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Abstract

We presenta novel range sensingmethodthat is capa-
ble of constructingaccutate 3D modelsof specularobjects.
Our methodutilizes a new range imaging conceptcalled
multi-peakrange imaging, which accountsfor the effectsof
mutualre ections. False measuementgyeneiated by mu-
tual re ectionsare theneliminatedby applyinga seriesof
constaint testsbasedon local smoothnesglobal coordi-
nate consistencyand visibility consistency We showthe
usefulnes®f our methodby applyingthe methodto three
real objectswith specularsurfaces.Thegroundtruth data
for thosethreeobjectswere alsoacquiredin orderto evalu-
atethe eliminationof falsemeasuementsandto justify the
selectionof the parametes in the constrint tests. Exper
imental resultsindicate that our methodsigni cantly im-
provesuponthe traditional methodsfor constructingreli-
able 3D modelsof specularobjectswith complex shapes.

1. Intr oduction

In recentyears, there has been considerableinterest
in constructingaccuratehree-dimensionainodelsof real-
world objectsfor applicationswherethe focusis primarily
on visualizationof the objectsby humans.This interestis
fueled by the recenttechnologicaladvancesin rangesen-
sors,andthe rapid increaseof computingpower that now
enablesa computerto representin objectsurfaceby mil-
lions of polygonsand that allows suchrepresentationso
be visualizedinteractvely in real-time. Researcherbave
shavnthatthestate-of-the-artechniquegannow construct
detailed3D modelsof objectsrangingfrom small gurines
to large statues. Although they have establishedhe fea-
sibility of constructingaccurate3D models,therestill re-
main several challengingissues.One of thesechallenging
issuesarisesfrom the fact that mary objectshave surface
materialsthat are not ideal for rangesensors.Varioussur
facepropertiesthat causedif culties in rangeimagingin-
cludespeculasurfaceshighly absorptve surfacesranslu-
centsurfaces,andtransparensurfaces. Someresearchers
havetriedto simply doawaywith suchsurface-relategrob-
lemsby paintingthe objector coatingthe objectswith re-

Figure 1.
Camera images of 3 different objects when a laser stripe is pro-
jected onto the objects. (a): Object with a diffuse surface. Notice
that only a single peak for each camera scan line exists. (b),(c): Ob-
jects with specular surfaces. Due to the effects of mutual re ection,
multiple peaks in the same scan lines exist.

movablepowderto ensurghatthe surfacesre ect thelight
sourcediffusely. Ohviously, this approachis not desirable
andmay not evenbefeasiblefor real-world objectsoutside
thelaboratory

Of the varioussurface-relategropertieswe mentioned
above, surfacespecularityis one of the more problematic
material properties. Specularitycausesmutual re ections
thatgiveriseto ghostdn themeasuredtructured-lightlata.
Dependingon the extent of specularity the presenceof
theseghostscan malke it dif cult to localize a datapoint
that correspondso the object point that was actuallyillu-
minated. Figure 1 shavs cameraimagesof threedifferent
objectswhenallaserstripeis projectedontothe objectsur
faces.The rst imageshows the ideal casewherethelaser
re ection on the surfacecan be clearly detectedfor each
camerascanine. Thesecondandthethird imagesshow the
laserre ections on specularsurfaces. Notice in thesetwo
imagesmultiple peaks(i.e., laserre ections) in the same
camerascanlines exist dueto mutualre ections. Choos-
ing the peakwith the highestintensityvaluein a scanline
— which is the corventionalpeakdetectionmethod— does
not guarantedhatthis is the illuminatedpoint correspond-
ing to the primaryre ection of thelaser The corventional
approachtherefore,is proneto generatefalserangemea-
surementén the presencef mutualre ections.

