voronoidiagramof the datawhich containgheindividual characteristicsThe



TABLE 3
Summary of recognitiontechniquesfor range data.

Technique Features Occlusion Largest Recognition Compleity
Local Database Rate
Nevatiaetal. [81] GeneralizedCones Yes 5 NR NR
Rajaetal. [91] Geons No 36 synthetic 0.77 NR
and12real
ExtremalMesh[110] Cunature No N/A NR NR
COSMOS[31] Cunature No 20 synthetic 0.97 NR
(shapespectra) and10real
Tripod [87] CreaséAngle Yes 4 0.92 NR
Splash{105] Normal Yes 9 NR O(n)-O(n?m?)
(structuralindexing)
PointSignaturg25] Distance Yes 15 1.0 WorstCaseO(Ns Ny, H?)
Spinlmage[60] Surfacehistogram Yes 4 1.0 O(klogy(n))
SAI [45] Angle Yes N/A NR NR
Barequetetal. [5] Cunature Yes N/A NR O(n+k+s2)
Greenspaf3] SampleTree Yes 5 NR O(slog?(n))
Naf etal. [76] Voronoiskeleton No N/A NR NR

Voronoiskeletonswhereusedto find thethickestpartof a hip bonefrom a 3D radiological
scanof the hip andto analyzeabnormalitiesn thetemporallobeof a brain MRI.

Table 3 summarizegndcompareghe varioustechniquesiescribedabove. Thetable
includesinformationaboutthe geometricfeaturethe techniques built upon(e.g. surface
normal or curvature, geons,generalizedcones),and whetheror not the techniquecan
handleobjectocclusion.Thetablealsoincludesthelargestdocumentediatabassizeand
the recognitionrate andtime compleity of the algorithm. Not all the paperssureyed
reportedrecognitionrateor thecompleity of therecognitionalgorithm. In thesecaseshe
tableis markedwith aNR (notreported).In somepaperghemethodwasmostlydescribed
asa surfaceor volumematchingtechnique.In thesecasesftenwhatwasdescribedvas
theability of the systento accuratelymatchtwo datasetsby reportingtherecoveredpose
vs. known pose.For thesepaperghelargestdatabassizewaslistedasN/A to indicatethe
testswerenotdesignedo discriminatebetweerobjects,but ratherto recover correctpose
of aknown objectin thescene.

6. EMERGING THEMES, CONCLUSIONS, AND COMMENT ARY

Thefocusof this surey hasbeenthe constructiorandrecognitionof three-dimensional
objectmodels,with primary emphasison rangedatabut with somementionof intensity
techniquesas context. Toward thatend, modelingand recognitionare both suneyedin
detail.

Improvementsin modelingtechniquewill increasethe accurag and speedof reverse
engineeringcomplex 3D modelsfrom examples. The quality of thesemodelspresently
depend®ntheskill of thepersormonitoringandmanipulatinghesoftwarepackagesised



to form the model. The designemustcurrentlybe constantlyon the watchfor erroneous
data (errorsin measuremenby the sensor),errorsin the registration process,and the
integrity of the meshafterintegration. Eachone of thesetasksmay and often doesfail
whenthereareerrorsmadein themeasuremerdf theobjectand/orthepositionandamount
of overlapbetweersurfaces. The methodsdevelopedfor modelbuilding have only been
testedon small setsof objects. This is in partdueto the large effort 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 polygonalmesheseedto betestedon alarge numberof standardized
objectswith varying geometryso the strengthsand weaknessan be catalogedfor each
technique.Theresearcltommunitywould benefitfrom an“OpenSource”architecturand
implementatiorof thestandardechniquesisedin rangeimageregistrationandintegration.
Thiswould beavaluableresourcehatallows the communityto build onthe knowledgeof
thepreviousresearchergithout wastingtime andeffort in rediscoveringwhathasalready
beendone.

The objectrecognitionprobleminvolvesa study of salientfeaturesandtheir identifi-
cation, aswell asa study of control and datastructuresthat yield efficient recognition
techniques.The problemof finding andidentifying objectsin single objectsceneswith
no occlusionhasbeenwell studiedand mary systemsdesignedthat shov goodresults
[3, 13,31, 52 75,77, 113. In thesesystemsa fair amountof informationis presenebout
the object. This allows for the designof systemswhich areableto identify objectsunder
noisy conditionsexceptin casesvhereviews of the objectsaretoo similar. In thesecases
noisecan dominatethe differencesbetweenthe very similar objectviews and causethe
reliability of the recognizerto decreaseln the future theseambiguousviews needto be
determinecanddocumentedor eachmodelandsystemso thata designercandetermine
whetherthesdifficult views aresignificantfor anapplication.Thisis especiallyimportant
asmoreandmoreobjectsareaddedo a systemandthe chance®f similarity increase.

The problemof finding andidentifying multiple objectsin sceneswith the possibility
of occlusionandbackgrounctlutteris amuchharderproblem[12, 21, 25, 43, 45, 59, 66,
84, 105. In generalthe partialinformationaboutan objectsmakesthe recognitionless
reliableandmorecomplex becauséheinformationcanbeincompleteanddisjoint. Thisis
in partdueto thedecreasedalieny of localmeasuresverglobalmeasureslLocally mary
regionsof a surfaceor mary regionsof surfaceson differentobjectsmay appearsimilar.
Usingtheinformationin theseregionsby themselesis a poor choicefor recoveringthe
identity andlocation,but togetherby usingthe relationshipdbetweerfeatureghe identity
andlocationof anobjectmay still be obtained.In the future the measuresf salieny for
featuresn theilluminance color, andrangeimagedomainsneedto bequalifiedin termsof
theirsensitvity to noisesothattheirdiscriminatorypropertiecanbemoreclearlyspecified
andcompared.

For both single object and multiple object scenedarge databasestudiesneedto be
applied. As the size of the databasencreasedhe importanceof a systemsmethodfor
quickly and accuratelyindexing to the correctmodel becomemore important. Large
multimedia databasesnd flexible manufcturing inspectionand assemblysystemsare
examplesof applicationswherequick indexing of image/modeldatabasesare becoming
important.

An emepging areaof studyfor new objectrecognitionsystemss to combinemultiple
imagingmodalitiesto determineobjectidentity andlocation. Oneexampleis to useboth



depth (range)and color information from mary modern3D digitizers commonto the
computergraphicsand computervision fields. The textural information from the color
imagesmayallow for discriminationbetweerobjectsin casesvheretheir shapds similar
while their texture is different, likewise caseswherethe textural information doesnot
discriminatebetweerobjectswell, their shapesnay.

Anotherarealikely to increasdn importanceds deformableobjectmodelingandunder
standing.Techniquego dealwith non-rigid objectmatchingandmotionareanimportant
field especiallyin the areasof medicalimaging. Herethe individuality of a patientmay
causeridge techniquegproblemsbecausehe surfacegeometryof anorganor otherparts
variesfrom personto person.Evenin the caseof maintaininga healthhistory of a single
patientthe partscanchangedueto swelling or aging. Thereforewhatmay be moreinter-
estingfor non-rigid objectsis to studytheir definingcharacteristicsothattime-dependent
shapesnay berepresentedndrecoveredfaithfully.
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