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Abstract

We presenta novel range sensingmethodthat is capa-
bleof constructingaccurate3D modelsof specularobjects.
Our methodutilizes a new range imaging conceptcalled
multi-peakrange imaging, which accountsfor theeffectsof
mutualre�ections. Falsemeasurementsgeneratedby mu-
tual re�ectionsare theneliminatedby applyinga seriesof
constraint testsbasedon local smoothness,global coordi-
nate consistencyand visibility consistency. We showthe
usefulnessof our methodby applyingthe methodto three
real objectswith specularsurfaces.Thegroundtruth data
for thosethreeobjectswerealsoacquiredin order to evalu-
atetheeliminationof falsemeasurementsandto justify the
selectionof the parameters in the constraint tests. Exper-
imental resultsindicate that our methodsigni�cantly im-
provesuponthe traditional methodsfor constructingreli-
able 3D modelsof specularobjectswith complex shapes.

1. Intr oduction

In recent years, there has been considerableinterest
in constructingaccuratethree-dimensionalmodelsof real-
world objectsfor applicationswherethe focusis primarily
on visualizationof theobjectsby humans.This interestis
fueledby the recenttechnologicaladvancesin rangesen-
sors,andthe rapid increaseof computingpower that now
enablesa computerto representan objectsurfaceby mil-
lions of polygonsand that allows suchrepresentationsto
be visualizedinteractively in real-time. Researchershave
shownthatthestate-of-the-arttechniquescannow construct
detailed3D modelsof objectsrangingfrom small �gurines
to large statues. Although they have establishedthe fea-
sibility of constructingaccurate3D models,therestill re-
main several challengingissues.Oneof thesechallenging
issuesarisesfrom the fact that many objectshave surface
materialsthatarenot ideal for rangesensors.Varioussur-
facepropertiesthat causedif�culties in rangeimagingin-
cludespecularsurfaces,highly absorptivesurfaces,translu-
centsurfaces,and transparentsurfaces. Someresearchers
havetriedtosimplydoawaywith suchsurface-relatedprob-
lemsby paintingthe objector coatingthe objectswith re-
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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 ensurethatthesurfacesre�ect thelight
sourcediffusely. Obviously, this approachis not desirable
andmaynotevenbefeasiblefor real-world objectsoutside
thelaboratory.

Of the varioussurface-relatedpropertieswe mentioned
above, surfacespecularityis oneof the moreproblematic
materialproperties. Specularitycausesmutual re�ections
thatgiveriseto ghostsin themeasuredstructured-lightdata.
Dependingon the extent of specularity, the presenceof
theseghostscan make it dif�cult to localize a datapoint
that correspondsto the objectpoint that wasactually illu-
minated.Figure1 shows cameraimagesof threedifferent
objectswhena laserstripeis projectedontotheobjectsur-
faces.The�rst imageshows the idealcasewherethe laser
re�ection on the surfacecan be clearly detectedfor each
camerascanline. Thesecondandthethird imagesshow the
laserre�ections on specularsurfaces.Notice in thesetwo
imagesmultiple peaks(i.e., laserre�ections) in the same
camerascanlines exist dueto mutual re�ections. Choos-
ing thepeakwith thehighestintensityvaluein a scanline
– which is the conventionalpeakdetectionmethod– does
not guaranteethat this is the illuminatedpoint correspond-
ing to theprimaryre�ection of the laser. Theconventional
approach,therefore,is proneto generatefalserangemea-
surementsin thepresenceof mutualre�ections.

2. Relatedwork

Determiningtheshapeof specularobjectshaslongbeen
a challengingproblemin computervision. Nayaret al. [8]
proposedaniterative algorithmthatrecoverstheshapeand
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re�ectancepropertiesof surfacesin thepresenceof mutual
re�ections. This algorithm is useful for the shape-from-
intensityapproachto rangeacquisition;thisapproach,how-
ever, doesnotproducedenseandaccuraterangemapscom-
paredto theopticaltriangulationmethods.Additionally, the
proposedalgorithmwastestedonly onLambertiansurfaces
of simplegeometry.

