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Abstract
Rangesensingtechnologyallowsthephotorealisticmod-

eling of large-scalescenes,such as urban structures. The
generated3D representations,after automatedregistration,
areusefulfor urbanplanning, historicalpreservation,or vir-
tual realityapplications.Onemajor issuein 3D modelingof
complex large-scalescenesis that the�nal resultis a dense
complicatedmesh.Signi�cant, in somecasesmanual,post-
processing(meshsimpli�cation, hole �lling) is required to
make this representationusableby graphicsor CAD appli-
cations. This paperpresentsa 3D modelingapproach that
modelslarge planar sceneareasof the scenewith planar
primitives (extractedvia a segmentationpre-process),and
non-planarareaswith meshprimitives. In that respect,the
�nal model is signi�cantly compressed. Also, lines of in-
tersectionbetweenneighboringplanesaremodeledassuch.
Thesestepsbring the modelcloserto graphics/CADappli-
cations. We presentresultsfrom experimentswith complex
rangescansfromurbanstructuresandfromtheinterior of a
large-scalelandmarkurbanbuilding (GrandCentral Termi-
nal, NYC).

1 Intr oduction
Ourgoalis theautomatedgenerationof coherent3Dmod-

els of large outdoorscenesby utilizing information gath-
eredfrom laserrangescannersandregular cameras.There
is a clear need for highly realistic geometricmodels of
the world for applicationsrelatedto Virtual Reality, Tele-
presence,Digital Cinematography,Digital Archeology,Jour-
nalism,andUrbanPlanning.Recently, therehasbeenalarge
interestin reconstructingmodelsof outdoorurbanenviron-
ments.Theareasof interestincludegeometricandphotore-
alistic reconstructionof individual buildings or large urban
areasusinga varietyof acquisitionmethodsandinterpreta-
tion techniques,suchasground-baselasersensing,air-borne
lasersensing,groundandair-borneimagesensing.

A typical 3D modeling systeminvolves the phasesof
(1) individual rangeimageacquisitionfrom differentview-
points,(2) noiseremoval for eachrangeimage,(3) segmen-
tation of eachrangeimage(i.e. extractionof lines, planes,
etc.),(4) registrationof all imagesinto a commonframeof
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reference,(5) transformationof eachrangeimageinto an
intermediatesurface-basedor volumetric-basedrepresenta-
tion, (6) merging of all rangeimagesinto a commonrepre-
sentation(3D model),(7) hole �lling in the �nal 3D model,
(8) simpli�cation of the�nal 3D model,and(9) construction
of CAD modelof the scene.The third step(segmentation)
is not utilized by all systems,but it is very importantin our
approach.

Therehasbeensigni�cant progressin theareaof 3D mod-
eling from denserangescans.Representative 3D modeling
systemsincludethefollowing: [1, 2, 3, 4,6,7, 9,14, 10]. We
presenta methodfor 3D modelingandmesh-simpli�cation
(sixth, andeighthtaskof a 3D modelingsystem)basedon
thesegmentationresultsof eachrangeimage(third task).We
alsoprovide a hole �lling algorithmin the �nal 3D model.
Ourgoalis to retainthegeometricdetailsof the3D modelin
areaswhereplanarsegmentationis not possibleandto sim-
plify themodelin areaswhereplanarsegmentsfrom theseg-
mentationmoduleareavailable. This approachis bene�cial
in large-scalescenesthat containa large numberof planar
areas(suchasurbanenvironments).Ourultimategoalis the
automatedgenerationof a CAD modelof thescene.

