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Abstract
Themodelingof real scenesis a complex andchallengingtaskfor which theuseof laser range�nders is oneof
the mostpromisingapproaches.Unfortunately, in manysituations,it is not possibleor practical to guarantee
appropriatesamplingof all surfacesin thescene. For example, occlusionsandaccessibilitylimitationsto certain
regionsof the scenemay causesomeareasnot to be visible by the scanner, resultingin incompleteor incor-
rectly reconstructedmodels.This paperdescribesa pipelineand a systemimplementationfor improving model
reconstructionfromincompleteinformationavailablefromrange images.

Categories and SubjectDescriptors(accordingto ACM CCS): I.3.7 [ComputerGraphics]:Three-Dimensional
GraphicsandRealism,Virtual Reality

Figure1: View of theUNCReadingRoomrenderedfromten
864x240range images.Notetheholes.

1. Intr oduction

The availability of detailedgeometricmodelsis a critical
factorfor achieving realismin mostcomputergraphicsap-

Figure 2: View of the ReadingRoomreconstructedby our
systemfromthedatausedto renderFigure1.

plications.Despitethegreatprogressobserved in rendering
techniquesduring last two decades,the processof model-
ing 3D objectsandsceneshasexperiencedsigni�cant fewer
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advancesin the sameperiod. In the past few years,we
have observedanincreasingdemandfor faithful representa-
tionsof realscenes,primarily drivenby applicationswhose
goal is to createextremely realistic experiencesby build-
ing virtual replicasof real environments.Potentialusesof
this technologyincludetelepresence,entertainment,training
and simulation,analysisof forensicrecords,remotewalk-
throughsand3D TV, andhaveattractedtheattentionof sev-
eralresearchers19; 34; 30; 1.

Creatingmodelsof real scenesis, however, a complex
task for which the useof traditional modeling techniques
is inappropriate.Aiming to simplify the modelingandren-
deringtasks,severalimage-basedtechniqueshavebeenpro-
posedin recentyears8; 27; 35; 26. Among these,the combined
useof laserrange�nders5 andcolor imagesappearsasone
of the mostpromisingapproachesdue to its relative inde-
pendenceof the sampledgeometryand short acquisition
time26; 30. Renderingsof scenesmodeledwith sucha tech-
nique can potentially exhibit an unprecedenteddegree of
photorealism.Unfortunately, in many situations,it is not
possibleor practical to guaranteeappropriatesamplingof
all surfacesin the scene.For example,occlusionsand ac-
cessibility limitations to certain regions of the scenemay
causesomeareasnot to be sampled,resulting in incom-
pleteor incorrectlyreconstructedmodels.Theoccurrenceof
suchareasis a major sourceof artifacts,usuallyappearing
as "holes" in the renderedimages.Figure1 illustratesthis
situationfor a partialmodelof theUNC ReadingRoomac-
quiredfrom a singlelaserscan.Creatinghigh-qualitymesh
representationsfor eachobjectin thescenefrom incomplete
dataremainsachallengingtask44.

This paperdescribesa pipelinefor improving the recon-
structionof scenesrepresentedassetsof rangeimagesand
introducesnew algorithmsfor exploiting theuseof symme-
try for reconstruction.Thepipelineconsistsof a segmenta-
tion stepfollowedby thereconstructionof missinggeomet-
ric and textural information for individual objects(Figure
3).To achieveourgoal,wetakeadvantageof two simplebut
powerful observations:(1) realindoorscenesusuallycontain
a numberof large planarsurfaces;(2) symmetrypervades
bothhuman-createdandnaturalenvironments23; 14; 37; 39. We
usetheseobservationsto designnew algorithmsand tools
thatgreatlysimplify thereconstructiontask.Texturerecon-
structionfrom samplesof the original texture is performed
usinga synthesisalgorithm11 andby exploring symmetryin
periodicpatterns.