Clark et al. [6] developeda laserscanningsystemthat
usespolarizationanalysisto disambiguatethe true illumi-
natedpointsfrom thosecausedby mutualre�ections.Their
systemwastestedonshiny aluminumobjectswith concavi-
ties,andfalseilluminatedpointsweresuccessfullydiscrim-
inated. However, the systemrequiresspecialequipment
suchas linear polarizers,and multiple imagesneedto be
capturedat eachpositionof the laser. In their experiment,
threeimageswereacquiredat threedifferentanglesof the
linearpolarizer.

Trucco and Fisher [12] proposeda numberof consis-
tency testsfor acquiringreliablerangeimagesof specular
objects. Their rangesensorconsistsof two CCD cameras
observinga laserstripe from oppositesides. The consis-
tency testsare basedon the fact that the rangemeasure-
mentsobtainedfrom the two cameraswill be consistent
only if themeasurementscorrespondto thetrueilluminated
point. Their methodwas testedon a polishedaluminum
block with holes.However, their methoddoesnot consider
thesituationwheremorethanoneilluminatedpoint is ob-
served. The consistency tests,therefore,areappliedonly
to themeasurementscorrespondingto a singleilluminated
pointobservedpercamerascanline. In ourexperiments,we
have noticedthat the illuminatedpointscausedby mutual
re�ections occurvery frequentlyin thevicinity of the true
illuminated points, and thus they are seentogetheralong
thesamecamerascanline. Eliminatingall pointswhenever
multiple peaksareobserved in the samecamerascanline
mayresultin too few rangemeasurements.

As an improvementover the conventionalmethods,we
have recentlyproposedmulti-peakrange imaging [9] – a
new rangeacquisitionconceptthatcanalsohandlesurface
specularities.Falsemeasurementsgeneratedby theeffects
of mutualre�ection areeliminatedusingvariousconstraint
testsbasedon local smoothness,global coordinateconsis-
tency andvisibility consistency. However, theparametersin
theconstrainttestswereselectedmanually, andno experi-
mentaljusti�cation of thoseselectionswasprovided.Also,
a straight-forward implementationof the visibility consis-
tency occasionallycausedsituationswherethe true mea-
surementsreceived high inconsistency values. The main
contribution of this paperis to resolve theselimitations of
ourpreviouswork.

Due to spacelimitation, we refer the readerto a good
survey paper[2] for theliteratureconcerningthe3D model
constructionusingrangeimages.

3. 3D Modeling Process

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

performedso that the entire surfaceof the object can be
captured.For eachscan,themulti-peakrangeimaging[9]
is carriedoutto accountfor theeffectsof mutualre�ections.
The local smoothnesstest is theninvoked. This test itera-
tively eliminatesall pointsthataredeterminedto belocally
non-smooth.

After executingthestepsdescribedabove for eachscan,
theregistrationof all therangedataacquiredfrom different
views is carriedout �rst interactively to yield an approxi-
materegistration,andthenvia amulti-view registrationstep
to �ne-tune theregistration.Theisolatedregion testis then
appliedto theregistereddatafollowedby theglobalconsis-
tency testwhich eliminatesthe points that aredetermined
to behighly inconsistentbasedon two criteria– namelythe
coordinateconsistency andthe visibility consistency – us-
ing the information given by all the rangedatacollected
from different viewpoints. From now on, we will inter-
changeablyusethe termglobal testsasthe isolatedregion
andtheglobalconsistency testtogether. If any pointswere
eliminatedduring theglobal tests,the multi-view registra-
tion stepis carriedout againon the new datasetfollowed
by anotherapplicationof theglobal tests.This iterationis
continueduntil no pointsareeliminated.Finally, the inte-
grationis performedon the resultingoutput. We usedthe
methodof CurlessandLevoy [7] for theintegration.

Here let us de�ne somenotationsthat will be usedfor
the rest of this paper. Let ��� denotethe � ' th rangemea-
surementin a rangeimage. When thereis a superscript,
for example ���

� , it denotesthe � ' th measurementfrom the
rangeimageacquiredfrom the � ' th viewpoint. Let �	�

�
���

and 
��

����� denote,respectively, the3D coordinatesandthe
unit surfacenormalvectorat �

� . The 3D coordinatesand
thesurfacenormalvectorareall with respectto the world
frame— thecommoncoordinatesystemto whichall range
imagesare registered. Let ���������

� denotethe closestEu-
clideandistancebetweentwo elements� and � wherethe
elementscanbe3D coordinatesor line vectors.Finally, let

�

��
��

�����

��
��

�

�

��� denotetheanglebetween
��

�
��� and 
��

�

�

� .