The fact that we are relying on the original segmenta-
tion resultsfor modeling planar areasincreasesthe time-
ef�ciency and accuracy of our algorithmsin theseareas.
Meshingtheplanarpartsusingthe3D rangepointsincreases
the time- and space-complexity of the method. It is how-
evermucheasierto modelthemaslargeplanes.Also mesh-
ing algorithmsarenot ableto correctlymodelsharpcorner
discontinuitiesdueto noisyrangemeasurementsaroundcor-
ners. We, on the otherhand,areable to robustly estimate
the locationof thesesharpcornersby the utilization of the
planarsegments.Themajorstepsof ourapproachareasfol-
lows: (a) detectionof planarsegmentsin eachrangescan
[13], (b) merging of planarcomponentsfrom overlapping
rangescans,(c) detectionandrepresentationof linesof inter-
sectionbetweenplanarcomponents,(d) identi�cation of the
non-planarpartsof thescene,(e)modelingof thenon-planar
partswith meshprimitives,and(f) hole�lling.

2 Merging Planar Components
In this section we presenta method that merges seg-

mentedplanarareasof two or moreoverlappingrangescans.



We assumethat therange-to-rangeregistrationproblemhas
beensolved, and that we are given a set of registeredand
segmented3D scans. When two or more scansare reg-
istered,segmentedplanarareas(abbreviatedas SPAs) that
correspondto the samepart of the scenebut acquiredfrom
differentviewpointsoverlap. The overlappingSPAs do not
matchexactly in size,shape,andpositiondueto (a) occlu-
sionsfrom othersceneobjects,(b) different�elds of views
(not seeingthe samepart of the scene),(c) differentview-
ing anglesanddistances,(d) differentamountsof noise(due
to differentgrazingangles),and(e) errorsintroducedby the
segmentationmodule. Our algorithmmustdetectthe over-
lapsandthenmergetheoverlappingregionsinto consistent
polygonalareas.By doingthisweexpectto createsegments
that describeconsistent3D shapes(polygonsin our case),
andnot only partsof the shapesseenfrom differentpoints
of view. Alternatively, a systemcouldsegmentthe�nal reg-
isteredpoint cloud into SPAs. Suchanapproachwould not
requirethe merging of SPAs of different rangescans. On
the other hand,detectingplanarsegmentsalong with their
boundariesis a robustandef�cient processif performedon
eachindividual rangescan. This is dueto the fact that the
structure(grid) of eachrangescancanbe utilized for each
individual image. That is why we independentlysegment
eachrangescanandthenmergethesegments.

EachrangescanRi is representedasa two-dimensional
arrayof 3D pointsf r (k; l ); k = 1: : : N ; l = 1 : : : M g1. The
segmentationmodule[13] operateson eachrangescanR i

andproducesa segmentedrangescanSi . Eachsegmented
scanSi consistsof asetof segmentedplanarareas(theterms
SPA, segmentedplanararea,cluster, or planarclusterwill be
usedinterchangeablyin therestof thedocument).EachSPA
Ci is aboundedplanewith exteriorandpossibleinterior (i.e.
holes)borders.It containsthefollowing information:

1. Thein�nite planeP(Ci ) whereCi lies(unit normaland
positionof theplane),

2. Thesetof 3D pointsof scanR i thatlie on theSPA Ci .

3. A polygonal outer boundaryof Ci as a sequenceof
rangepointsr (k; l ), and

4. Zeroor morepolygonalinnerboundariesof Ci (holes).

5. A geometriccenter, or centroid.

ThealgorithmthatmergesSPAs betweentwo overlapping
scansis asfollows(for detailsreferto Sec.2.1):

1. The SPAs that do overlap betweenthe two scansare
detected.Two segmentedplanarareasCi andCj over-
lap if f they areco-planar(i.e. the lie on thesamein�-
nite plane)andtheir polygonalboundarieshave a non-
empty intersection. To test co-planaritythe orienta-
tionsandpositionsof thetwo in�nite planesP(Ci ) and

1The indicesk; l de�ne the positionandorientationof the laser-beam
whichproducesthe3-D point r (k; l ).