Dueto thesegmentationof individualobjects,oursystem
alsoallowstheuserto edit thescene.Weillustrateits usefor
reconstructionof bothsyntheticandrealscenes.Theresult-
ing modelsareshown to besigni�cantly betterthantheones
obtainedby simplymeshingtheoriginalrangedata.Figure2
showsa renderingof thereconstructedmodelof thereading
roomcreatedwith oursystemfrom thesamedatasetusedto
renderFigure1.

1.1. Main Contrib utions

Themaincontributionsof thispaperinclude:

� A pipelinefor scenereconstructionfrom rangeimages;
� New algorithmsfor identifying approximatebilateraland

rotationalsymmetricpatternsin pointclouds.Thesealgo-
rithmsarerelatively robustto noiseandincompletedata;

� New algorithmsfor automaticidenti�cation of regions
whosesamplingrate/reconstructioncanbe improved by
exploiting redundanciespresentin incompletesymmetric
objects;

� New algorithmsfor performing/improving reconstruction
of theareasidenti�ed above;

� A new algorithmfor reconstructionof incompletetextures
presentingcomplex symmetricpatterns.

2. Previousand RelatedWork

Our effort to improve reconstructionof scene models
from range imagesbene�ts from previous work in sev-
eral related areas, including registration and segmenta-
tion of rangeimages6; 31, surfacereconstructionfrom point
clouds18; 3; 10; 2; 12 andtexturesynthesis38; 11.

Several algorithmsfor rangeimageregistrationand for
registrationof rangeandcolor images25; 29; 44 havebeenpub-
lishedin recentyears.We rely on theseresultsandassume
that the input to our pipelineconsistsof a registeredsetof
rangeandcolor images.

Nyland's registrationalgorithm31 usesa 3D Houghtrans-
form to identify large planar areasin different datasets,
which arethenusedto constraintheregistrationprocess.In
our pipeline,a 3D Houghtransformis alsousedto identify
largeplanarareas,but thegoalhereis to replacethemwith
texture-mappedpolygons.Thishasthreeimportantbene�ts:
(1) it can signi�cantly reducethe numberof points in the
later stagesof the pipeline;(2) reconstructionof planarar-
easis straightforward; (3) it facilitatesthe identi�cation of
clustersamongtheremainingpoints.

Curless9 usesa hole �lling techniqueto interpolatenon-
sampledsurfacesin concave regionsof objects.In this case,
however, theaddedsurfaceshave little or no impacton the
appearanceof theobjectsandwereintendedto produce"wa-
tertight" modelsfor reproductionusing rapid prototyping
techniques9. In our work, we try to derive information to
�ll in missinggeometryandtexture that would, otherwise,
resultin majorartifacts.

A lot of work hasbeendone in segmentationof range
images17; 15; 4; 21, but evenin thesimplestcaseof planarrange
imagesegmentation,currentautomaticproceduresoftenfail
to producethe desiredresults17. Due to ambiguities,seg-
mentationusuallyrequiressomeknowledgeaboutthescene,
andachievinggoodresultsoftenrequiresuserintervention44.
Oursystemusespreprocessingandinteractive toolsto assist
usersto performsegmentationandreconstruction.

c
 TheEurographicsAssociationandBlackwellPublishers2002.



WangandOliveira / ImprovedSceneReconstructionfromRange Images

Whitaker, Gregor andChen40 describea systemto recon-
struct3D surfacemodelsof indoorscenessampledascollec-
tionsof rangeimages.First, thesystemidenti�es planarar-
easandtheuserde�nescorrespondencesamongthemacross
the variousscans.The correspondenceinformation is later
usedfor registration.Theidenti�cation of theplanarregions
is carriedout in several steps:anisotropicdiffusion for im-
agesmoothing,region �nding, regionpruning,planar�tting
usingweightedleast-squaresandplaneselection40. The in-
tegrationof therangeimagesis basedon a probabilisticap-
proachanddeformsthe original rangesurfacesin order to
optimizeanobjective function.Exceptfor requiringtheuser
to de�ne thecorrespondences,theprocessis completelyau-
tomatic.The�nal resultis acontinuoussurfacerepresenting
all objectsin thescene.Sharpedgesarerounded.