3.1. Local smoothnesstest

It is a legitimateassumptionthat a rangemeasurement
lies on oneof thethreetypesof surfaces:smoothsurface1,
nearcreaseedgeor nearjumpedge.A creaseedgeis where
surfacenormalssuddenlychangedirections,and a jump
edgeis wherea spatialdiscontinuityoccursbetweenadja-
centrangemeasurements.A commonapproachto estimate
thelocal surfacepropertyof a rangemeasurementis to �t a
planarpatchon theneighboringpointswheretheneighbor-
ing pointstypically arethosewithin a smallwindow (e.g.,
3 � 3 or 5 � 5) centeredat thepoint in question.It hasbeen
shown in [5] thattheplanarpatchcanbereliablycomputed
notonly for thoseonsmoothsurfacesbut alsofor thosethat
arelocatednearedgesby appropriatelyselectingneighbors.
Whatwearetrying to convey hereis thatgivena truerange
measurement,whetherit lies on a smoothsurfaceor near
anedge,we shouldbeableto �nd a local planarpatchthat
reasonably�ts well on the carefully selectedneighboring
points. If no suitableplanarpatchcanbefound,it is likely
thatthemeasurementis spuriousandshouldbeeliminated.
The eliminationof suchspuriousmeasurementsis the ob-
jectof thelocal smoothnesstest.

Thereare two constraintsin the smoothnesstest. The
�rst constraintrequiresthateachrangemeasurement�

� has
thenumberof valid elementsin its �tting window, denoted
as ���

����� , greaterthana threshold "! :

�#�

������$

 %! (1)

Valid dataelementsin a �tting window arethosethathave
distancesto the point of interestlessthan �'&)( where � is
thecity-block distanceto the point of interestand ( is the
maximumdistanceallowedbetweentwo immediateneigh-
bors.Weempiricallyset ( to befour timestherangesensor
resolution.Supposethatthereare * valid elementsin a �t-
ting window for ��� , including ��� itself. Let usdenotethose
elementsas �
+

�-,/.10)�%232%24��* , andthecenterof massof the
elementsas �65 . Then,thecovariancematrix 7 is computed
by
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The eigenvectorcorrespondingto the smallesteigenvalue
of 7 representsthenormalof thebest�tting planefor the
elements.Thus,this eigenvectoris usedastheestimateof
thesurfacenormalat �

� , denotedas 
��

�
�

� . TheEuclidean
distancebetweenanelement�

+ andthebest�tting planeis
simply thescalarprojectionof thevector �	�

�E+4��@

�65 onto
theplane's surfacenormal 
��

�
��� . Thus,the �tting errorof
theelementsto thebest�tting plane,denotedas FG�

�
��� , can
becomputedby

F��

�����

.

0

*
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1Additionally, smoothsurfacesmay be categorized into 8 different
typesbasedonsurfacecurvaturesign[3].

Thesecondconstraintin thelocal smoothnesstestrequires
thatthe�tting errorof thebest�tting planebelessthan  "J :

F��

������K

 4J (2)

All rangemeasurementsthat do not satisfy either of the
two constraintsareeliminated.In general,thethreshold !

mustbe high enoughso that the best�tting planecanbe
reliably computed,but low enoughsothatthepointsneara
jumpedgewill notbeeliminated,andthethreshold 3J must
be set in sucha way that the points on creaseedgeswill
notbeeliminated.In somesense,themaintaskof thelocal
smoothnesstestis to eliminateonly themeasurementsthat
nolocalplanarpatchis ableto �t ontoits neighbors.Section
4.2 discussesin moredetail how to set the two thresholds

 %! and  4J .