P(Cj ) needto be comparedwithin an anglethreshold
athr esh anddistancethresholddthr esh respectively. In
orderto decidewhethertheco-planarpolygonalbound-
ariesof Ci andCj have a non-emptyintersection,the
boundariesshould �rst be rotatedto becomeparallel
to the plane z = 0. This allows us to perform 2D
polygonalprocessingoperations.In particular, we can
intersectthe rotatedpolygonalboundariesand decide
whethertheintersectionis emptyor not.

2. OverlappingSPAs are united into a merged planar
area. In order to achieve this the SPAs becomeparal-
lel to theplanez = 0 througharotation.Thentheareas
areunitedon the2D spaceof theplanez = 0. Finally
theunitedresultis rotatedbackin 3D spaceby applying
theinverserotation.

In orderto implementtheaforementionedalgorithmeach
SPA needsto maintainadditionalinformation.In particular,
eachSPA alsoincludesthe following members:conformed
planenormal, conformedplaneposition, conformedset of
outer/innerboundarypoints,andconformedcentroid. The
conformeddatamembersplay a key role. Initially they are
equalto theactualplanenormal/position,setof outer/inner
boundarypoints,andcentroidof theplanararea.As theal-
gorithmproceeds,theconformeddatamembersdivergefrom
theoriginalvalues.In particular, whenasetof k � 2 clusters
C1; : : : ; Ck areconsideredto be co-planar, thenbeforeany
transformationtakes place the (weighted)averagenormal
andaveragepositionof all k clustersis calculated.Thecon-
formednormalandpositionof thek clustersis madeequalto
theaveragenormal,andtheinnerandouterboundarypoints
of eachclusteris projectedon theconformedplane(i.e. the
averageplanegoingbetweenall k clusters).This projection
constitutesthe conformedinner and outer boundaries.Fi-
nally, theconformedcentroidof all k clustersis madeequal
to the(weighted)averageof theactualcentroidsof theclus-
ters. Now, theconformedboundarypointsof thek clusters
arerotatedaroundtheir commonconformedcentroids.The
factthatweareusingtheconformedboundarypointsmeans
thatall therotatedpointslie on theexactsameplanebefore
andafter the rotationaltransformation.If after the rotation
theclustersdo not overlap,thenthealgorithmrevertsto the
original planepositions,normals,andouter/innerboundary
points.

Finally, the time complexity of the algorithm hasbeen
improved by the utilization of orthogonalboundingboxes
aroundtheboundariesof eachplanarcluster. If thebounding
boxesof theboundariesof theclustersdonotoverlapthenno
furtherconsiderationof planaroverlapis needed.A resultof
themergingalgorithmfor onebuilding is shown in Fig. 4.

2.1 Skeletonof the algorithm
In this sectionwe presentthemerging algorithmin more

detail.
INPUT: A setS1 = f C1

1 ; C1
2 ; : : : ; C1

N g of N planarclusters
(SPAs) from scanR1, anda setS2 = f C2

1 ; C2
2 ; : : : ; C2

M g of



M planarclusters(SPAs) from scanR2.
OUTPUT: A set f Cu

1 ; Cu
2 ; : : : ; Cu

L g of L united planar
clusters, and K unchanged(due to no overlap) clusters
f C3

1 ; C3
2 ; : : : ; C3

K g.

STAGE 1: For eachpair of clusters(C1
i ; C2

j ) between
scansR1 andR2, decideif thereis an actualoverlap
betweenthem.No mergingis takingplaceat thisstage.
The booleanvariableOverlap(C1

i ; C2
j ) becomestrue

iff anoverlapexists.

Testingfor overlapbetweentwo SPAs is achieved as
follows:
If theboundingboxesof thetwo planarclustersoverlap
and their in�nite planesareco-planarwithin an angle
thresholdathr esh anddistancethresholddthr esh , then:

1. Conformed plane normals/positions,centroids,
and boundarypoints for both clustersare com-
puted.

2. A commonconformedcentroid(weightedaverage
basedon thenumberof boundarypoints)for both
clustersis computed.

3. Bothclustersarerotatedaroundthecommoncon-
formedcentroidsothatthey becomeparallelto the
z = 0 plane.

4. The transformedboundarypoints are translated
into generalizedLEDA [8] polygons.Theboolean
intersection operator between the two LEDA
polygonsis applied.Finally, thetwo clustersover-
lap if andonly if the intersectionof their LEDA
polygonsis notempty.

