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Abstract

Themodelingof real sceness a complex and challengingtaskfor which the useof laserrange nders is one of
the mostpromisingapproadies.Unfortunately in manysituations,it is not possibleor practical to guarantee
appropriate samplingof all surfacesn the sceneFor example occlusionsand accessibilitylimitationsto certain
regions of the scenemay causesomeareasnot to be visible by the scannerresultingin incompleteor incor-

rectly reconstructednodels.This paperdescribesa pipelineand a systenimplementatiorfor improving model
reconstructiorfromincompleta@nformationavailablefromrange images.

Catagories and SubjectDescriptors(accordingto ACM CCS) 1.3.7 [Computer Graphics]: Three-Dimensional

GraphicsandRealism,Virtual Reality

| 1N LW
wn!r

Figure1: View oftheUNC ReadingRoonmrendeedfromten
864x240range images.Notethe holes.

1. Intr oduction

The availability of detailedgeometricmodelsis a critical
factorfor achieving realismin mostcomputergraphicsap-
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Figure 2: iew of the ReadingRoomreconstructedy our
systenfromthedatausedto renderFigure 1.

plications.Despitethe greatprogresobseredin rendering
techniqueduring last two decadesthe processof model-
ing 3D objectsandsceneiasexperiencedsigni cant fewer
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adwancesin the sameperiod. In the pastfew years,we
have obsenedanincreasingdemandor faithful representa-
tions of real scenesprimarily driven by applicationsvhose
goal is to createextremely realistic experiencesby build-
ing virtual replicasof real ervironments.Potentialusesof
thistechnologyincludetelepresencentertainmentraining
and simulation,analysisof forensicrecords,remotewalk-
throughsand3D TV, andhave attractedheattentionof sev-
eralresearchef§ 34301,

Creatingmodelsof real sceness, however, a comple
task for which the use of traditional modelingtechniques
is inappropriate Aiming to simplify the modelingandren-
deringtasks severalimage-basetechniqueshave beenpro-
posedin recentyear$ 273526, Among these the combined
useof laserrange nders® andcolor imagesappearsasone
of the most promisingapproachesiueto its relative inde-
pendenceof the sampledgeometryand short acquisition
time26:30, Renderingf scenesnodeledwith sucha tech-
nigue can potentially exhibit an unprecedentediegree of
photorealism.Unfortunately in mary situations,it is not
possibleor practicalto guaranteeappropriatesampling of
all surfacesin the scene For example,occlusionsand ac-
cessibility limitations to certainregions of the scenemay
causesomeareasnot to be sampled,resultingin incom-
pleteor incorrectlyreconstructethodels.The occurrencef
suchareasis a major sourceof artifacts,usually appearing
as"holes" in the renderedmages.Figure 1 illustratesthis
situationfor a partialmodelof the UNC ReadingRoomac-
quiredfrom a singlelaserscan.Creatinghigh-qualitymesh
representationfor eachobjectin thescendrom incomplete
dataremainsa challengingtask.

This paperdescribesa pipelinefor improving the recon-
structionof scenegepresenteassetsof rangeimagesand
introducesew algorithmsfor exploiting the useof symme-
try for reconstructionThe pipelineconsistsof a sggmenta-
tion stepfollowed by the reconstructiorof missinggeomet-
ric and textural information for individual objects(Figure
3). To achieve our goal,we take advantageof two simplebut
powerful obsenations:(1) realindoorscenesisuallycontain
a numberof large planarsurfaces;(2) symmetrypenades
both human-createdndnaturalenvironments? 14 37,39, We
usetheseobsenationsto designnew algorithmsandtools
thatgreatlysimplify the reconstructiortask. Texture recon-
structionfrom samplesof the original texture is performed
usinga synthesislgorithmt! andby exploring symmetryin
periodicpatterns.

Dueto thesggmentatiorof individual objects,our system
alsoallowstheuserto editthesceneWe illustrateits usefor
reconstructiorof both syntheticandreal scenesTheresult-
ing modelsareshavn to besigni cantly betterthantheones
obtainedby simply meshingheoriginalrangedata.Figure2
shavs arenderingof thereconstructednodelof thereading
roomcreatedwith our systemfrom the samedatasetisedto
renderFigurel.

1.1. Main Contrib utions
Themaincontritutionsof this paperinclude:

A pipelinefor scenereconstructiorfrom rangeimages;
New algorithmsfor identifying approximatebilateraland
rotationalsymmetricpatternsn point clouds.Thesealgo-
rithmsarerelatively robustto noiseandincompletedata;
New algorithmsfor automaticidenti cation of regions
whosesamplingrate/reconstructiogan be improved by
exploiting redundanciepresenin incompletesymmetric
objects;

New algorithmsfor performing/impreing reconstruction
of theareasdenti ed above;

A new algorithmfor reconstructiorf incompleteextures
presentingomplex symmetricpatterns.