3.2. Registration

The registrationprocessin our systemconsistsof two
steps:theinteractivestepthatprovidesanapproximatereg-
istration and the multi-view registrationstep which �ne-
tunesthe registration. The interactive stepallows a user
to look at a setof rangeimagesthat needto be registered
andto click onthecorrespondingpointsbetweentheanchor
datasetandthemoving dataset.Theapproximateregistra-
tion providedby thehumaninteractionservesasthe initial
registrationfor themulti-view registrationstepbasedonthe
ICP algorithm[4]. Our multi-view registrationis similar to
theoneproposedby Bergevin et al. [1]. Adaptingthecor-
respondencecriteria presentedin [11], our methodselects
thecorrespondingpointsbetweentwo datasetsastheclos-
estpointswith theanglebetweensurfacenormalslessthan
a threshold.Thethresholdsfor selectingthecorresponding
pointsaresetdynamicallyin eachiterationof the ICP us-
ing anapproachsimilar to theoneproposedby Zhang[13].
Sinceour correspondencecriteria also includesthe angle
betweensurfacenormals,the anglethresholdis alsocom-
puteddynamicallyusingthesameapproachasthedistance.

Even after multi-view registration,we must anticipate
someregistrationerrors,which depend,in general,on the
accuracy of thepreviousregistrationandthenumberof re-
maining falsemeasurementsin the data. The registration
errorsplay animportantrole in theglobaltestsbecausethe
testsusetheinformationbetweenall rangeimages,andthat
informationis greatlyin�uencedby how well therangeim-
agesareregisteredwith oneanother. It shouldbementioned
thatit is not trivial to computetheregistrationerrorfor two
reasons.First, we do not know which partsbetweenthe
datasetsare overlappingand which partsare distinctive,
and second,we do not know which measurementscorre-
spondto true surfacepointsandwhich onesarespurious.
Nevertheless,it is commonlyacceptedin the literatureon
registrationalgorithmsthat themeandistancebetweenthe
correspondingpointsor the distancethresholdfor the cor-
respondencesearchat theterminationof theICP algorithm
beusedastheestimateof theregistrationerror. Weadopted
the latter approachwherewe usethe distanceandthe an-
glethresholdsat theterminationof theICPalgorithmasthe



estimatesof the registrationerror. We will denotethe reg-
istration error of the � ' th rangeimagewith respectto the
distanceas L

�M

, andwith respectto theangleas L

� N

.

3.3. Isolated regiontest

The main purposeof the isolatedregion testis to elim-
inateall points that are far separatedfrom the true object
points.Thetestinvolvesconstructinga 3D volumetricgrid
thatcontainstheentiredatawith eachvoxel having abinary
valueof 1 if any point exists insidethevoxel, and0 other-
wise.A voxel segmentationbasedonregiongrowing [10] is
thenperformedto clustertheconnectedvoxels. In orderto
ensurethatall truemeasurementsbelongto acommoncon-
nectedvoxel region,theresolutionof thevolumetricgrid is
setas OQPSRUT4OQPVR

�

��L

�

M

�

�W(IX (3)

whereL

�M

is theapproximateregistrationerrorof � ' th range
imagethatwasjust de�ned in the lastsection,and ( is the
maximumdistanceallowedbetweentwo immediateneigh-
borsthatwasde�nedin Section3.1.Theisolatedregiontest
eliminatesall measurementsexcepttheonesthatbelongto
theregionwith thelargestsize.By thelargestsize,wemean
thelargestnumberof connectedvoxelsin a region.

3.4. Global consistencytest

Theglobalconsistency testis basedon two criteria: the
coordinateconsistency andthe visibility consistency. The
coordinateconsistency statesthatthe3D coordinatesof true
measurementsare always consistentamongall registered
rangeimagesthat capturethesameobjectsurface. On the
otherhand,the 3D coordinatesof falsemeasurementsare
likely to be inconsistentsincethe locationswheremutual
re�ectionsoccurdependon theobjectsurfacenormalrela-
tive to thedirectionof the light source.Assumingthatwe
haverangedatafrom Y differentviewpoints,andthatthere
areatotalof Z\[ measurementsin the ] ' th rangeimage,the
coordinateconsistency value,denotedas ^ , is computedby
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where‚ is theweight2 (i.e,con�dencevalue)of ameasure-
mentandthetestfunction ƒ3„ is givenby
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Recallthat � is theclosestEuclideandistancebetweentwo
elementsand