STAGE 2: The pairwiseOverlap relationbetweenpairs
of clustersin S1 � S2 de�nes an equivalencerelation
EQ amongthe clustersin the set S1 [ S2 . The re-
lation EQ is de�ned as follows: (a) (Ci ; Ci ) 2 EQ
for all clustersCi 2 S1 [ S2 . (b) If Overlap(Ci ; Cj )
then (Ci ; Cj ) 2 EQ, for all cluster Ci 2 S1 and
Cj 2 S2 . (c) If (Ci ; Cj ) 2 EQ then(Cj ; Ci ) 2 EQ,
for all clustersin S1 [ S2 . (d) If (Ci ; Cj ) 2 EQ and
(Cj ; Ck ) 2 EQ then(Ci ; Ck ) 2 EQ for all clustersin
S1 [ S2 . In otherwordsthis equivalencerelationship
partitionstheclustersof S1 [ S2 into subsetsthatde�ne
commonplanarsurfaces2.

In thisstagethesetS1 [ S2 of clustersis partitionedinto
theequivalenceclassesde�ned by EQ. All clustersin
eachequivalenceclassare part of the sameextended
planarsurface.

STAGE 3: This is the last stage,whereall clustersin the
sameequivalenceclass(i.e. clustersthatarepartof the
sameplanarextendedsurface)arebeingunited. Note
that the partition has beencomputedin the previous

2For instanceif Over lap(Ci ; Cj ) andOver lap(Cj ; Ck ) thenclusters
Ci ; Cj andCk areall partof anextendedplanarsurface.

step.Now for eachsetf C1; : : : ; Cm g of anequivalence
class(with m � 2) the union Cu is computedasfol-
lows:

1. Conformed plane normals/positions,centroids,
andboundarypoints for all m clustersarecom-
puted.

2. A commonconformedcentroid(weightedaverage
basedon the numberof boundarypoints) for all
clustersis computed.

3. All clustersarerotatedaroundthe commoncon-
formedcentroidsothatthey becomeparallelto the
z = 0 plane

4. The transformedboundarypoints are translated
into generalizedLEDA polygonsandtheboolean
uni�cation operatorbetweenthetwo LEDA poly-
gonsis applied.A new clusterCu is created.The
resultedgeneralizedpolygon is transformedinto
theouterandinnerboundariesof Cu .

5. Finally, the inverseof the rotation computedin
step3 is appliedto theboundariesof Cu , so that
it is now expressedin theoriginal coordinatesys-
tem.

STAGE 4: The�nal outputconsistsof all theunitedclus-
tersCu andall clustersCi 2 S1 [ S2 thatdonotoverlap
with any otherclusterin thedataset.

3 Producingstraight planar borders
One of the drawbacksof automated3D model creation

from rangedatasetsis the inability to capturecleanstraight
boundariesat sharpnormaldiscontinuities(corners)dueto
noisymeasurementsaroundthecorners.An exampleof this
problemis shown in Figures6(a)and6(b). Creatingstraight
bordersfrom themeasuredboundariesis thesecondstep(af-
ter planarsegmentation)of automaticCAD modelgenera-
tion. Our approachis basedon the automatedcomputation
of linesof intersectionbetweenneighboringplanarclusters.
Theselinesareveryaccuratelyandrobustlycomputed.That
is why they canbecomethemissingstraight3D borders.A
detailof our resultsis shown in Figures6(c) and6(d).