2. Previous and Related Work

Our effort to improve reconstructionof scene models
from range imagesbene ts from previous work in sev-
eral related areas, including registration and sggmenta-
tion of rangeimage$ 31, surfacereconstructiorfrom point
cloudgs 310 212 gndtexture synthesis®é 11,

Several algorithmsfor rangeimage registration and for
registrationof rangeandcolorimages® 29 44 have beenpub-
lishedin recentyears.We rely on theseresultsandassume
thatthe input to our pipeline consistsof a registeredsetof
rangeandcolorimages.

Nyland's registrationalgorithn®! usesa 3D Houghtrans-
form to identify large planar areasin different datasets,
which arethenusedto constrainthe registrationprocessin
our pipeline,a 3D Houghtransformis alsousedto identify
large planarareasput the goal hereis to replacethemwith
texture-mappegbolygons.This hasthreeimportantbene ts:
(1) it cansigni cantly reducethe numberof pointsin the
later stage<of the pipeline;(2) reconstructiorof planarar
easis straightforvard; (3) it facilitatesthe identi cation of
clustersamongtheremainingpoints.

Curles8 usesa hole lling techniqueto interpolatenon-
sampledsurfacesin concae regionsof objects.In this case,
however, the addedsurfaceshave little or no impacton the
appearancef theobjectsandwereintendedo produceé'wa-
tertight" modelsfor reproductionusing rapid prototyping
technique% In our work, we try to derive information to
Il in missinggeometryandtexture thatwould, otherwise,
resultin majorartifacts.

A lot of work hasbeendonein seggmentationof range
images” 154 21 but evenin thesimplestcaseof planarange
imageseggmentationcurrentautomatigproceduresftenfail
to producethe desiredresultd’. Due to ambiguities,seg-
mentatiorusuallyrequiressomeknowledgeaboutthescene,
andachiezing goodresultsoftenrequiresuserinterventiort4.
Our systermusespreprocessingndinteractve toolsto assist
usergto performsggmentatiorandreconstruction.

¢ TheEurographic#ssociatiorandBlackwell Publisher2002.
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Whitaker, Gregor andCherf© describea systemto recon-
struct3D surfacemodelsof indoorscenesampledascollec-
tions of rangeimages First, the systemidenti es planarar
easandtheuserde nescorrespondencesnongthemacross
the variousscans.The correspondencaformationis later
usedfor registration.Theidenti cation of theplanarregions
is carriedout in several steps:anisotropicdiffusion for im-
agesmoothingregion nding, region pruning,planar tting
usingweightedleast-squareandplaneselectior®. Thein-
tegrationof therangeimagess basedon a probabilisticap-
proachand deformsthe original rangesurfacesin orderto
optimizeanobjective function.Exceptfor requiringtheuser
to de ne the correspondencet)e processs completelyau-
tomatic.The nal resultis a continuoussurfacerepresenting
all objectsin the sceneSharpedgesarerounded.

Yu etal #* usedrangemagesandphotograph$o segment,
reconstrucaindsimplify objectsfrom realscenesTheirgoal
is to edit the scene(e.g., move objectsaround)and no at-
tempt to reconstructmissing areaswas made. Since our
pipeline usesa sggmentationstep, our scenescan also be
edited.

Carret al.” usepolyharmonicRadial Basis Functionsto
obtainimplicit representationfr objectsurfacesdescribed
by point clouds. The techniquecan handlea large num-
ber of samplesand producesrery impressie results.lt can
be usedfor smoothhole- lling andfor meshsimpli cation
andremeshingSincethe entire point cloud (extendedwith
off-surfacepoints)representa singlesurface the algorithm
only handlesoneobjectatatime.

Mark?4 discussesheissueof remaving disocclusiorarti-
factsin the context of post-renderin@D warps.In this case,
thehole- lling stepis performedn imagespaceasopposed
toin 3D.

Oneof the novel aspectof our work is theidenti cation
anduseof approximatesymmetryin pointcloudsandits use
for reconstructionldenti cation of symmetryis animpor-
tantissuein patternrecognitionandseveralalgorithmshave
beenproposedor nding symmetryin 2D images§3 22 41:42,
Yip#! useda Houghtransformto identify approximateota-
tional symmetryin 2D binaryimages.The 2D Houghtrans-
form is usedto identify the centerof a setof concentriccir-
cles.Theresultingalgorithm hascostO(ns) onthenumber
of pixels of theimage.More recently Yip exploitedthe use
of 2D Houghtransformto identify approximatebilateraland
skew symmetry2. In this caseathree-stegdioughtransform
isusedto nd thecommonbisectorof agroupof trapezoids.
In our approacha 3D Houghtransformis usedto identify
bothbilateralandrotationalsymmetryin unoiganizedpoint
clouds.Our algorithmis conceptuallynuchsimplerandhas
acostO(nZ) onthenumberof points.

O'MaraandOwen$? nd thedominantplaneof bilateral
symmetryfor 3D magnetiaesonancenagegMRI). The3D
MRI datasets treatedasabinaryobjectfor whichacentroid
and a covariant matrix are computed.The eigervectorsof
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the covariantmatrix areusedasnormalsfor threecandidate
planes.For eachplane,a measureof symmetryis obtained
by checkingdifferencedetweerintensityvaluesin opposite
sidesof the plane.The onewith highestsymmetrymeasure
is selected.