�

is theanglebetweensurfacenormals.Also
recall that L

�M

and L

� N

are the estimatesof the registration

2Weightsarecomputedasthedot productbetweenthesurfacenormal
andthebisectionof thecamera's line-of-sightandthelight projector's line-
of-light
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Figure 3. Illustration of visibility consistenc y

error of the � ' th rangeimagewith respectto the distance
andthe angle,respectively. Notice in the test function ƒ"„

thattheregistrationerrorfor eachrangemeasurementis in-
corporatedby usingthemasthresholds.Noticealsoin Eq.
(4) thatby taking themaximumvalue,we arelimiting the
coordinateconsistency value to be contributed only once
per rangeimagein casemultiple valid points in the same
rangeimageexist. In otherwords, for eachmeasurement

�
�

� , the maximumof Y

@

0 measurementscancontribute
to thecoordinateconsistency valueof �-�

� . Sincetheweight
‚ is normalizedto 1 andsincethe coordinateconsistency
includestheweightvalueof its own, theupperboundof the
coordinateconsistency valueis Y . This allowsusto obtain
a morebalanceddistribution of thecoordinateconsistency
valuesthroughoutthedata,andmoreimportantly, it allows
usto combinethecoordinateconsistency andthevisibility
consistency asweshallexplainshortly.

The secondcriterion of the global consistency test,we
call it visibility consistency, is basedonthefactthattheline
spacebetweenthesensoranda truemeasurementis empty,
andthattheline spacebeyonda truemeasurementis invis-
ible to thesensor. Althoughwe canapply this conceptfor
both the projector's line-of-light and the camera's line-of-
sight, only the former is consideredin this paper;obtain-
ing thevisibility consistency for thecamera's line-of-sight
is computationallymuchmoreexpensive thanthat for the
projector's line-of-light.

Considertheexampledepictedin Figure3 whereanob-
ject wasscannedfrom threedifferentviewpoints.Thedot-
ted lines representthe projector's lines-of-light at the re-
spectivesamplingpositionsduringthescan.Supposein the
�rst view, amongotherdetectedmeasurements,points �

=

and �I© weredetectedin thesamerigel. If �

= is a truemea-
surement(wedonot know yetwhichoneis true),thespace
at �

© shouldhave beenempty. On the otherhand,if �
© is

true, �

= shouldnothavebeenvisible(or illuminated)by the
projector ª�« . Thusthemeasurements� = and �

© areincon-
sistentwith eachotherwith respectto the projector ª�« . In
fact, themeasurementsin thesamerigel arealwaysincon-
sistentwith eachotherfor therecannot be morethanone
truemeasurementin thesamerigel. Thevisibility concept
appliesalsofor the measurementsobtainedfrom different
viewpoints. For example, �

= acquiredfrom the �rst view
and , from thesecondview areinconsistentwith respectto
the projector ª

+ . Similarly, �

= and ¬ areinconsistentwith



respectto theprojectorª�« andalsowith respectto ªD­ .
In orderto testthevisibility consistency of a rangemea-

surement��� � , we �rst needto checkfor extrameasurements
in thesamerigel sincethereis alwaysaninconsistency be-
tweenmeasurementsin the samerigel. We then needto
checkfor measurementsfrom other rangeimagesthat lie
on the line-of-light where �-�

� was sampled. Let the light
projectorthat sampled���

� be labeledas ª

�

� , andthe 3D co-
ordinatesof that light projectorwith respectto the world
framebe �	��ª

�

�

� . Thenthe ray equationof the line-of-light
thatsampled���

� , denotedas ® ¯��

���

�

� , is givenby
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whereÈ is thecrossproductand ÉS&DÉ thevectormagnitude.
Obviously, few rangemeasurementswill be exactly on a
ray, thereforewe usethe registrationerror for determining
whethera point lies on a line-of-light. That is, we de�ne a
rangemeasurement�

[
¸ to lie on theline-of-light ®¯W�
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Oncewe �nd themeasurementsthat lie on theline-of-light
®