4 Identifying rangepoints not on SPAs
The computationof the mergedplanarareasfrom a set

of rangescans,naturally leadsto the needto combinethe
planarwith thenon-planarareasof the3D scene.Consider
two rangescansR1 andR2 that have beenplacedinto the
sameframe of referenceafter registration. Let us call S1

the set of segmentedplanarareasof the �rst scanand S2

the setof segmentedplanarareasof the secondscan. Our
merging modulemergesthesegmentedplanarareasS1 and
S2 (by uniting overlappingareas)resulting to the set Sm

of planarareas(seesection2). Let us call NP 1 the setof
unsegmentedpointsfrom the�rst scan.Thesearetherange
points of R1 that are not in any segmentedplanarareaof
S1 (this informationis givenby thesegmentationmodule).



Figure2: Axes-alignedboundingboxesof planarareaswith
respectto thecoordinatesystemthatconformsto thebuild-
ing structure(shown in red),with tightly enclosedplanarar-
eas(shown in variouscolors).Thesceneis seenfrom aview
thatis differentthattheview usedin �gures 1(a)and1(b).

Similarly, NP 2 is the setof unsegmentedpoints from the
secondscan. We wish to identify the setof pointsNP �
NP 1 [ NP 2 that lie within the planarareasof Sm . Then
the setof pointsNP 1 [ NP 2 � NP containsonly points
notonany planarareaof Sm

We �rst computetheaxes-alignedboundingboxesof the
planarareasin the set Sm . This will help us to perform
a fast3 interiority test. That meansthat we can ef�ciently
decidewhich unsegmentedpoints lie within the bounding
boxesof theplanarareas.Thepointsthatareinterior to the
boundingboxesmayormaynotoverlaptheplanarareas,and
furthertestingis necessary. However, pointsthatareexterior
to theboundingboxesdonotoverlapany planararea;nofur-
ther testingis thereforerequiredfor them. Sincethe range
scansare not alignedwith the axes of the coordinatesys-
tem, the computedboundingboxeshave largeextent,mak-
ing mostpointsbeinginteriorto them(seeFig. 1(a)).Thatis
why themajor3D directionsof the3D scenearecalculated.
The rangepointsare then rotatedin a way that makes the
threeCartesianaxesparallelto thethreemajordirectionsof
the scene.The boundingboxesarenow muchsmallerand
tightly enclosethe planarareas(seeFigs. 1(b) and2). In
this way mostof theunsegmentedpointsthatdonotoverlap
the planarareasfall outsideof the boundingboxesandare
excludedfrom furtherconsideration.

Thesecondstepis to identify which unsegmentedpoints
in NP 1 [ NP 2 thatareinterior to theboundingboxesac-

3O(N M ) time complexity, whereN is the numberof unsegmented
pointsandM is thenumberof planarareas.NotethatM is muchsmaller
thanthenumberof rangepoints.

tually lie on planarareas.This stepis necessarybecausea
point that is classi�ed asunsegmentedfrom oneview may
happento lie on a segmentedplanarareaof anotherview.
For every unsegmentedpoint Pi that lies within thebound-
ing box of a planarareaA j thefollowing processingis per-
formed:

1. Theunsegmentedpoint andtheplanarareaarerotated
soasfor theplanarareato beonplanez = 0.

2. Thez-coordinateof therotatedpoint P 0
i = [x i ; yi ; zi ]T

is theverticaldistanceof thepoint from theplanararea.
If this distanceis larger thana thresholdzth = 0:1m
thepoint is still consideredasunsegmented.

3. Otherwise,theprojection[x i ; yi ]T of theunsegmented
point on theplanez = 0 is considered.If this projec-
tion lies within the polygonalboundaryof the rotated
planararea,thenthepoint actuallylies on thearea.In
this casethe statusof the point changesfrom unseg-
mentedto planar. This interiority test is an expensive
operationimplementedby theLEDA library. Ouralgo-
rithm, however, is computationallyfeasibledueto the
fact that mostof the pointshave beendiscardedfrom
furtherconsiderationin the�rst step(boundingbox in-
teriority step).