Mills at al’® presentedan algorithm for nding global
approximatesymmetryfor boundaryrepresentatioB-rep)
modelsbuilt from planesspheresgylinders,conesandtori.
The symmetry check consistsof trying a certain number
of rigid motions (up to 120 permutations)and verifying
whethereachpoint lies within a certaintolerancefrom the
original positionof anotherpoint in the set. This algorithm
works for modelswith small numberof vertices,suchas
simplepolyhedra.

3. The ReconstructionPipeline

The sggmentationand reconstructiorpipeline is shavn in
Figure 3. It exploits the obsenationsthat real scenesusu-
ally containa signi cant numberof planarand symmetric
surfaces Thefollowing subsectiongescribehe stepsof the
pipeline.

3.1. Segmentationand Reconstructionof Planar
Surfaces

A 3D Houghtransformis usedto identify planarregionsrep-
resentedy setsof pointsin 3D. For eachinput point, avote
is castto all cells of the Hough spacerepresentingplanes
passinghroughthatpoint. To avoid nding spuriousplanes,
the normalof every pointis computecdbeforevote accumu-
lation andeachpoint only votesfor a few Houghcells. This

decisionis basedon the normalat the point, which is com-
putedbasedon its local neighborhoodThe parameter®of

the nal extractedplanesarefurtherre ned tting a plane
throughtheir selecteointsusingsingularvaluedecompo-
sition (SVD).

All salientplanescan be identi ed using the technique
describedbut extracting polygonsfrom the scenerequires
userassistancéo specifythe appropriatdooundariesln our
systemthisis doneinteractvely, allowing for thecreationof
polygonswith arbitraryshapesndsizesThisis particularly
usefulfor reconstructiorof occludedplanarsuriaceswhose
shapesreknown apriori.

3.2. Texture Reconstructionfor Planar Areas

In our system texture reconstructiorfor planarsurfacesis
basednisotropicandstochasti@ssumptiong-or eachtex-
ture,the synthesigprocedureonsistf:

Orthographicallyprojectall texture samplesonto its un-
derlying planeandsplatthe colorinformationontoa tex-
turebuffer;

Findthebiggestsquaren thetexturebuffer whoseinterior
is completely lled with thesplats;
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Figure 3: Sgmentatiorandreconstructiorpipeline

Use this squaretexture as input for an Image Quilting
proceduré! anddiscardthe original texture.

Thecarpetexturesshovnin Figures2 and9 andthewood
textureof thedeskin Figurel3werereconstructedsingthis
procedure.

3.2.1. Symmetric Texture Patterns

For thereconstructiorf symmetrictexture patternssuchas
the one shawn in the Oriental rug (Figure 4), a procedure
basedon a 2D Houghtransformis usedinsteadof the Im-
ageQuilting algorithnil. In this case the extractedtexture
is scannedand,for eachtexel t, all othertexelswith similar
colors(basedon anL2 normin RGB space)areidenti ed.
A vote is thencastto eachof the bisectorsbetweent and
all its similar texels. After the scanningof all input samples
is completedthe bisectorswith mostvotesare selectedas
the symmetryaxesfor the texture andusedto mirror lled
texelsto un lled ones.Sincethe accurayg of this procedure
dependsn the quality of the input data,userassistanceés
usuallyrequired After copying texelsaccordingto the sym-
metry axis, sometexels may still be empty Thesetexelsare
lled usinga pull-pushstratey!3 basedon a texture pyra-
mid. Figure4 illustratesthe intermediatestepsproducedby
this techniquéfor thereconstructiorof anOrientalrug. Fig-
ure 4 (left) shaws the extractedtexture andone of its sym-
metryaxes.Theimagein thecentershavsthereconstruction
obtainedby mirroring, while on theright oneseesthe nal
resultproducedby the pull-pushalgorithm.

3.3. Clustering

After eliminating all points belongingto large planarsur
facesthepipelineproceeddy segmentingclustersof points

Figure 4: Reconstructiorof an Oriental rug. Extractedtex-
ture (left). Reconstructioy mirroring (center).Final result
producedby the pull-pushalgorithm (right).

spatiallycloseto eachother which aretreatedasindividual
objects.Clustersareidenti ed usinganincrementaburface
constructioralgorithm'2 basedn the projecteddistancegon
localtangentplanes)f adjacenpointsin 3D.

For each pair of pointsin thepointclouddo
Computehebisectorplanefor thetwo points
Casta votefor thecomputedplane

If planeP; alonereceivednostvotesthen

P is a symmetryplane// bilateral symmetry
elseifP; , P ...Pn all receivednanyvotesthen

a = intersectionP; , Pj ...Pn) is a symmetryaxis
else

no symmetrigatternfound

Algorithm 1: Identifying appoximate symmetryin point
clouds.

3.4. Symmetry Check and Reconstruction

Symmetricfeaturesare penasie in both naturaland man-
madeervironments3 143739, The redundang embodiedn
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Wangand Oliveira / ImprovedSceneReconstructiofirom Rang Images

symmetricshapess exploitedto allow reconstructioro pro-
ceedfrom incompletedata.