¯š�

���

�

� , the distancebetweeneachof thosefound measure-
mentsand �	��ª

�

�

� (i.e., the 3D coordinatesof the light pro-
jector that sampled���

� ) needsto be computed.If that dis-
tanceis less than the distancebetween�	�

�-�

�

� and �	��ª

�

�

� ,
thereis a visibility inconsistency. For example,in Figure
3, thepoints �

= and , areinconsistentbecause�

= liesonthe
line-of-light of , and �Ë�™�	��,

�
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On the other hand,although �G© and ¬ lie on eachother's
line-of-light, they areconsistentbecause���™�	�™¬

�

�W�	��ª™­

���ÌK

���™�	���
©

�

���	��ª~­

�W� and �����	���
©

�

�W�	��ª™«

�W�³K

�����	�D¬

�

���	��ª™«

��� .
Again we needto take accountfor the registrationerror
whencomparingthedistancesto the projector. Therefore,
wede�ne thatthereis a visibility inconsistency between���

�

and�

[
¸ with respectto thelight projector ª

�

� if Eq. (5) satis-
�es and
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A straightforward implementationof the visibility con-
sistency can result in situationswheretrue measurements
may falsely be determinedto be highly inconsistent.For
example, the point Î in Figure 3 has inconsistency with
four measurementsÏ , Ð , , and Ñ from thesecondview even
thoughall of themaretruemeasurements.This kind of sit-
uationmay occurbetweentwo orthogonalsurfaceswhere
eachside of the surfacesis capturedby a different range
image.For anotherexample,thepoint � is inconsistentwith
threefalsemeasurements�

= , �
© and �<Ò thathappenedto be

along the line-of-light of � . Similar situationscan occur
morefrequentlyasthenoiseincreasesin thesceneandthe
objectshapebecomesmorecomplex.

In orderto considerall thediscussionsabove, we com-
putethevisibility consistency valuefor eachmeasurement
asfollows. Using the samenotationsasEq. (4), the visi-
bility consistency valueof �-�

� , denotedas Ó'�
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� , is de�ned
as
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Thereareseveral thingsthat needto be mentioned:First,
noticethat Ó˜�

���

�

� canonly have a zeroor a negative value
since the test function ƒ

Û checksonly for inconsistency.
Second,the absolutevalueof the dot productbetweenthe
surfacenormalvectorsis multiplied so that any two mea-
surementswhosesurfacenormalsare closeto orthogonal
— suchaspoints Ï and Î in Figure3 — have little effect to
eachother. Also, only thesmallestconsistency value(high-
estinconsistency) computedfor eachrangeimageis added
to Ó˜�

�G�

�

� in orderto prevent the situationdescribedearlier
with the exampleof the points � , �

= , �<© and �
Ò in Figure

3. By addingonly the smallestconsistency valuefor each
rangeimage,the lower boundof the visibility consistency
valueis setto be- Y , whichenablesto obtainamoreevenly
distributedvaluesof Ó throughoutthedata.

Thetotalglobalconsistency value,denotedas Þ , is sim-
ply thesumof thecoordinateconsistency andthevisibility
consistency:

Þ��

���

�

�

.ß^	�

���

�

�6±

Ó'�

�G�

�

� (7)

The main reasonfor consideringthe global consistency
value Þ is that we discoveredin our experimentthat it is
easierto distinguishbetweenthe true and the falsemea-
surementsusing Þ asopposedto just ^ or Ó . Weareableto
add ^ and Ó sincethescalesof bothvaluesarenormalized
to thenumberof rangeimages.By simply adding ^ and Ó

without any coef�cients, we areassumingthey have equal
weights.Giventhevaluesof Þ , theglobalconsistency test
employs a simplethresholdtechniquein orderto eliminate
the measurementswith low consistency values. Thereare
two constraintsin theglobalconsistency test.The�rst con-
straintrequiresthat theglobalconsistency valueof a mea-
surementbegreaterthana threshold qà :

Þ��

�G�

�

��$

 3à (8)

with thethresholdsetas

 3àU.