2. Relatedwork

Determiningthe shapeof speculaiobjectshaslong been
achallengingproblemin computervision. Nayaretal. [8]
proposedaniterative algorithmthatrecoversthe shapeand



re ectancepropertiesof surfacesin the presencef mutual
re ections. This algorithmis useful for the shape-from-
intensityapproacho rangeacquisition;thisapproachhow-
ever, doesnot producedenseandaccurateangemapscom-
paredto theopticaltriangulationmethods Additionally, the
proposedilgorithmwastestedonly on Lambertiarsurfaces
of simplegeometry

Clark et al. [6] developeda laserscanningsystemthat
usespolarizationanalysisto disambiguatehe true illumi-
natedpointsfrom thosecausedy mutualre ections. Their
systemwastestedon shiny aluminumobjectswith concavi-
ties,andfalseilluminatedpointsweresuccessfullydiscrim-
inated. However, the systemrequiresspecialequipment
suchaslinear polarizers,and multiple imagesneedto be
capturedat eachpositionof the laser In their experiment,
threeimageswere acquiredat threedifferentanglesof the
linearpolarizer

Trucco and Fisher[12] proposeda numberof consis-
teng testsfor acquiringreliable rangeimagesof specular
objects. Their rangesensorconsistsof two CCD cameras
observinga laserstripe from oppositesides. The consis-
teng testsare basedon the fact that the rangemeasure-
mentsobtainedfrom the two cameraswill be consistent
only if themeasurementorrespondo thetrueilluminated
point. Their methodwas testedon a polishedaluminum
block with holes.However, their methoddoesnot consider
the situationwheremorethanoneilluminatedpoint is ob-
sened. The consisteng tests,therefore,are appliedonly
to the measurementsorrespondingo a singleilluminated
pointobsenedpercamerascanline. In ourexperimentsye
have noticedthat the illuminated points causedby mutual
re ections occurvery frequentlyin the vicinity of thetrue
illuminated points, and thus they are seentogetheralong
thesamecamerascanline. Eliminatingall pointswheneer
multiple peaksare obsenedin the samecamerascanline
mayresultin too few rangemeasurements.

As animprovementover the corventionalmethodswe
have recently proposedmulti-peakrange imaging [9] — a
new rangeacquisitionconceptthatcanalsohandlesurface
specularities Falsemeasurementgeneratedy the effects
of mutualre ection areeliminatedusingvariousconstraint
testsbasedon local smoothnesgglobal coordinateconsis-
teng/ andvisibility consisteng. However, theparameterm
the constrainttestswere selectednanually and no experi-
mentaljusti cation of thoseselectionsvasprovided. Also,
a straight-forvard implementatiorof the visibility consis-
teng occasionallycausedsituationswherethe true mea-
surementgeceied high inconsisteng values. The main
contrikution of this paperis to resole theselimitations of
our previouswork.

Due to spacelimitation, we refer the readerto a good
suney paper2] for theliteratureconcerninghe 3D model
constructiorusingrangeimages.

3. 3D Modeling Process

Figure 2 shows the o wchartof the 3D reconstruction
process.First, several scansfrom differentviewpointsare
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Figure 2. Flowchart of 3D modeling process

performedso that the entire surface of the object can be
captured.For eachscan,the multi-peakrangeimaging[9]
is carriedoutto accounfor theeffectsof mutualre ections.
The local smoothnessestis theninvoked. This testitera-
tively eliminatesall pointsthataredeterminedo belocally
non-smooth.

After executingthe stepsdescribedabove for eachscan,
theregistrationof all therangedataacquiredrom different
views is carriedout rst interactively to yield an approxi-
materegistration,andthenvia a multi-view registrationstep
to ne-tune theregistration.Theisolatedregion testis then
appliedto theregistereddatafollowedby the globalconsis-
teng testwhich eliminatesthe pointsthat are determined
to be highly inconsistenbasedn two criteria— namelythe
coordinateconsisteng andthe visibility consisteng — us-
ing the information given by all the rangedatacollected
from different viewpoints. From now on, we will inter-
changeablysethe term global testsasthe isolatedregion
andthe global consisteng testtogether If any pointswere
eliminatedduring the global tests,the multi-view registra-
tion stepis carriedout againon the new datasetfollowed
by anotherapplicationof the globaltests. This iterationis
continueduntil no pointsare eliminated. Finally, the inte-
grationis performedon the resultingoutput. We usedthe
methodof CurlessandLevoy [7] for theintegration.