Dueto its relative insensitvity to noiseandmissingdata,
the Houghtransformis anaturaltool for identifying approx-
imatesymmetriesn unoiganizedpoint clouds.Algorithm 1
describesa procedurdor identifying suchpatternsOncea
symmetryplanehasbeenidenti ed, pointscanbe mirrored
to the otherside of the planeto Il holesor simply to im-
prove the samplingrateslocally. In the casemultiple planes
presentingapproximatelythe samenumberof votes(thisin-
dicatesthe presencef rotationalsymmetry) the symmetry
axis is computedasthe intersectionof all identi ed planes
usingSVD.

1. Putall pointsin a queue

2. Whilethequeues notemptydo

3.  Getonepointp fromthequeue

4.  Findthesamplesn thelocal neighborhoofp and
thesamplesn its mirroredneighborhood

5.  Projectbothneighborhood®ntothetangentplane
of p andsortthemby anglearoundp

6. If theanglebetweerntwo projectedadjacentpoints
a; and a;j from the local neighborhoodof p is
bigger than 120 deggrees, nd a point g from
the mirrored neighborhood,whose projection
falls in betweer(angularwise)a; anda; and
whosedistanceto p is between
p*local_min_distp) andlocal_min_distp)
local_min_distp) is the minimumdistance
betweerp andanypointin its local
neighborhoodp is a userspeci edparameter
for the entirereconstructiorprocess

7. Addqtothequeue

Algorithm 2: Symmetryeconstruction.

The identi cation of regions that can potentially bene-
t from mirroring is performedin the following way: for
eachpoint p in the point cloud, we projectits local (3D)
neighborhoodonto its tangentplane and sort the projec-
tions by anglearoundp. We de ne the local neighborhood
of a point p asthe setof pointsL = f p;jdist(p; pi)) dg,
wheredist(p; p;) is the Euclideandistancebetweenp and
pi, d = p (min(dist(p; pi))) andp is a userspeci ed pa-
rameterlf the anglebetweentwo projectedadjacenipoints
g anda; in thelocal neighborhoodf p is biggerthan120
degrees,a possiblehole (or boundary)may exist!. Only in
this casereconstructiorby mirroring is applied.Therecon-
structionprocedurels describedin Algorithm 2 andillus-
tratedin Figure 5, wherethe outlinedcircle on the right is
the mirroredimageof point p andthe imageof q is added
to thelocal neighborhoodf p. The mirroredneighborhood

Y The surfacereconstructioralgorithmused? doesnot addtrian-
gleswith an internal angle biggerthan 120 degreesto the recon-
structedmesh.

¢ TheEurographic#ssociatiorandBlackwell Publisher2002.

of a point with respectto a planeis obtainedby mirroring
the point with respecto the planeand computingthe local
neighborhoodFigure5).

Becausehe computedpositionfor the symmetryplaneis
usuallyonly approximatethe distancesetweeneachpoint
in the mirrored neighborhoodand the tangentplaneof the
currentpoint (p, in Algorithm 2) arecomputedaswell. If a
distances biggerthanacertainthresholdthecorresponding
point is discarded.This is intendedto avoid addingnoisy
datato thelocal neighborhooaf p. A dexel datastructuré®
is usedto acceleratehe neighborhoodearch.

Dependingontheinputdata theremaystill besomenon-
sampledregions even after symmetry reconstructionWe
currentlyperformsurfacereconstructiomusingthealgorithm
proposedy GopiandKrishnari2. Like othersurfacerecon-
structionstratgyiesfrom pointcloudgs 316 2 it cannotguar
antee lling in holesin areaswith local variationsof sam-
pling density We intend to solwe this problemby locally
interpolatingsurfacespoints using moving-least-squarés
Alternatively, one canreconstructeachclusterusing poly-
harmonicRadial-Basis-Functioris

Symmetry Plane
3 l
o I
\p=
L4 | O
VA e
|
|
|

Local

_ Mirrored
neighborhood neighborhood

Figure 5: lllustration of the symmetryreconstructiorin the
neighborhoodf point p.

3.5. Meshing, Texturing and Simpli cation

After incorporatingnen samplesby exploiting symmetry
andsurface tting, eachclusteris then meshedand possi-
bly texturedandsimpli ed. Meshingis currentlyperformed
usingthe samealgorithmusedfor clustersegmentatiof?.

3.6. Editing

Sinceindividual objectshave beensegmentedthe usercan
edit the scene.For instance,an object can be instantiated
severaltimes,deleted pr simply movedto a new position.

If aplanarregion doesnot have enoughsamplesthe cor-
respondingplanemay not be correctly extracted.For these
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caseswe have implementeda tool for cloning alreadyre-

constructedpolygons,which canthen be repositionedand
resizedto make up for large missingareas.This technique
wasusedto createthe top of the furniture next to the win-

dow, a wall andthe back of the shehesnot visible in the

original datase{Figure 2). The approachis alsoillustrated
in oneof theaccompaying animations.