Yu etal.44 usedrangeimagesandphotographsto segment,
reconstructandsimplify objectsfrom realscenes.Theirgoal
is to edit the scene(e.g.,move objectsaround)andno at-
tempt to reconstructmissing areaswas made.Since our
pipeline usesa segmentationstep,our scenescan also be
edited.

Carr et al.7 usepolyharmonicRadialBasisFunctionsto
obtainimplicit representationsfor objectsurfacesdescribed
by point clouds.The techniquecan handlea large num-
berof samplesandproducesvery impressive results.It can
beusedfor smoothhole-�lling andfor meshsimpli�cation
andremeshing.Sincetheentirepoint cloud (extendedwith
off-surfacepoints)representsasinglesurface,thealgorithm
only handlesoneobjectata time.

Mark24 discussestheissueof removing disocclusionarti-
factsin thecontext of post-rendering3D warps.In thiscase,
thehole-�lling stepis performedin imagespaceasopposed
to in 3D.

Oneof thenovel aspectsof our work is the identi�cation
anduseof approximatesymmetryin pointcloudsandits use
for reconstruction.Identi�cation of symmetryis an impor-
tantissuein patternrecognitionandseveralalgorithmshave
beenproposedfor �nding symmetryin 2D images33; 22; 41; 42.
Yip41 useda Houghtransformto identify approximaterota-
tional symmetryin 2D binaryimages.The2D Houghtrans-
form is usedto identify thecenterof a setof concentriccir-
cles.TheresultingalgorithmhascostO(n3) on thenumber
of pixelsof theimage.More recently, Yip exploitedtheuse
of 2D Houghtransformto identify approximatebilateraland
skew symmetry42. In thiscase,athree-stepHoughtransform
is usedto �nd thecommonbisectorof agroupof trapezoids.
In our approach,a 3D Houghtransformis usedto identify
bothbilateralandrotationalsymmetryin unorganizedpoint
clouds.Ouralgorithmis conceptuallymuchsimplerandhas
acostO(n2) on thenumberof points.

O'Mara andOwens32 �nd thedominantplaneof bilateral
symmetryfor 3Dmagneticresonanceimages(MRI). The3D
MRI datasetis treatedasabinaryobjectfor whichacentroid
and a covariant matrix are computed.The eigenvectorsof

thecovariantmatrix areusedasnormalsfor threecandidate
planes.For eachplane,a measureof symmetryis obtained
by checkingdifferencesbetweenintensityvaluesin opposite
sidesof theplane.Theonewith highestsymmetrymeasure
is selected.

Mills at al28 presentedan algorithm for �nding global
approximatesymmetryfor boundaryrepresentation(B-rep)
modelsbuilt from planes,spheres,cylinders,conesandtori.
The symmetrycheck consistsof trying a certain number
of rigid motions (up to 120 permutations)and verifying
whethereachpoint lies within a certaintolerancefrom the
original positionof anotherpoint in theset.This algorithm
works for modelswith small numberof vertices,suchas
simplepolyhedra.

3. The ReconstructionPipeline

The segmentationand reconstructionpipeline is shown in
Figure 3. It exploits the observationsthat real scenesusu-
ally containa signi�cant numberof planarandsymmetric
surfaces.Thefollowing subsectionsdescribethestepsof the
pipeline.

3.1. Segmentationand Reconstructionof Planar
Surfaces

A 3D Houghtransformis usedto identify planarregionsrep-
resentedby setsof pointsin 3D. For eachinputpoint,avote
is castto all cells of the Houghspacerepresentingplanes
passingthroughthatpoint.To avoid �nding spuriousplanes,
thenormalof every point is computedbeforevoteaccumu-
lation andeachpoint only votesfor a few Houghcells.This
decisionis basedon thenormalat thepoint, which is com-
putedbasedon its local neighborhood.The parametersof
the �nal extractedplanesare further re�ned �tting a plane
throughtheir selectedpointsusingsingularvaluedecompo-
sition (SVD).