Here let us de ne somenotationsthat will be usedfor
the restof this paper Let denotethe 'th rangemea-
surementin a rangeimage. Whenthereis a superscript,

for example , it denoteshe 'th measuremerfrom the
rangeimageacquiredfrom the 'th viewpoint. Let
and denote respectiely, the 3D coordinatesandthe
unit surfacenormalvectorat . The 3D coordinatesand
the surfacenormalvectorareall with respecto the world
frame— the commoncoordinatesystemto which all range
imagesare registered. Let denotethe closestEu-
clideandistancebetweentwo elements and wherethe
elementsanbe 3D coordinate®r line vectors.Finally, let
denotetheanglebetween and



3.1 Local smoothnesgest

It is a legitimate assumptiorthat a rangemeasurement
lies on oneof the threetypesof surfaces:smoothsurface,
nearcreaseedgeor nearjump edge.A creasesdgeis where
surface normals suddenlychangedirections,and a jump
edgeis wherea spatialdiscontinuityoccursbetweenadja-
centrangemeasurement# commonapproactto estimate
thelocal surfacepropertyof arangemeasuremensto t a
planarpatchon the neighboringpointswherethe neighbor
ing pointstypically arethosewithin a smallwindow (e.g.,
3 3or5 5)centeredatthe pointin question.It hasbeen
shawvn in [5] thatthe planarpatchcanbereliably computed
notonly for thoseon smoothsurfacesut alsofor thosethat
arelocatednearedgedy appropriatelyselectingheighbors.
Whatwe aretrying to corvey hereis thatgivenatruerange
measurementyhetherit lies on a smoothsurfaceor near
anedge,we shouldbe ableto nd alocal planarpatchthat
reasonablyts well on the carefully selectedneighboring
points. If no suitableplanarpatchcanbefound, it is likely
thatthe measuremeris spuriousandshouldbe eliminated.
The eliminationof suchspuriousmeasurements the ob-
jectof thelocal smoothnestest.

Therearetwo constraintsin the smoothnessest. The
rst constraintrequireshateachrangemeasurement has
thenumberof valid elementsn its tting window, denoted
as , greaterthanathreshold

1)

Valid dataelementdn a tting window arethosethathave

distancego the point of interestlessthan where is

the city-block distanceto the point of interestand is the

maximumdistanceallowed betweenwo immediateneigh-
bors.We empiricallyset to befour timestherangesensor
resolution.Supposehatthereare valid elementsn a t-

tingwindow for , including itself. Let usdenotethose
elementsas , andthe centerof massof the
elementas . Then,thecovariancematrix is computed
by

The eigervector correspondingo the smallesteigervalue
of  representshe normalof the best tting planefor the
elements.Thus, this eigervectoris usedasthe estimateof
the surfacenormalat , denotedas . TheEuclidean
distancebetweeranelement andthebest tting planeis
simply the scalarprojectionof the vector onto
the planes surfacenormal . Thus,the tting errorof
theelementdo the best tting plane,denotedas , can
be computedoy

1Additionally, smoothsurfacesmay be cateyorized into 8 different
typesbasecdbn surfacecunaturesign[3].

The secondconstraintin the local smoothnesgestrequires
thatthe tting errorof thebesttting planebelessthan

(2)

All rangemeasurementthat do not satisfy either of the
two constraintareeliminated.In generalthethreshold
must be high enoughso that the best tting planecanbe
reliably computedput low enoughsothatthe pointsneara
jumpedgewill notbeeliminated,andthethreshold must
be setin sucha way that the points on creaseedgeswill
notbeeliminated.In somesensethe maintaskof thelocal
smoothnesgestis to eliminateonly the measurementhat
nolocalplanampatchis ableto t ontoits neighborsSection
4.2 discussesn moredetail how to setthe two thresholds
and

3.2 Registration

The registration processin our systemconsistsof two
stepsitheinteractie stepthatprovidesanapproximateeg-
istration and the multi-view registration step which ne-
tunesthe registration. The interactive stepallows a user
to look at a setof rangeimagesthat needto be registered
andto click onthecorrespondingointsbetweertheanchor
datasetandthe moving dataset. The approximateaegistra-
tion provided by the humaninteractionsenesastheinitial
registrationfor the multi-view registrationstepbasednthe
ICP algorithm[4]. Our multi-view registrationis similar to
the oneproposeddy Bermevin etal. [1]. Adaptingthe cor-
respondenceriteria presentedn [11], our methodselects
the correspondingpointsbetweenwo datasetsasthe clos-
estpointswith the anglebetweersurfacenormalslessthan
athreshold.Thethresholdgor selectingthe corresponding
pointsare setdynamicallyin eachiterationof the ICP us-
ing anapproachsimilarto the oneproposedy Zhang[13].
Since our correspondenceriteria also includesthe angle
betweensurfacenormals,the anglethresholdis alsocom-
puteddynamicallyusingthe sameapproachasthedistance.