Texturescanalsobe reconstructedby cloning. We usea
cloningbrushtool similar to the oneavailablein Photoshop
to reconstrucsomekinds of textures.This tool wasusedto
helpreconstructhewindow's shadeextureoccludedby the
small plant (Figure 8) andtexturesfor the lower portion of
thebookshelesoccludedby the chairs(Figure?2).

4, Results

We have implementedthe pipeline describedn Section3,
with the exceptionof the surface tting stepintendedto re-
constructpossiblepersistingholes.The codewaswritten in
C++ona?2.0 GHz Pentium4 PCwith 512MB of memory
Our prototypewas usedfor reconstruction®f a realanda
syntheticervironment.Houghtableswith sizes60x60x160
wereusedin both casedor the detectionof large planarar
eas.In Houghspacethis correspond$o angularincrements
of 3 degrees.Thesizeof theincrementin r variedwith the
lengthof the scenés boundingbox's diagonal(which was
divided by 160). For the caseof the real sceneDr = 0.51
units,andfor the syntheticsceneDr = 1.93units.

4.1. Reconstructionof a Real Scene

Therealdatasetisedis a partialmodelof the SittersonHall
(UNC) readingroom, consistingof 10 864x240rangeim-
agesacquiredrrom asingleviewpointandcontaininga total
of 1,805,139%valid samplesThesesamplesare shovn asa
panoraman Figure 6. For this scene,the computationof
the Houghtransformfor identifying planarregionstook ap-
proximately17 minutesandits resultswere saved for later
useduringaninteractie session.

Althoughthe Houghtransformidenti ed all majorplanar
areaswe decidedto replaceonly ve of themwith texture-
mappedpolygons:thewall containingthe window, thewall
next andparallelto it, the front of the furniture alsonext to
thewindow, the oor andthe bottompartof the bookshelf.
After this step,the scenewasleft with 1,351,23%oints.Re-
placingotherplanarregionsof wallswould have broughtthis
numberdown to 863,391points. We decidednot to do so
andallow alarger numberof pointsto proceedo the clus-
tering stepof the pipeline. The clusteringstepisolatedthe
threechairsandthe remainingwalls asfour differentclus-
ters. Reconstructiorthen proceededvith the middle chair
in Figure 6. The symmetryplane computedby the Hough
transform(usinga table of size 70x70x70)wasslightly off
the center requiringminor userintervention. This is dueto
the fact that only one external side of the chair is visible

o L

ST

—— \

Figure 6: SitteisonHall readingroom.Panoramaobtained
by concatenatind.0 864x240range images.

(Figure 6). Figure 7 shaws two views of the chair before
andafterreconstructiorby symmetry Despitethe existence
of small holes(in areaswhereno datawasavailablein ei-
thersideof plane) thereconstructedhodel(Figure7(right))
shavsasigni cantimprovementwhencomparedo theorig-
inal chair (Figure 7(left)). The remainingholesresultfrom
the inability of surfacereconstructioralgorithmsto recon-
structareascontaininglocal variationsin samplingdensity
Theresultingpolygonalmodelwasinstantiatedhreetimes,
replacingtheoriginal chairsin Figure2.

The texture for the wall containingthe window was ex-
tractedfrom theoriginal dataseby orthographicallyproject-
ing all sampleswithin a certaintoleranceto the correspond-
ing extractedwall plane (Figure 8 (left)). Notice the exis-
tenceof holes,mostly due to occlusions,shavn in black.
The nal texture(Figure8 (right)) wasobtainedwith theuse
of the clone-brushtool to reconstructhe areacorrespond-
ing to the shadav of the planton the shadesThe remaining
holeswere lled with theuseof the push-pullalgorithm.

Figure 7: Views of the chair befoe (left) and after (right)
reconstruction.

The carpettexture was synthesizedrom a small sample
seenin Figure6 usingthemethoddescribedn!l. Thetop of
the furniture next to window anda wall not visible in Fig-
ure6 werecreatedusingthe polygoncloningtechniqueThe
texturesfor bottom of the threebooksheles were created
with theclone-brustool.

The nal editedsceneis shavn in Figure 2, Essentially
all disocclusiorartifactshave beenremoved.

¢ TheEurographic#ssociatiorandBlackwell Publisher2002.
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Figure 8: Texture extractedfrom the original point clouds
(left). Reconstructedexture using a clone-brushtool and
pull-push(right).

4.2. Reconstructionof a Synthetic Scene

We also testedour systemon a larger and more complex
syntheticdatasebf anof ce environment.It consistsof 19
640x480rangeimagesacquiredfrom differentviewpoints
andcontainingatotal of 4,397,683%amplesDespitetherel-
atively large numberof samplesmary surfaceswere not
sampleddueto occlusionsand simulatedaccessibilitylim-
itations. Top views of the scenebeforeandafterreconstruc-
tion areshavn in Figure9.