All salientplanescan be identi�ed using the technique
described,but extractingpolygonsfrom the scenerequires
userassistanceto specifytheappropriateboundaries.In our
system,thisis doneinteractively, allowing for thecreationof
polygonswith arbitraryshapesandsizes.This is particularly
usefulfor reconstructionof occludedplanarsurfaceswhose
shapesareknown apriori.

3.2. TextureReconstructionfor Planar Ar eas

In our system,texture reconstructionfor planarsurfacesis
basedon isotropicandstochasticassumptions.For eachtex-
ture,thesynthesisprocedureconsistsof:

� Orthographicallyprojectall texture samplesonto its un-
derlyingplaneandsplatthecolor informationontoa tex-
turebuffer;

� Findthebiggestsquarein thetexturebufferwhoseinterior
is completely�lled with thesplats;
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Figure3: Segmentationandreconstructionpipeline.

� Use this squaretexture as input for an ImageQuilting
procedure11 anddiscardtheoriginal texture.

Thecarpettexturesshown in Figures2and9andthewood
textureof thedeskin Figure13werereconstructedusingthis
procedure.

3.2.1. Symmetric TexturePatterns

For thereconstructionof symmetrictexturepatterns,suchas
the one shown in the Oriental rug (Figure 4), a procedure
basedon a 2D Houghtransformis usedinsteadof the Im-
ageQuilting algorithm11. In this case,the extractedtexture
is scannedand,for eachtexel t, all othertexelswith similar
colors(basedon an L2 norm in RGB space)areidenti�ed.
A vote is thencastto eachof the bisectorsbetweent and
all its similar texels.After thescanningof all input samples
is completed,the bisectorswith mostvotesareselectedas
the symmetryaxesfor the texture andusedto mirror �lled
texels to un�lled ones.Sincetheaccuracy of this procedure
dependson the quality of the input data,userassistanceis
usuallyrequired.After copying texelsaccordingto thesym-
metryaxis,sometexelsmaystill beempty. Thesetexelsare
�lled usinga pull-pushstrategy13 basedon a texture pyra-
mid. Figure4 illustratesthe intermediatestepsproducedby
this techniquefor thereconstructionof anOrientalrug.Fig-
ure 4 (left) shows the extractedtexture andoneof its sym-
metryaxes.Theimagein thecentershowsthereconstruction
obtainedby mirroring, while on the right oneseesthe �nal
resultproducedby thepull-pushalgorithm.

3.3. Clustering

After eliminating all points belongingto large planarsur-
faces,thepipelineproceedsby segmentingclustersof points

 

Figure 4: Reconstructionof an Oriental rug. Extractedtex-
ture(left).Reconstructionbymirroring (center).Final result
producedby thepull-pushalgorithm(right).

spatiallycloseto eachother, which aretreatedasindividual
objects.Clustersareidenti�ed usinganincrementalsurface
constructionalgorithm12 basedontheprojecteddistance(on
local tangentplanes)of adjacentpointsin 3D.

For each pair of pointsin thepoint clouddo
Computethebisectorplanefor thetwopoints
Casta votefor thecomputedplane

If planeP i alonereceivedmostvotesthen
P i is a symmetryplane// bilateral symmetry

elseifP i , P j . . .Pn all receivedmanyvotesthen
a = intersection(P i , P j . . .Pn) is a symmetryaxis

else
nosymmetricpatternfound

Algorithm 1: Identifying approximatesymmetryin point
clouds.

3.4. Symmetry Checkand Reconstruction

Symmetricfeaturesarepervasive in both naturalandman-
madeenvironments23; 14; 37; 39. The redundancy embodiedin
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symmetricshapesis exploitedto allow reconstructionto pro-
ceedfrom incompletedata.