O´áŽâ

��ã6à

@åä

&%æ�àE��¶

� (9)



Figure 4. Objects used in the experiment

whereã6à and æ�à arethemeanthestandarddeviationof Þ ;
and ä is a positive constant.We shallevaluatetheeffect of
varying ä in Section4.3.Notethatby forcing  àèç ¶ , weare
preservingall measurementsthatdonothaveany neighbors
from other rangeimagesas long as there is no visibility
inconsistency with othermeasurements.This propertylifts
an otherwiserestrictive requirementthat every part of the
objectsurfacemustbesampledat leasttwice from different
viewpoints.

Thesecondconstraintof theglobalconsistency testalso
eliminatesthe measurementswith small Þ values,but the
differencebetweenthe�rst constraintis thatit now consid-
ersonly therangemeasurementsin thesamerigel. We de-
�ne a measurementin a rigel to have a small Þ if thevalue
is smallerthan the maximum Þ in that rigel minus ä

&)æ€à

where ä is the sameconstantusedin Eq. (9). Formally,
let Þ�!é«4ê-�

���

�

� denotethemaximumglobalconsistency value
amongall therangemeasurementsin therigel to which ���

�

belongs,thenthesecondconstraintrequiresthat

Þ��
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�

�é$

Þ
!ë«¢ê

�

���

�

�›@åä

&%æ
à (10)

Note that the secondconstraintonly appliesto thosewith
morethanonemeasurementin thesamerigel. All measure-
mentsthatdo not satisfyeitherof theconstraints,Eqs. (8)
and(10),areeliminatedin theglobalconsistency test.

4. Experiments

Wewill now reportexperimentalresultsonthreeobjects:
abowl, aseashellandanangel�gurines,all shown in Figure
4. All threeobjectshave surfacematerialsandshapesthat
arehighly likely to generatemutualre�ections.

4.1. Data acquisition

We acquired5, 18, and 27 rangeimages,respectively,
from differentviewpointsfor thebowl, theseashellandthe
angel.Then,we paintedall theobjectssothat thesurfaces
of theobjectsareidealfor rangesensing.Rangedataof the
paintedobjectswereacquiredandregistered.Let �€ì�+Wí be
thesetof measurementsin all the registeredrangeimages
of oneof the paintedobjects,and let �

� be a setof mea-
surementsfrom � ' th rangeimageacquiredfrom the corre-
spondingoriginal object.Notethatnoneof theelimination
testsareappliedto theserangeimagesyet. Eachmeasure-
mentin ��� is labeledeitherastrueor falseby thefollowing
procedures:First, ��� is transformedinto thecoordinatesys-
tem of the referencedatawherethe transformationmatrix

is computedbeforehandby registering�€� to ��ì�+ší . In order
to obtainanaccurateregistration,weusedthe�nal resultof

��� aftertheconvergenceof all theconstrainttestswherethe
parameterswerechosenmanually. Once�€� is transformed,
eachmeasurementin � � is labeledastrueif thereis a point
in � ì�+ší thathasthe distancelessthanthe rangeresolution
andtheanglebetweensurfacenormalslessthan30degrees.
Otherwise,it is labeledasfalse.Having all theoriginaldata
labeledastrueof false,wecansimplykeeprecordof which
of thetrueor falsemeasurementsareeliminatedduringthe
constrainttests.

4.2. Analysisof local smoothnesstest

Figure5(a)and(b) show thehistogramsof truemeasure-
ments(blue line with î markers)and falsemeasurements
(red line with � markers)for all threeobjectsasfunctions
of thetwoparametersusedin thelocalsmoothnesstest.Fig-
ure5(a)showsthehistogramsasfunctionsof thenumberof
valid elementsin the5 � 5 �tting window (i.e., theparame-
ter � in Eq. (1)). Noticethatthemajority of truemeasure-
mentshaveall 25elements,which is themaximumnumber
for a 5 � 5 window, andfew of themhave lessthan20 ele-
ments. On the otherhand,thereis a considerableamount
of falsemeasurementsall throughoutthe rangeof � from
1 to 20. Sincewe do not want to eliminatethe true mea-
surementsin thevicinity of jump edges,a goodchoicefor
thethreshold 

! would befrom 12 to 20 (i.e.,50%to 80%
of maximumnumber). Figure5(b) shows the histograms
of true and falsemeasurementsas functionsof the �tting
error of the best�tting plane(i.e., the parameterF in Eq.
(2)). Most of the true measurementshave the �tting error
lessthan ¶�2Ž0%�Ã� whereasthefalsemeasurementsaremore
evenly distributed. The graphsuggeststhat a goodchoice
for thethreshold 

J wouldbefrom ¶�2Ž0"ïV�Ç� to ¶�2 ðV�Ã� (i.e.,
about50%to 100%of sensorresolution3).