The of ce scenecontainsa chair, a desk,a oor lamp,a
vase,a bookshelf,an Orientalrug (underthe desk),a com-
putermonitor, a keyboardanda phone.The oor lampand
thevaseareusedto illustratethe reconstructiorof rotation-
ally symmetricobjects Thereconstructiorf thechair, mon-
itor andbookshelfarebasedon bilateralsymmetry Therug
wasusedo illustrateour attemptto reconstructomplex tex-
turepatterngFigure4).

Figure9: Topview of a syntheticof ce befoe (left) andafter
(right) reconstruction.

First, the major planesof the scene(walls, oor, the top
andsomefacesof thedesk)wereidenti ed usingtheHough
transform.Texturesfor thecarpetanddeskweresynthesized
from the original sampleausingthe proceduredescribedn
Section3.2. After the major planarsurfaceshave beenre-
moved, all theremainingobjectsweresegmentedautomati-
cally andsubmittedto a symmetrycheck.Figure 10 shavs

¢ TheEurographic#ssociatiorandBlackwell Publisher2002.

threeviews of the chair The imageon the left shaws the
chairbeforereconstructionTheimageon the centershavs
the symmetryplane,and to its right, the resulting model
computedautomatically Figure 11 shavs renderingof the
monitor beforeandafterits automaticreconstructionLittle
holesin the nal model,not presentin the original incom-
pletemodel,aredueto the surfacereconstructioralgorithm.
All theoriginalpointsarepresered.Figurel2illustratesthe
reconstructiorof arotationallysymmetricobject. Themodel
is showvn beforereconstructionyith a symmetryplaneand
afterreconstructionNotice thatalthoughthereis a symme-
try axis, reconstructiorbecomesmuch simpler when per
formedasa seriesof re ections with respecto planes.The
numberof pointsper objectbeforeandafter reconstruction
is shavn in Tablel.

Thealgorithmlooksfor symmetricregionscontainingun-
balancechumbernf samplesndtriesto balancehem.Thus,
it is possiblethat areaswhosesurfaceswere already lled
in the incompletemodelreceve new samplesSinceat this
point, our systemcopiessamplego the new location,it may
introducetextureartifactsdueto differencesn shadingThis
situationis illustratedin the caseof the oor lamp (Figure
12), for which darker samplesverecopiedonto brighterre-
gions.

Figure 11: Computermonitor with symmetryplane befoe
(left) andafter reconstructior(right).

Figure 12: Floor lamp befoe (left), with a symmetryplane
(center)andafter reconstructior(right).

The Oriental rug was reconstructedising the algorithm
describedn Section3.2.1,andits resultsareillustratedin
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Figure 10: Chair befoe (left), with a symmetryplane(center)andafter reconstructior{right).

Figure4. Figure 13 shaws views of the completeof ce be-
fore andafterreconstruction.

Object #originalpoints  # pointsafter  # trianglesafter
Chair 41,511 64,290 127,525
Of ce chair 51,237 70,595 136,464
Monitor 81,329 103,243 206,982
Lamp 47,968 64,722 129,771
Vase 187,031 268,061 555,228

Table 1: Numberof pointsper objectbefore andafterrecon-
struction

5. Conclusionsand Futur e Work

Occlusionsand scanneraccessibilitylimitations to certain

regionsof the scenecausesomesurfacesnotto be sampled,
resultingin incompleteor incorrectlyreconstructednodels.

This paperpresenteda pipeline for reconstructingmissing

geometryandtexturedata,thusimproving the quality of the

resultingmodels.Giventhe costsanddif culties associated
with the scanningof real ervironments,the use of semi-

automatictechniquesn somestagesof the pipeline seems
well justi able.

The centralideaof the pipelineis basedon the obsera-
tionsthatreal scenesisuallycontaina numberof large pla-
nar and symmetricsurfaces.We rst identify large planar
areasyreplacingthemwith textured polygons.The remain-
ing samplesare segmentedinto spatially coherentclusters,
which arethenanalyzedor the existenceof symmetry

Symmetryimplies redundang and can be exploited for
modelreconstructiofirom incompletedata We usecthis ob-
senationto designa family of new algorithmsbasedon 3D
and2D Houghtransformdor identifying approximatesym-
metric patternsin point cloudsandtextures,andusingsuch

patternto performreconstructionThe Houghtransformis
anappropriataool for thistaskdueto its relative insensitv-
ity to noiseandmissingdata.

We have appliedour methodto thereconstructiorof both
realandsyntheticscenesandshavedthatour resultsaresu-
periorto reconstructiongbtainedon the original dataonly.
Dueto the sggmentatiorof individual objects,it is possible
to editthe scendy instantiatingdeletingor moving objects
around.

Symmetry-baseteconstructiomepend®n the quality of
the input dataand userassistancenay be required.Never
thelessit is apowerful concepfor relaxingtherequirements
of full digitization of all surfacesin the sceneascurrently
requiredfor the constructiorof completemodels.

After symmetry-basetkconstuctiomasbeenperformed,
theremay still be someareasfor which no informationis
available,which cannotalsobe lled in by automatigroce-
duresfor surfacereconstructiotf 3 10212, \We expectto I
theseholesusinga moving leastsquareproceduré®. Alter-
natively, polyharmonicRadial-Basis~unctionscanbe used
to reconstruceachoneof the sggmentedbjects.