Dueto its relative insensitivity to noiseandmissingdata,
theHoughtransformis anaturaltool for identifyingapprox-
imatesymmetriesin unorganizedpoint clouds.Algorithm 1
describesa procedurefor identifying suchpatterns.Oncea
symmetryplanehasbeenidenti�ed, pointscanbemirrored
to the othersideof the planeto �ll holesor simply to im-
prove thesamplingrateslocally. In thecasemultiple planes
presentingapproximatelythesamenumberof votes(this in-
dicatesthepresenceof rotationalsymmetry),thesymmetry
axis is computedasthe intersectionof all identi�ed planes
usingSVD.

1. Putall pointsin a queue
2. Whilethequeueis notemptydo
3. Getonepointp fromthequeue
4. Find thesamplesin thelocal neighborhoodof p and

thesamplesin its mirroredneighborhood
5. Projectbothneighborhoodsontothetangentplane

of p andsort thembyanglearoundp
6. If the anglebetweentwo projectedadjacentpoints

ai and a j from the local neighborhoodof p is
bigger than 120 degrees, �nd a point q from
the mirrored neighborhood,whose projection
falls in between(angularwise)ai anda j and
whosedistanceto p is between
µ*local_min_dist(p) andlocal_min_dist(p)
local_min_dist(p) is theminimumdistance
betweenp andanypoint in its local
neighborhood.µ is a userspeci�edparameter
for theentirereconstructionprocess

7. Addq to thequeue

Algorithm 2: Symmetryreconstruction.

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 project its local (3D)
neighborhoodonto its tangentplane and sort the projec-
tions by anglearoundp. We de�ne the local neighborhood
of a point p as the set of points L = f pi jdist(p; pi) � dg,
wheredist(p; pi) is the Euclideandistancebetweenp and
pi , d = µ � (min(dist(p; pi))) andµ is a user-speci�ed pa-
rameter. If theanglebetweentwo projectedadjacentpoints
ai anda j in the local neighborhoodof p is biggerthan120
degrees,a possiblehole (or boundary)may existy. Only in
this case,reconstructionby mirroring is applied.Therecon-
structionprocedureis describedin Algorithm 2 and illus-
tratedin Figure5, wherethe outlinedcircle on the right is
the mirroredimageof point p andthe imageof q is added
to thelocal neighborhoodof p. Themirroredneighborhood

y The surfacereconstructionalgorithmused12 doesnot addtrian-
gles with an internal anglebigger than 120 degreesto the recon-
structedmesh.

of a point with respectto a planeis obtainedby mirroring
thepoint with respectto theplaneandcomputingthe local
neighborhood(Figure5).

Becausethecomputedpositionfor thesymmetryplaneis
usuallyonly approximate,thedistancesbetweeneachpoint
in the mirroredneighborhoodandthe tangentplaneof the
currentpoint (p, in Algorithm 2) arecomputedaswell. If a
distanceis biggerthanacertainthreshold,thecorresponding
point is discarded.This is intendedto avoid addingnoisy
datato thelocalneighborhoodof p. A dexel datastructure16

is usedto acceleratetheneighborhoodsearch.

Dependingontheinputdata,theremaystill besomenon-
sampledregions even after symmetry reconstruction.We
currentlyperformsurfacereconstructionusingthealgorithm
proposedby GopiandKrishnan12. Likeothersurfacerecon-
structionstrategiesfrom pointclouds18; 3; 10; 2, it cannotguar-
antee�lling in holesin areaswith local variationsof sam-
pling density. We intend to solve this problemby locally
interpolatingsurfacespoints using moving-least-squares20.
Alternatively, onecan reconstructeachclusterusingpoly-
harmonicRadial-Basis-Functions7.

 
Symmetry Plane 

Local 
neighborhood 

of p 

p 
q 

Mirrored 
neighborhood 

of p 

ai 

aj 

Figure 5: Illustration of thesymmetryreconstructionin the
neighborhoodof point p.