Even after multi-view registration, we must anticipate
someregistrationerrors,which depend,n general,on the
accurag of the previousregistrationandthe numberof re-
maining falsemeasurementi the data. The registration
errorsplay animportantrole in the globaltestshecausehe
testsusetheinformationbetweerall rangeimagesandthat
informationis greatlyin uencedby how well therangeim-
agesareregisteredvith oneanother It shouldbementioned
thatit is nottrivial to computetheregistrationerrorfor two
reasons. First, we do not know which partsbetweenthe
datasetsare overlappingand which partsare distinctive,
and second,we do not know which measurementsorre-
spondto true surface pointsand which onesare spurious.
Neverthelessijt is commonlyacceptedn the literatureon
registrationalgorithmsthat the meandistancebetweenthe
correspondingointsor the distancethresholdfor the cor-
respondenceearchat the terminationof the ICP algorithm
beusedastheestimateof theregistrationerror. We adopted
the latter approachwherewe usethe distanceandthe an-
glethresholdsattheterminationof the ICP algorithmasthe



estimatef theregistrationerror. We will denotethe reg-
istration error of the 'th rangeimagewith respectto the
distanceas , andwith respecto theangleas

3.3 Isolated regiontest

The main purposeof the isolatedregion testis to elim-
inate all pointsthat are far separatedrom the true object
points. Thetestinvolvesconstructinga 3D volumetricgrid
thatcontaingheentiredatawith eachvoxel having abinary
valueof 1 if ary point existsinsidethe voxel, and0 other
wise. A voxel sggmentatiorbasednregiongrowing [10] is
thenperformedto clusterthe connectedroxels. In orderto
ensurehatall true measurementselongto acommoncon-
nectedvoxel region, theresolutionof the volumetricgrid is
setas

(3)

where istheapproximateegistrationerrorof 'thrange
imagethatwasjust de ned in thelastsection,and is the
maximumdistanceallowed betweentwo immediateneigh-
borsthatwasde nedin Section3.1. Theisolatedregiontest
eliminatesall measurementsxceptthe onesthatbelongto
theregionwith thelargestsize.By thelargestsize,wemean
thelargestnumberof connected/oxelsin aregion.

3.4. Global consistencytest

The global consisteng testis basedon two criteria: the
coordinateconsisteng andthe visibility consisteng. The
coordinateconsisteng stateghatthe 3D coordinatesf true
measurementare always consistentamongall registered
rangeimagesthat capturethe sameobjectsurface. On the
otherhand,the 3D coordinatesof false measurementare
likely to be inconsistentsincethe locationswhere mutual
re ections occurdependon the objectsurfacenormalrela-
tive to the directionof the light source. Assumingthatwe
haverangedatafrom  differentviewpoints,andthatthere
areatotal of measuremenis the 'thrangeimagethe
coordinateconsisteng value,denotedas , is computecby

(4)

where istheweight (i.e, con dencevalue)of ameasure-
mentandthetestfunction is givenby

Recallthat istheclosestEuclideardistancebetweertwo
elementsand istheanglebetweersurfacenormals.Also
recallthat and arethe estimatesf the registration