In summaryan unsegmentedpoint of the setNP 1 [ NP 2

canchangeits status(i.e. becomeplanar)if andonly if all
thefollowing apply:

� Thepoint is interior to oneboundingbox.

� The distanceof the point from the planarareaof the
boundingbox is smallerthanzth = 0:1m (step2 of the
previoustest).

� Theprojectionof thepointontheplanararealieswithin
theboundariesof theplanararea(step3 of theprevious
test).

Fig. 3 shows unsegmentedpointscorrectlyclassi�ed as
lying on planarareasor not. From a total of 1; 717; 185
pointsfrom two scans943; 265(54:9%of thetotal)areclas-
si�ed as planar(i.e. the producethe segmentedplanarar-
easof the two scans)by the segmentationphase. Of the
remaining773; 920 unsegmentedpoints: 1) 54; 351 points
(0:03%of thetotal) lie on theplanarareasandthusbecome
planarpoints. 2) 719; 569 points (41% of the total) retain
their status(i.e. they do not lie on any planararea). Fi-
nally, the unsegmentedpoints can be further classi�ed by
calculatingtheir distancefrom theboundingboxes. Out of
the 719; 569 unsegmentedpoints that retainedtheir status,
528; 807(30:8%) arewithin 1 meterfrom atleastonebound-
ing box, and190; 762 (11% of the total) pointsare further
away.



(a) (b)

Figure1: (a) Axes-alignedboundingboxesof planarareaswith respectto scanner's coordinatesystem(shown in blue).Notethattheboxes
have large extent sincethe measuredsurfacesaretilted with respectto the axesof the rangescanner.(b) Axes-alignedboundingboxesof
planarareaswith respectto thecoordinatesystemthatconformsto thebuilding structure(shown in red).Theboundingboxesarenow much
smallerandtightly enclosetheplanarareas.

5 Meshing Algorithm
Partsof thescenethatarenot planar(asidenti�ed by the

algorithm of the previous section)are modeledvia an im-
plementationof the ball pivoting algorithm[3]. This algo-
rithm hasa numberof advantages:a) it is general,b) it is
conceptuallysimple, c) it doesnot averagethe point mea-
surementsbut faithfully followsthedata,andd) it allows for
space-ef�cient out-of-coreimplementation(i.e. thedatacan
be processedin slicesthat �t in main memory). Its main
disadvantage(wrt [4] for example)is that theselectionof a
ball radius� is critical, andthata largenumberof holeswill
appearin the �nal model. However, its naturalout-of-core
implementationmakesit appropriatefor largedatasets.

The basicideaof the algorithmis asfollows. The input
is a setof registeredrangescansthatarerepresentedas3D
points with normals. The connectivity information within
pointsof thesamescandoesnotneedto bemaintained.Sup-
posethat we aregiven a ball of radius� . This radiusis a
critical parameterthatneedsto bespeci�ed. First, from the
setof 3D pointsa seedtriangleof threepoints is detected.
Threepointsde�ne aseedtriangleif f anemptyball of radius
� passesthroughall threepoints. This seedtriangle is the
�rst triangleof theoutputmesh.Thealgorithmcontinuesby
rotatingthe initial ball aroundoneof the edgesuntil it hits
anotherdatapoint. Then a new triangle (thereare special
casesdiscussedin the original paper)will be addedto the
mesh. The ball continuesto roll as long asnew pointsare
beingconsidered.We shouldnotethat this ball is alwaysin
contactwith exactly threepointsof thedatasetandthatis al-

waysempty. If the ball is not ableto hit any otherpoint, a
searchfor a new seedtriangleis initiatedandtheprocessof
therotatingball continuous.Thealgorithmterminateswhen
no seedtrianglecanbedetected.Theselectionof theradius
� is thusvery important,sincea smallball will passthrough
thepointsandno meshwill becreated,anda largeball will
not beableto captureconcavities of high curvature.Unfor-
tunately, dueto the inability to selectoneor moreoptimal
ball sizes,anddueto noisein thecomputationof normals,a
numberof holesappearin thedata.A hole�lling algorithm
is thusessential.

