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Abstract

Rangesensingtechnologyallowsthephoto-realisticmodel-
ing of large-scalescenes,such asurbanstructures.A major
bottleneck in theprocessof3D sceneacquisitionis theauto-
matedregistrationof a largenumberof geometricallycom-
plex 3D range scansin a commonframeof reference. The
generated3D representations,afterautomatedregistration,
are useful for urban planning, historical preservation,or
virtual reality applications. Man-madeurban scenespro-
vide an abundanceof linear featuresthat can be usedfor
the solution of the problem. Many scenesthoughrequire
theutilizationof non-linearprimitives.Thispaperprovides
a solutionof the registration problembasedon the robust
detectionandmatching of circular featuresfromtherange
datasets.Wepresentresultsfromexperimentswith complex
rangescansfromtheinterior of a large-scalelandmarkur-
ban structure (Grand Central Terminal, NYC),where tra-
ditional methodswould fail. This work is part of a larger
rangeregistrationsystemthat is basedonextractedfeatures
of multiplegeometrictypes.

1. Intr oduction

The photorealisticmodelingof large-scalescenes,suchas
urbanstructures,requiresa combinationof rangesensing
technologywith traditionaldigital photography. Therange
sensingpartiscritical for theaccurategeometricdescription
of thescene.A systematicandautomaticway for register-
ing 3D rangescansis thusessential.This paperpresents
a novel methodthat utilizes non-linearfeaturesof circular
natureextractedfrom rangeimagesto facilitateautomated
registration.

Featuresof this type are very commonin many archi-
tecturalenvironments(considerthe rangescansshown in
Fig. 1 for anexample).Our approachbringspairsof range
scansinto very accurateinitial alignmentmaking no as-
sumptionsabout the relative position of the rangescans.

� Supportedin partby NSFCAREERIIS-01-21239,andNSFMRI/RUI
EIA-0215962.

Thepresentedmethodthuscomplementswork basedonlin-
earfeaturesalone[9][10], or point signatures[8]. We en-
vision a largersystemthatdetectsandmatchesfeaturesof
variousgeometricshapes(lines, circular or elliptical arcs,
spheres,cylinders,etc.).

(a) (b)

Figure1: Two rangeimagesof the interior of a GrandCentral
Terminal,NYC.

A robust methodthat extractsdistinguishablefeatures
from rangeimagesis very importantfor ourmethod.Previ-
ousrangeimagesegmentationtechniquesincludeedgede-
tection[1][2], region growing [3][4], andpolynomialsur-
face �tting [3][5]. Most of thesemethodsprovide edge
mapsand/or regions expressedas polynomial functions.
This is useful for objectmodelingandreconstruction,but
may not be suitable for featurematching. Our method
detectspreciseedgesandextractsgeometricfeatureswith
concisedescriptorsthatmake themappropriatefor feature
matching.

Iterative ClosestPoint (ICP) is oneof themostpopular
rangeregistrationalgorithms[6][7]. ICP providesvery ac-
curateresultsbut requiresa good initial guessof the reg-
istration transformation. We, on the other hand, utilize
ICP asa post-processingstepafter our automatedmethod
brings scansinto alignment. A methodthat doesnot re-
quireknowledgeof an initial registrationtransformationis
presentedin [8][11] (spin images). The spin imagesap-
proachdoesnot rely on featuresof speci�c geometrictype,
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but issensitivetovaryingscanresolutions.Furthermore,the
extractedpoint signatureshave local support,theextentof
whichis speci�edby theuser. Ourapproachdetectscircular
featuresof any sizeaslongasthey exist in therangeimage.
Thus,it doesnotsuffer from limitationson featuresupport.
Approachesthat rely on linear featuresalone[9][10] pro-
vide accurateresultsin scenesof urbannature,but will fail
in scenesthat do not containa suf�cient amountof lines.
Ourmethodthuscomplementsline-basedapproaches.

We are introducinga new rangeregistrationalgorithm
that extractsnon-linearfeatures(circles in this article) as
well aslines. Theproposedalgorithmexpandsthecapabil-
ity of line-basedalgorithmsto recognizemorecomplicated
geometricshapesin 3D scenes.The major stepsinclude
3D edgedetection,3D line/3Dcircleextraction,andcircle-
basedfeaturematching.Basedon our currentresearch,we
proposea framework of registeringrangeimagesbasedon
avarietyof geometricshapesandotherfeaturedescriptors.

2. 3D EdgeDetection
EachrangescanRi is representedasa2Darrayof 3Dpoints
f P(k; l ); k = 1: : : N ; l = 1 : : : M g1. Within eachrange
imagewe consider3D edgesof the following two types:
(a) edgescausedby surface normal discontinuities(roof
edges),and(b) edgescausedby depthdiscontinuities(step
edges).Stepedgesarefurtherdividedinto edgescausedby
onesurfaceoccludinganother(occlusionedges),andedges
causedby 3D surfaceboundaries(boundaryedges).