2Weightsarecomputedasthe dot productbetweerthe surfacenormal
andthebisectionof thecameras line-of-sightandthelight projectors line-
of-light
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Figure 3. lllustration of visibility consistenc y

error of the 'th rangeimagewith respectto the distance
andthe angle,respectiely. Noticein the testfunction
thattheregistrationerrorfor eachrangemeasuremeris in-
corporatedby usingthemasthresholds Notice alsoin Eq.
(4) that by taking the maximumvalue,we arelimiting the
coordinateconsisteng value to be contributed only once
per rangeimagein casemultiple valid pointsin the same
rangeimageexist. In otherwords, for eachmeasurement
, the maximum of measurementsan contribute

to the coordinateconsisteng valueof . Sincetheweight

is normalizedto 1 andsincethe coordinateconsisteng
includestheweightvalueof its own, the upperboundof the
coordinateconsisteng valueis . Thisallows usto obtain
a morebalancedlistribution of the coordinateconsisteng
valuesthroughouthe data,andmoreimportantly it allows
usto combinethe coordinateconsisteng andthe visibility
consisteng aswe shallexplain shortly.

The secondcriterion of the global consisteng test, we
callit visibility consisteng, is basednthefactthattheline
spacebetweerthe sensolandatrue measuremeris empty
andthattheline spacebeyondatrue measuremeris invis-
ible to the sensar Although we canapply this conceptfor
both the projectors line-of-light andthe cameras line-of-
sight, only the former is consideredn this paper;obtain-
ing the visibility consisteng for the cameras line-of-sight
is computationallymuch more expensve thanthat for the
projectorsline-of-light.

Considerthe exampledepictedn Figure3 whereanob-
jectwasscannedrom threedifferentviewpoints. The dot-
ted lines representhe projectors lines-of-light at the re-
spectve samplingpositionsduringthescan.Supposén the

rst view, amongotherdetectedmeasurementgoints
and weredetectedn thesamerigel. If  isatruemea-
suremen{we do notknow yetwhich oneis true),thespace
at shouldhave beenempty Ontheotherhand,if s
true, shouldnothave beenvisible (or illuminated)by the
projector . Thusthe measurements and areincon-
sistentwith eachotherwith respecto the projector . In
fact,the measurements the samerigel arealwaysincon-
sistentwith eachotherfor therecannot be morethanone
true measuremerih the samerigel. The visibility concept
appliesalsofor the measurementsbtainedfrom different
viewpoints. For example, acquiredfrom the rst view
and from the secondview areinconsistentvith respecto
the projector . Similarly, and areinconsistentith



respecto theprojector andalsowith respecto
In orderto testthevisibility consisteng of arangemea-

surement , we rst needto checkfor extrameasurements

in the samerigel sincethereis alwaysaninconsisteng be-
tweenmeasurements the samerigel. We then needto
checkfor measurementfom otherrangeimagesthat lie

on the line-of-light where  was sampled. Let the light

projectorthatsampled belabeledas , andthe 3D co-
ordinatesof that light projectorwith respectto the world

framebe . Thentheray equationof the line-of-light
thatsampled , denotedas , is givenby

The closestdistancebetween
ment,say , canbecomputecby

and a rangemeasure-

where isthecrossproductand  thevectormagnitude.
Obviously, few rangemeasurementwill be exactly on a
ray, thereforewe usethe registrationerrorfor determining
whethera point lies on a line-of-light. Thatis, we de ne a

rangemeasurement to lie ontheline-of-light if

Q)

Oncewe nd themeasurementhatlie ontheline-of-light

, the distancebetweeneachof thosefound measure-
mentsand (i.e., the 3D coordinatesof the light pro-
jectorthatsampled ) needsto be computed.If thatdis-
tanceis lessthan the distancebetween and ,
thereis a visibility inconsisteng. For example,in Figure
3,thepoints and areinconsistenbecause liesonthe
line-of-light of and .
On the otherhand,although and lie on eachother's
line-of-light, they areconsistenbecause

and .

Again we needto take accountfor the registrationerror
whencomparingthe distancedo the projector Therefore,
we de ne thatthereis a visibility inconsisteng between

and with respecto thelight projector if Eq. (5) satis-
es and

(6)

A straightforvard implementatiorof the visibility con-
sisteny canresultin situationswheretrue measurements
may falsely be determinedto be highly inconsistent. For
example, the point  in Figure 3 hasinconsisteng with
fourmeasurements , and fromthesecondview even
thoughall of themaretrue measurements his kind of sit-
uationmay occur betweentwo orthogonalsurfaceswhere
eachside of the surfacesis capturedby a differentrange
image.For anotherexample thepoint is inconsistentvith
threefalsemeasurements, and thathappenedo be

along the line-of-light of . Similar situationscan occur
morefrequentlyasthe noiseincreasesn the sceneandthe
objectshapebecomegnorecomplex.