6 Hole Filling
As mentionedin theprevioussection,themeshingalgo-

rithm producesa large numberof holes. The sequenceof
boundaryedgesthatsurroundtheseholesareidenti�ed dur-
ing meshgeneration.Thehole-�lling methodof [5] consid-
erablysmoothstheholeareas.It is thusappropriatefor small
holesandsmoothdatasets(suchasstatues)andlesseffective
for largeholesandsceneswith sharpdiscontinuities.Hereis
theoutlineof our currenthole-�lling algorithm:
(1) The input meshis segmentedinto connectedcompo-
nents. This stephelpsto determineinterior holesvs. ex-
terior boundaries.Note that exterior boundariesshouldnot
be�lled.
(2) Theholesareparametrizedby edgetweaking[11]. Each
holeis parameterizedasfollows:

� Startingat an arbitrary �rst point, traversethe hole in
the order given. For eachvertex vi (a) Estimatethe



Figure 3: (a) Top. Merged segmentedplanarareas(shown in
green)from two scans.Unsegmentedpointsthatdo not lie on pla-
narareasareshown in blue.Unsegmentedpointsthatareclassi�ed
asplanarareshown in red. Thesepointsbecomeplanarbecause
they arein the boundingbox of a planararea,their distancefrom
theplanarareais smallerthanzth = 0:1m, andtheirprojectionlies
within the boundariesof theplanararea(seeSec. 4). Theunseg-
mentedpointswill beusedfor thegenerationof a triangularmesh,
whereasthe planarpointswill becomepart of the planarareason
which they lie. (b) Bottom. Unsegmentedpointsandplanarareas.
A differentpartof thesceneis shown.

normalat the vertex, (b) Projectthepreviousandnext
edgeinto the planede�ned by the estimatednormal,
andcomputethe angleai betweenthe edges.Finally,
(c) Computethelengthl i of thepreviousedge.

� Transferthe3D angleandlengthmeasurementsto the
planeas follows: startwalking along the x-axis for a
distanceof l0 units,thenturna0 degrees.Next, walk l1
unitsandturna1 degrees,etc.

� Transferringtheanglesandlengthsinto theplaneintro-
ducesdistortion,so that thestartingpoint andtheend-
ing point of the loop will not meet in general. Edge
tweakingclosestheloop by de�ning anobjective func-
tion that constrainsthe endpointsto meet. The objec-
tive function allows the edgelengthsto vary, but does
notallow theanglesto vary.

� If the amountof distortion is too great, the parame-
terizedcurve will have self-intersections.Solving this
problemis partof our futurework.

� Eliminatesurfacebordersby checkingthe sumof the
anglesaroundthe loop. Outerboundariescan be de-
tectedbecausethey have theoppositesign from holes.
Largedistortionsmaycausethis testto fail. In practice,
this testseemsto generatefalsenegativesbut not false
positives.

� TriangulatetheparameterizedloopsusingDelauney re-
�nement [12].

� Lift thenew pointsto 3D space.

We would alsolike to investigatethealgorithmof [15] that
seemspromising.

7 Conclusions
We have presenteda methodthat startingfrom a setof

segmentedrangescans,produceslarge planarareas,along
with densemeshelements. Linear bordersof intersection
are also computed. One of our result is shown in Fig. 7.
Our main contribution is that we provide a framework for
automatedCAD scenecreationfrom rangedatasets.
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Figure5: (Top)3D modelconstructedvia animplementation
of the ball pivoting algorithm. Note that large planarareas
aroundthecolumnsaremodeledasdensemeshes.(Middle)
Hybrid model: planarareasaremodeledas large polygons
(graycolor for clarity), while non-planarareasaremodeled
via mesh.This representationis closerto a 3D CAD model.
(Bottom)Partof themodelthatis modeledasmesh.