3.5. Meshing,Texturing and Simpli�cation

After incorporatingnew samplesby exploiting symmetry
andsurface�tting, eachclusteris thenmeshedandpossi-
bly texturedandsimpli�ed. Meshingis currentlyperformed
usingthesamealgorithmusedfor clustersegmentation12.

3.6. Editing

Sinceindividual objectshave beensegmented,theusercan
edit the scene.For instance,an object can be instantiated
severaltimes,deleted,or simplymovedto anew position.

If a planarregion doesnot have enoughsamples,thecor-
respondingplanemay not be correctlyextracted.For these
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cases,we have implementeda tool for cloning alreadyre-
constructedpolygons,which can then be repositionedand
resizedto make up for large missingareas.This technique
wasusedto createthe top of the furniture next to the win-
dow, a wall and the back of the shelves not visible in the
original dataset(Figure2). The approachis alsoillustrated
in oneof theaccompanying animations.

Texturescanalsobe reconstructedby cloning.We usea
cloningbrushtool similar to theoneavailablein Photoshop
to reconstructsomekindsof textures.This tool wasusedto
helpreconstructthewindow'sshadetextureoccludedby the
small plant (Figure8) andtexturesfor the lower portionof
thebookshelvesoccludedby thechairs(Figure2).

4. Results

We have implementedthe pipelinedescribedin Section3,
with theexceptionof thesurface�tting stepintendedto re-
constructpossiblepersistingholes.Thecodewaswritten in
C++ on a 2.0 GHz Pentium4 PCwith 512MB of memory.
Our prototypewasusedfor reconstructionsof a real anda
syntheticenvironment.Houghtableswith sizes60x60x160
wereusedin bothcasesfor thedetectionof largeplanarar-
eas.In Houghspace,this correspondsto angularincrements
of 3 degrees.Thesizeof the incrementin r variedwith the
lengthof the scene's boundingbox's diagonal(which was
divided by 160). For the caseof the real scene,Dr = 0.51
units,andfor thesyntheticsceneDr = 1.93units.

4.1. Reconstructionof a RealScene

Therealdatasetusedis a partialmodelof theSittersonHall
(UNC) readingroom, consistingof 10 864x240rangeim-
agesacquiredfrom asingleviewpointandcontaininga total
of 1,805,139valid samples.Thesesamplesareshown asa
panoramain Figure 6. For this scene,the computationof
theHoughtransformfor identifying planarregionstook ap-
proximately17 minutesandits resultsweresaved for later
useduringaninteractivesession.

AlthoughtheHoughtransformidenti�ed all majorplanar
areas,we decidedto replaceonly � ve of themwith texture-
mappedpolygons:thewall containingthewindow, thewall
next andparallelto it, the front of the furniturealsonext to
thewindow, the �oor andthebottompartof thebookshelf.
After thisstep,thescenewasleft with 1,351,235points.Re-
placingotherplanarregionsof wallswouldhavebroughtthis
numberdown to 863,391points.We decidednot to do so
andallow a largernumberof pointsto proceedto theclus-
tering stepof the pipeline.The clusteringstepisolatedthe
threechairsandthe remainingwalls asfour differentclus-
ters.Reconstructionthen proceededwith the middle chair
in Figure6. The symmetryplanecomputedby the Hough
transform(usinga tableof size70x70x70)wasslightly off
thecenter, requiringminor userintervention.This is dueto
the fact that only one external side of the chair is visible

Figure 6: SittersonHall readingroom.Panoramaobtained
byconcatenating10864x240range images.

(Figure 6). Figure 7 shows two views of the chair before
andafterreconstructionby symmetry. Despitetheexistence
of small holes(in areaswhereno datawasavailable in ei-
thersideof plane),thereconstructedmodel(Figure7(right))
showsasigni�cant improvementwhencomparedto theorig-
inal chair (Figure7(left)). The remainingholesresult from
the inability of surfacereconstructionalgorithmsto recon-
structareascontaininglocal variationsin samplingdensity.
Theresultingpolygonalmodelwasinstantiatedthreetimes,
replacingtheoriginal chairsin Figure2.