In orderto considerall the discussiongbove, we com-
putethe visibility consisteng valuefor eachmeasurement
asfollows. Usingthe samenotationsasEq. (4), the visi-

bility consisteng valueof , denotedas , is de ned
as
wherethetestfunction  is givenby

and arein thesamerigel
thereis visibility inconsisteng
between and

Thereare several thingsthat needto be mentioned:First,
noticethat canonly have a zeroor a negative value
sincethe testfunction  checksonly for inconsisteng.
Secondthe absolutevalue of the dot productbetweenthe
surfacenormal vectorsis multiplied so thatary two mea-
surementavhosesurface normalsare closeto orthogonal
— suchaspoints and in Figure3 — havelittle effectto
eachother Also, only thesmallesttonsisteng value(high-
estinconsisteng) computedor eachrangeimageis added

to in orderto preventthe situationdescribecearlier
with the exampleof the points , , and in Figure
3. By addingonly the smallestconsisteng valuefor each
rangeimage,the lower boundof the visibility consisteng
valueis settobe- , whichenablego obtainamoreevenly
distributedvaluesof throughouthedata.

Thetotal global consisteng value,denotedas , is sim-
ply the sumof the coordinateconsisteng andthevisibility
consisteng:

(7)

The main reasonfor consideringthe global consisteng
value is that we discoveredin our experimentthatit is
easierto distinguishbetweenthe true and the false mea-
surementsising asopposedojust or .Weareableto
add and sincethescalesof bothvaluesarenormalized
to the numberof rangeimages.By simply adding and
without ary coefcients, we areassuminghey have equal
weights. Giventhe valuesof , theglobal consisteng test
employs a simplethresholdtechniquen orderto eliminate
the measurementwith low consisteng values. Thereare
two constraintsn theglobalconsisteng test. The rst con-
straintrequiresthatthe global consisteng value of a mea-
suremenbegreaterthanathreshold

(8)
with thethresholdsetas

(9)



Figure 4. Objects used in the experiment

where and arethemeanthestandardleviationof ;
and is apositive constant.We shall evaluatethe effect of
varying in Sectiord.3. Notethatby forcing ,weare
preservingall measurementhiatdo nothave any neighbors
from other rangeimagesas long as thereis no visibility
inconsisteng with othermeasurementsrhis propertylifts
an otherwiserestrictve requirementhat every part of the
objectsurfacemustbe sampledatleasttwice from different
viewpoints.

The secondcconstraintof the global consisteng testalso
eliminatesthe measurementwith small  values,but the
differencebetweerthe rst constraints thatit now consid-
ersonly therangemeasurements the samerigel. We de-
ne ameasuremerit arigel to haveasmall if thevalue
is smallerthanthe maximum in thatrigel minus
where is the sameconstantusedin Eq. (9). Formally,

let denotehemaximumglobalconsisteng value

amongall therangemeasurements therigel to which
belongsthenthe secondconstrainrequireshat

(10)

Note that the secondconstraintonly appliesto thosewith
morethanonemeasuremernh thesamerigel. All measure-
mentsthat do not satisfy eitherof the constraintsEgs. (8)
and(10), areeliminatedin theglobalconsisteng test.

4. Experiments

Wewill now reportexperimentatesultsonthreeobjects:
abowl, aseashelindanangel gurines, all shovnin Figure
4. All threeobjectshave surfacematerialsandshapeghat
arehighly likely to generatenutualre ections.