We currently copy color andtexture informationregard-
lessof shadingdifferencedbetweenthe sourceanddestina-
tion regions. Re ectancepropertiesextracteddirectly from
surface$3® combinedwith lighting information canbe used
to improve theseresults.

Dueto the densesamplingof surfacesproducedby laser
range nders, theresultingpolygonalmodelsusuallycontain
anunnecessariljarge numberof smalltriangles.The useof
meshsimpli cation stratgjies,suchasthe onesusedin36 44
canbeusedto reducethe sizeof themodel.

This work representedust the beginning of our explo-
ration on ComputationalSymmetryand several of its av-
enuesstill needto be conqueredSymmetryusuallyappears
in mary differentscalesandthe Houghtransformseemgo
be the naturaltool for identifying it at bothlocal andglobal
levels.

¢ TheEurographic#ssociatiorandBlackwell Publisher2002.
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Figure 13: View of theof ce befole (left) and after thereconstructior(right).

Acknowledgements

LarsNyland andthe UNC IBR Groupfor kindly providing
theReadingRoomdataset.

Thisresearchvassponsoredby startupfundsfor new fac-

ulty membersf The StateUniversity of New York at Story
Brook.

References

1.

D. Aliagaandl. Carlbom.PlenopticStitching: A Scal-
able Methodfor Reconstructing3D Interactve Walk-
throughs SIGGRAPH2001, pp.443-450. 2

N. Amenta,M. Bern,M.KamvysselisA New Voronoi-
BasedSurfaceReconstructiorAlgorithm. SIGGRAPH
98, pp.415-421.2,5, 8

C. Bajaj et al. Automatic Reconstructiorof Surfaces
and Scalar Fields from 3D Scans.SIGGRAPH95.
pp.109-118.2,5, 8

P. Besland A. Jain. SgmentationThrough Variable-
OrderSurfaceFitting. IEEE Trans.on Pattern Analysis
and Machine Inteligence Vol. 10, No. 2, pp. 167-192,
Feb1988. 2

P. Besl. Advancesn Machine Vision. SpringerVerlag,
Chapterl - Active Optical RangeSensors1989. pp.
1-63. 2

P. BeslandN. Mckay. A Methodfor Registrationof 3D
ShapeslEEE Trans.PAMI, 18(5): 239-256,1992. 2

J. Carr et al. Reconstructionand Representatiorof
3D Objectswith Radial BasisFunctions.SIGGRAPH
2001, pp.67-76. 3,5, 8

¢ TheEurographic#ssociatiorandBlackwell Publisher2002.

10.

11.

12.

13.

14.

15.

16.

17.

Eric Chen. QuickTime VR - An Image-BasedAp-
proachto Virtual ErvironmentNavigation.SIGGRAPH
95, pp.29-38. 2

B. Curlessand M. Levoy. A Volumetric Method for
Building Complex Models from Rangelmages.SIG-
GRAPH96, pp.303-312. 2

H. EdelsbrunneandE. Mucke. Three-Dimensional-
phaShapesACM Transactionsn Graphics13(1): 43-
72,1994. 2,5,8

A. EfrosandW. FreemanlmageQuilting for Texture
Synthesisand Transfer SIGGRAPHO1, pp. 341-348.
2,4,6

M. Gopi and S. Krishnan. A Fast and Ef cient
Projection-BasedApproach for Surface Reconstruc-
tion. High PerformanceComputerGraphics,Multime-
dia andVisualization Vol 1,No.1,2000,pp.1-12. 2, 4,
5,8

Steven Gortler at al. The Lumigraph.SIGGRAPH96,
pp.43-54. 4

Istvan Hargittai and MagdolnaHamgittai. SymmetryA
Unifying Concept ShelterPublicationsinc., Bolinas,
California,1994. 2, 4

R. HoffmanandA. Jain.Segmentatiorand Classi ca-
tion of RangelmagesIEEE Trans.on Pattern Analysis
and Machine Inteligence Vol. 9, No. 5, pp. 608-620,
May 1987. 2

T. V. Hook. Real-time ShadedNC Milling Display.
SIGGRAPHS86,pp.15-20. 5

Adam Hoover et al. An ExperimentalComparisonof
Rangelmage SegmentationAlgorithms. IEEE Trans.