The texture for the wall containingthe window wasex-
tractedfrom theoriginaldatasetby orthographicallyproject-
ing all sampleswithin a certaintoleranceto thecorrespond-
ing extractedwall plane(Figure 8 (left)). Notice the exis-
tenceof holes,mostly due to occlusions,shown in black.
The�nal texture(Figure8 (right)) wasobtainedwith theuse
of the clone-brushtool to reconstructthe areacorrespond-
ing to theshadow of theplanton theshades.Theremaining
holeswere�lled with theuseof thepush-pullalgorithm.

 

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

The carpettexture wassynthesizedfrom a small sample
seenin Figure6 usingthemethoddescribedin11. Thetopof
the furniture next to window anda wall not visible in Fig-
ure6 werecreatedusingthepolygoncloningtechnique.The
texturesfor bottom of the threebookshelves were created
with theclone-brushtool.

The �nal editedsceneis shown in Figure2, Essentially,
all disocclusionartifactshavebeenremoved.

c
 TheEurographicsAssociationandBlackwellPublishers2002.



WangandOliveira / ImprovedSceneReconstructionfromRange Images

 

Figure 8: Texture extractedfrom the original point clouds
(left). Reconstructedtexture using a clone-brushtool and
pull-push(right).

4.2. Reconstructionof a SyntheticScene

We also testedour systemon a larger and more complex
syntheticdatasetof anof�ce environment.It consistsof 19
640x480rangeimagesacquiredfrom different viewpoints
andcontaininga totalof 4,397,683samples.Despitetherel-
atively large numberof samples,many surfaceswere not
sampleddueto occlusionsandsimulatedaccessibilitylim-
itations.Top views of thescenebeforeandafterreconstruc-
tion areshown in Figure9.

The of�ce scenecontainsa chair, a desk,a �oor lamp,a
vase,a bookshelf,anOrientalrug (underthedesk),a com-
putermonitor, a keyboardanda phone.The �oor lampand
thevaseareusedto illustratethereconstructionof rotation-
ally symmetricobjects.Thereconstructionof thechair, mon-
itor andbookshelfarebasedon bilateralsymmetry. Therug
wasusedto illustrateourattemptto reconstructcomplex tex-
turepatterns(Figure4).

Figure9: Topview of a syntheticof�ce before(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 samplesusingthe proceduredescribedin
Section3.2. After the major planarsurfaceshave beenre-
moved,all theremainingobjectsweresegmentedautomati-
cally andsubmittedto a symmetrycheck.Figure10 shows

threeviews of the chair. The imageon the left shows the
chairbeforereconstruction.The imageon thecentershows
the symmetryplane,and to its right, the resulting model
computedautomatically. Figure11 shows renderingsof the
monitorbeforeandafter its automaticreconstruction.Little
holesin the �nal model,not presentin the original incom-
pletemodel,aredueto thesurfacereconstructionalgorithm.
All theoriginalpointsarepreserved.Figure12illustratesthe
reconstructionof arotationallysymmetricobject.Themodel
is shown beforereconstruction,with a symmetryplaneand
afterreconstruction.Noticethatalthoughthereis a symme-
try axis, reconstructionbecomesmuch simpler when per-
formedasa seriesof re�ectionswith respectto planes.The
numberof pointsperobjectbeforeandafter reconstruction
is shown in Table1.

Thealgorithmlooksfor symmetricregionscontainingun-
balancednumberof samplesandtriesto balancethem.Thus,
it is possiblethat areaswhosesurfaceswerealready�lled
in the incompletemodelreceive new samples.Sinceat this
point,oursystemcopiessamplesto thenew location,it may
introducetextureartifactsdueto differencesin shading.This
situationis illustratedin the caseof the �oor lamp (Figure
12), for which darker sampleswerecopiedontobrighterre-
gions.