4.1 Data acquisition

We acquired5, 18, and 27 rangeimages,respectiely,
from differentviewpointsfor the bowl, theseashelbndthe
angel. Then,we paintedall the objectssothatthe surfaces
of theobjectsareidealfor rangesensing Rangedataof the
paintedobjectswere acquiredandregistered. Let be
the setof measurements all the registeredrangeimages
of oneof the paintedobjects,andlet  be a setof mea-
surementgrom 'th rangeimageacquiredfrom the corre-
spondingoriginal object. Note thatnoneof the elimination
testsareappliedto theserangeimagesyet. Eachmeasure-
mentin  is labeledeitherastrue or falseby thefollowing
proceduresFirst, istransformednto the coordinatesys-
tem of the referencedatawherethe transformationmatrix

is computedbeforehandy registering to . In order
to obtainanaccurateaegistration,we usedthe nal resultof

afterthe corvergenceof all the constraintestswherethe
parametersverechosermanually Once s transformed,
eachmeasuremerih  is labeledastrueif thereis a point
in that hasthe distancelessthanthe rangeresolution
andtheanglebetweersurfacenormaldessthan30degrees.
Otherwiseijt is labeledasfalse.Having all theoriginal data
labeledastrueof false,we cansimply keeprecordof which
of thetrue or falsemeasurementareeliminatedduringthe
constraintests.

4.2 Analysis of local smoothnesgest

Figure5(a)and(b) shav thehistogram®f truemeasure-
ments(blue line with  markers) and false measurements
(redline with  marlers)for all threeobjectsasfunctions
of thetwo parameterssedn thelocalsmoothnestest.Fig-
ure5(a)shavsthehistogramsasfunctionsof the numberof
valid elementsn the5 5 tting window (i.e., the parame-
ter in Eq. (1)). Noticethatthe majority of true measure-
mentshave all 25 elementswhichis the maximumnumber
for a5 5 window, andfew of themhave lessthan20 ele-
ments. On the otherhand,thereis a considerableamount
of falsemeasurementall throughoutthe rangeof  from
1 to 20. Sincewe do not wantto eliminatethe true mea-
surementsn the vicinity of jump edgesa goodchoicefor
thethreshold  would befrom 12to 20 (i.e., 50%to 80%
of maximumnumber). Figure 5(b) shawvs the histograms
of true andfalsemeasurementas functionsof the tting
error of the best tting plane(i.e., the parameter in Eq.
(2)). Most of the true measurementlave the tting error
lessthan whereaghe falsemeasurementgremore
evenly distributed. The graphsuggestghata good choice
for thethreshold wouldbefrom to (i.e.,
about50%to 100%of sensorresolutior?).

Figure 5(c) to (e) shav the resultsof the local smooth-
nesstestfor the bowl, the seashellandthe angel,respec-
tively wherethe parameterare setas and

. Approximatelythree quartersof false measure-
mentswere successfullyeliminatedwhile maintainingal-
mostall of true measurements.

4.3 Analysis of global tests

The graphsshown in Figure 6(a) to (f) shawv the num-
ber of true andfalsemeasurementsver the courseof the
globaltestswith avaryingparameter of Egs.(9) and(10).
The threegraphsfrom (a) to (¢) shawv the numberof true
measurementr eachof the three objects,andthe three
graphsfrom (d) to (f) shav the numberof falsemeasure-
ments. The odd numberedterationsrepresentheisolated
regiontestandthe evennumberedterationsthe globalcon-
sisteny test. Theinitial datawas the result of the local

3By resolution,we simply meanthe distancebetweentwo adjacent
samplingpositionsin the scan. For all the rangedatapresentedn this
paperhastheresolutionof
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Figure 5. Analysis of local smoothness test

(a): Histograms of true measurements (blue line with  markers) and false measurements (red line with  markers) as functions of  (the
number of valid elements in the tting window). (b): Histograms as functions of (the tting error of the best tting plane). (c): Number of true
and false measurements for the bowl during the local smoothness test. (d): Number of true and false measurements for the seashell during
the local smoothness test. (e): Number of true and false measurements for the angel during the local smoothness test.
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Figure 6.

(a),(b),(c): Number of true measurements for each of the three objects during the course of the global tests with varying parameter of Egs.
(9) and (10). (d),(e),(f): Number of false measurements during the course of the global tests. (g): The original data for the bowl where the
true measurements are displayed with light blue color and the false measurements with dark red color. (h): The bowl after the convergence
of the local smoothness test. (i): The bowl after the convergence of the global tests. (j): Final 3D model for the bowl. (k),(I),(m),(n): The same
visualization for the seashell. (0),(p),(q),(r): The same visualization for the angel.