Figure5(c) to (e) show the resultsof the local smooth-
nesstest for the bowl, the seashelland the angel,respec-
tively wherethe parametersaresetas  

!
.ñ03ð and  

J
.

¶�2bòS�Ã� . Approximately threequartersof falsemeasure-
mentswere successfullyeliminatedwhile maintainingal-
mostall of truemeasurements.

4.3. Analysisof global tests

The graphsshown in Figure6(a) to (f) show the num-
ber of true andfalsemeasurementsover the courseof the
globaltestswith avaryingparameterä of Eqs.(9) and(10).
The threegraphsfrom (a) to (c) show the numberof true
measurementsfor eachof the threeobjects,and the three
graphsfrom (d) to (f) show the numberof falsemeasure-
ments.The oddnumberediterationsrepresentthe isolated
regiontestandtheevennumberediterationstheglobalcon-
sistency test. The initial datawas the result of the local

3By resolution,we simply meanthe distancebetweentwo adjacent
samplingpositionsin the scan. For all the rangedatapresentedin this
paperhastheresolutionof ó"ô õ�öhö .
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Figure 5. Anal ysis of local smoothness test
(a): Histograms of true measurements (blue line with î markers) and false measurements (red line with ÷ markers) as functions of ö (the
number of valid elements in the �tting window). (b): Histograms as functions of ø (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.

smoothnesstest. Note that the vertical axis limit for each
graphis independent,but the lower boundsfor the graphs
showing thenumberof falsemeasurementsareall zeros.In
summary, the graphssuggestthat the global testsperform
well in the rangeof ä

.Ÿ0¥2 ¶úùûòG2 ¶ . A smaller ä value
startsto eliminatetoo many of true measurements,anda
valuegreaterthan2.0mayfail to eliminatea largenumber
of falsemeasurements.

Figure 6(g) visualizesthe original data for the bowl
wherethe truemeasurementsaredisplayedwith light blue
color andthefalsemeasurementswith darkredcolor; Fig-
ure 6(h) shows the data after convergenceof the local
smoothnesstest; Figure6(i) the dataafter convergenceof
theglobaltests;and�nally Figure6(j) thereconstructed3D
model.Theimagesin thenext row visualizefor theseashell
andthe last row for the angel. For all data,the thresholds
weresetas  3!ú.µ03ð ,  %JÌ.ü¶�2bòS�Ã� and ä

.úòG2 ¶ .

5. Conclusionand futur e work

In this paper, we have presenteda 3D reconstruction
methodthat is capableof modelingspecularobjects. The
multi-peakrangeimagingis usedto accountfor theeffects
of mutual re�ections. A seriesof constrainttestsis ap-
plied iteratively to eliminatefalsemeasurementsgenerated
by mutualre�ections. By obtainingthe groundtruth data,
we were able to justify the selectionof thresholdsin the
constrainttests. We showed throughour experimentsthat
our approachcangenerateaccurate3D modelsof specular
objectswith complex shapes.

Oneof the possiblefuture works would be to improve
the thresholdselectionsin the constrainttestsso that the
eliminationof falsemeasurementsis maximizedwhile pre-
servingall truemeasurements.For example,theconstantä

of Eqs.(9) and(10)canbesetdynamicallyin eachiteration
dependingon the currentstatusof thedata. Or, insteadof
usinga single ä valuefor theentiredata,onecandivide the
datausingregular3D blockseachof whichhaving different
valuesof ä accordingto thecontentsof thedatawithin the
block.

Another important future work is to extend our meth-
odsto othertypesof optically challengingsurfacessuchas
translucentor highly absorptivesurfaces.
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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 ý of Eqs.
(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),(l),(m),(n): The same
visualization for the seashell. (o),(p),(q),(r): The same visualization for the angel.