 

Figure 11: Computermonitor with symmetryplanebefore
(left) andafter reconstruction(right).

 

Figure 12: Floor lampbefore (left), with a symmetryplane
(center)andafter reconstruction(right).

The Oriental rug was reconstructedusing the algorithm
describedin Section3.2.1,and its resultsare illustratedin
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Figure10: Chair before (left), with a symmetryplane(center)andafter reconstruction(right).

Figure4. Figure13 shows views of thecompleteof�ce be-
foreandafterreconstruction.

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

Table1: Numberof pointsperobjectbeforeandafterrecon-
struction

5. Conclusionsand Futur eWork

Occlusionsand scanneraccessibilitylimitations to certain
regionsof thescenecausesomesurfacesnot to besampled,
resultingin incompleteor incorrectlyreconstructedmodels.
This paperpresenteda pipeline for reconstructingmissing
geometryandtexturedata,thusimproving thequalityof the
resultingmodels.Giventhecostsanddif�culties associated
with the scanningof real environments,the use of semi-
automatictechniquesin somestagesof the pipelineseems
well justi�able.

The centralideaof the pipelineis basedon the observa-
tionsthatrealscenesusuallycontaina numberof largepla-
nar and symmetricsurfaces.We �rst identify large planar
areas,replacingthemwith texturedpolygons.The remain-
ing samplesaresegmentedinto spatiallycoherentclusters,
whicharethenanalyzedfor theexistenceof symmetry.

Symmetryimplies redundancy and can be exploited for
modelreconstructionfrom incompletedata.Weusedthisob-
servationto designa family of new algorithmsbasedon 3D
and2D Houghtransformsfor identifyingapproximatesym-
metricpatternsin point cloudsandtextures,andusingsuch

patternto performreconstruction.The Houghtransformis
anappropriatetool for this taskdueto its relative insensitiv-
ity to noiseandmissingdata.

Wehaveappliedourmethodto thereconstructionof both
realandsyntheticscenesandshowedthatour resultsaresu-
perior to reconstructionsobtainedon theoriginal dataonly.
Dueto thesegmentationof individual objects,it is possible
to edit thesceneby instantiating,deletingor moving objects
around.

Symmetry-basedreconstructiondependsonthequalityof
the input dataanduserassistancemay be required.Never-
theless,it is apowerful conceptfor relaxingtherequirements
of full digitization of all surfacesin the scene,ascurrently
requiredfor theconstructionof completemodels.

After symmetry-basedreconstuctionhasbeenperformed,
theremay still be someareasfor which no information is
available,whichcannotalsobe�lled in by automaticproce-
duresfor surfacereconstruction18; 3; 10; 2; 12. We expectto �ll
theseholesusingamoving leastsquaresprocedure20. Alter-
natively, polyharmonicRadial-BasisFunctionscanbe used
to reconstructeachoneof thesegmentedobjects7.

We currentlycopy color andtexture informationregard-
lessof shadingdifferencesbetweenthesourceanddestina-
tion regions.Re�ectancepropertiesextracteddirectly from
surfaces43 combinedwith lighting informationcanbe used
to improve theseresults.

Due to thedensesamplingof surfacesproducedby laser
range�nders, theresultingpolygonalmodelsusuallycontain
anunnecessarilylargenumberof smalltriangles.Theuseof
meshsimpli�cation strategies,suchastheonesusedin36; 44

canbeusedto reducethesizeof themodel.

This work representedjust the beginning of our explo-
ration on ComputationalSymmetryand several of its av-
enuesstill needto beconquered.Symmetryusuallyappears
in many differentscalesandtheHoughtransformseemsto
bethenaturaltool for identifying it at bothlocal andglobal
levels.
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Figure13: View of theof�ce before (left) andafter thereconstruction(right).
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