18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Wangand Oliveira/ ImprovedSceneReconstructiofirom Rang Images

on PatternAnalysisandMachinelnteligence pp. 673-
689,1996. 2

H. Hoppeet al. SurfaceReconstructiorfrom Unorga-
nized Point Clouds.SIGGRAPH92, pp.71-78. 2, 5,
8

T. KanadeP. RanderandP. NarayananVirtualizedRe-

ality: ConstructingVirtual Worlds from Real Scenes,
IEEE MultiMedia, vol.4,no.1,Jan.- Mar. 1997,pp.34-
47. 2

P. LancasteandK. SalkauskasCurveand SurfaceFit-
ting: AnIntroduction AcademicPress1986. 5, 8

A. LeonardisA. GuptaandR. Bajcsy Segmentatiorof
Rangelmagesasthe Searchfor GeometricParametric
Models.InternationalJournal of Computeiision. Vol.
14,No. 3, pp.253-277,1995. 2

J.Leou,W. Tsai. AutomaticRotationalSymmetryDe-
terminationfor ShapeAnalysis. Pattern Recanition,
20(6), pp.571-582,1987. 3

Y. Liu. ComputationalSymmetry Technical Report
CMU-RI-TR-00-31 The Robotics Institute. Carngjie
Mellon University, 2000. 2, 4

William Mark. Post-Rendering3D Image Warping:
Visibility, Reconstructionand Performancdor Depth-
Image Warping. Ph.D. Dissertation. UNC Computer
Science Technical Report TR99-022 University of
North Carolina,April 21,1999. 3

Kenji Matsushitaand ToyohisaKanelo. Ef cient and
Handy Texture Mappingon 3D Surfaces.Proceedings
of Eurographics1999,ComputeiGraphicsForum, Vol.
18,No. 3, pp.349-357,Septembel 999. 2

David McAllister et al. Real Time Renderingof Real
World Environments. Rendering Techniques'99 pp.
145-160,SpringerVerlag,Wien, Austria,1999. 2

LeonardMcMillan andGaryBishop.PlenopticModel-
ing: An Image-BasedRenderingSystem.SIGGRAPH
95, pp.39-46. 2

B. Mills et al. Approximate SymmetryDetectionfor
ReverseEngineering Proceedingof the ACM Sympo-
siumon Solid Modelingand Applications Ann Arbor,
Michigan,pp.241-248. 3

Peter Neugebauerand Konrad Klein. Texturing 3D
Models of Real World Objectsfrom Multiple Unreg-
isteredPhotoraphicd/iews. Eurographics1999,Com-
puter Graphics Forum Vol. 18, No. 3, pp. 245-256,
Sept.1999. 2

LarsNylandetal. Thelmpactof DenseRangeDataon
ComputerGraphics.Proceedingof Multi-View Mod-
eling and Analysis Workshop (MVIEW99) (Part of
CVPR99) (Fort Collins, CO), June23-26,1999.pp. 3-
10. 2

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

L. Nyland, A. Lastra, D. McAllister, V. Popescu,
C. McCue.Capturing,Processingnd RenderingReal-
World Scenesln Videometricsand Optical Methods
for 3D ShapeMeasuement Electronic Imaging 2001,

PhotonicsWVest,Jan.22,2001.SPIEVol. 4309. 2

D. O'MaraandR. OwensMeasuringBilateralSymme-
try in ThreeDimensionaMagneticResonancémages.
in Proc. of TheUniversity of WesternAustralia Depart.
of ComputeiScienceReseath Confeence April 1996.
3

S.ParuiandD. Majumder SymmetryAnalisisby Com-
puter PatternRecanition, 16 (1), pp.63-67,1983. 3

RamesliRaskaretal. "The Of ce of theFuture:A Uni-
ed Approachto Image-Based/iodeling". SIGGRAPH
98, pp.179-188,1998. 2

H. Shumand Li-Wei He. Renderingwith Concentric
Mosaics.SIGGRAPHI9, pp.299-306,1999. 2

Marc Soug, Guy Godin and Marc Rioux. A Texture-
MappingapproacHor the Compressiomf Colored3D
TriangulationsTheVisual ComputerVol. 12, pp.503-
514,1996. 8

D. Washlurn and D. Crowve. Symmetrieof Culture:
TheoryandPracticeof PlanePattern Analysis Univer-
sity of WashingtorPress1988. 2, 4

Li-Yi Wei andMarc Levoy. FastTexture SynthesidJs-
ing Tree-Structured/ector Quantization.SIGGRAPH
200Q pp.479-488. 2

HermannWeyl. SymmetryPrincetonUniversity Press,
PrincetonNew Jersg, 1952. 2, 4

R. Whitaker, J. Gregor andP.F. ChenIndooiSceneRe-
constructionfrom Setsof Noisy Rangelmages.Proc.
2nd Intern. Confeenceon 3D Digital Imaging and
Modeling pp.348-357,1999. 3

R. Yip. A HoughTransformTechniquefor the Detec-
tion of RotationalSymmetry PatternReca@nitionsLet-
ters, 15(1994),pp. 919-928 Septembel 994. 3

R. Yip. A HoughTransformTechniquefor the Detec-
tion of Re ectional Symmetry and Skew-Symmetry
Pattern Recagnitions Letters, 21 (2000),pp. 117-130.
3

Y. Yu, P. Debevec,J. Malik, T. Hawkins. InverseGlobal
lllumination: Recwering Re ectanceModels of Real
Scenesfrom PhotographsSIGGRAPH99, pp. 215-
224. 8

Y. Yu, A. FerenczJ. Malik. ExtractingObjectsfrom
Range and Radiancelmages. IEEE TVCG, Vol.7,
No.4,pp.351-364,2001. 2, 3,8

¢ TheEurographic#ssociatiorandBlackwell Publisher2002.