We brie�y summarizethealgorithmfor detectingedges
of various types. First the surfaceorientationchangeat
eachpoint is decomposedinto variationsalong four grid
directions. This grid is the 2D structuredgrid on which
eachrangeimageis organized(as mentionedin the pre-
vious paragraph).We thusobtainfour valuesat every 3D
point, thatwe call directionalvariationvalues.In thestruc-
tured2D grid we form four 2D images.Theintensityvalue
at eachpixel is thesurfacevariation(we de�ne it properly
in thenext paragraphs)of thecorresponding3D point. We
call the four 2D imagesdirectionalvariation images. 2D
Canny-basededgedetectionis performedon eachimage.
Finally the2D edgesarecombinedandprojected2 backto
the3D rangeimagespace,providing the�nal 3D edgesdue
to surfacenormaldiscontinuitiesor depthdiscontinuities.

Beforeprovidingmoredetails,let us�rst de�ne thenota-
tion in this paper. During theedgedetectionprocesson 2D
directionalvariationimages,3D informationsuchasrange
depthand3D distancebetweenrangepointsis oftenneeded.
To minimizeambiguity, weusecapitallettersto denotefea-
turesin 3D space,andlower caselettersfor 2D space.The

1The indicesk; l de�ne thepositionandorientationof the laser-beam
whichproducesthe3D pointP (k; l ).

2Eachpixel p(k; l ) in thegrid-point imagecorrespondsto a 3D point
P (k; l ).

featuresincludepoints,circles,etc. For example,point P
refersto apoint in 3D space,andp refersto thecorrespond-
ing pixel in the2D grid image.

The directional variation imagesare obtainedas fol-
lows: At eachpoint P, let B1 and B2 be its two neigh-
borsalong oneof the four grid directions(seeFig. 2(a)).
Thevectorfrom P to B1 is V 1 , andfrom P to B2 is V 2 .
The variation at eachdirection for point P is de�ned as
Angle(V 1 ; V 2 )=� . This providesa valuein (0; 1] as the
intensityvaluefor this2D directionalvariationimage.Note
that if the pixel p (correspondingto P) has at leastone
emptyneighborpoint on thegrid, thevalueis setto 0, and
if p is itself anemptypoint, thevalueis setto � 0:1 (to de-
tectboundaryedges).Each2D directionalvariationimage
thusemphasizessurfacenormalchangealongonedirection
(Fig. 2). Thecombinationof theedgesdetectedfrom them
providesuswith acompletesetof edgepoints.Representa-
tivepreviousmethodsinvolvetheestimationof surfacenor-
mals�rst, followedby decompositionof x/y directions[4]
or analysisof theanglebetweensurfacenormalsof neigh-
boring points[2]. We implementedthesemethodsaswell
but they arenot as robust for curved surfacesfor the fol-
lowing reasons:(1) Surfacenormalcomputationsmooths
out the orientationchange;(2) Decomposingto x/y direc-
tion causespoor resultsat diagonaledges;and(3) Thean-
glebetweenneighboringsurfacenormalsonly providesone
degreeof information, but the direction of changeis dis-
carded.

2D edgedetectionis performedoneachof thefour direc-
tionalvariationimagesin Fig. 2. First,Gaussiansmoothing
is appliedto suppressnoise. Then,gradientsalongx and
y direction, gx and gy , are computedat eachpixel using
Sobeloperators. With gx and gy we computethe gradi-
entmagnitudeg. Edgedirectiondir at eachpixel is deter-
minedby slopeangleangle = arctan(gy =gx ): if angle 2
[0; �

8 ] [ [ 7�
8 ; � ], dir is horizontal;if angle 2 ( �

8 ; 3�
8 ), dir is

positive diagonal;if angle 2 [ 3�
8 ; 5�

8 ], dir is vertical; and
if angle 2 ( 5�

8 ; 7�
8 ), dir is negativediagonal.

The traditional Canny edgedetectionthen carriesout
non-maximumsuppressionto obtaina thin edge,followed
by hysteresisthresholdingto outputa speci�ed amountof
edgepoints.In ouralgorithm,we reversetheorderof these
two procedures,dueto thefollowing considerations:1) In-
steadof decidingthe numberof edgepoints by ratio, we
aim at �nding all the pointswhoseneighborhoodscontain
moresigni�cant changethanexpectedin thehighresolution
rangescansof large-scaleurbanscenes.2)Applying thresh-
olding in the last stepcausesdiscontinuousedges,but we
preferto keepedgesascontinuousaspossible,for thepur-
poseof accurateedgelinking andcircle �tting in the later
phases.So, our algorithmusesa generousthreshold0.35
(allowing theanglechangeof 5 degrees3 in any direction)

3We know that at eachnon-boundarypoint, the directionalvariation
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(a)

(b) (c)

(d) (e)

Figure2: Directionalvariationimages.(a) Four grid directions:
1-Horizontal,2-Vertical, 3-Positive Diagonal,4-Negative Diago-
nal. B1 andB2 areP 'sneighborsalongdirection1. (b)–(e)Direc-
tionalvariationimagesof Fig. 1(a)in theabove four directionsre-
spectively. Brighterpointshavelargervariationvalues,anddarker
pointshave smallervariationvalues(seetext). Theintensitiesare
slightly scaledfor bestdisplay. Notethateachtypeof directional
variationimagerespondsstrongestto edgesperpendicularto the
directionof computingvariation.

for edgemagnitude,followed by non-maximumsuppres-
sion.

To this point, we have detectedall roof andstepedges.
However, occlusionedgesneedto beidenti�ed andonly the
foregroundedgesshouldbekept in orderto re�ect thetrue
geometryof the scene(similar to the shadows in 2D im-
ages). In our algorithm,non-maximumsuppressionvotes
off edgepointsbasedonmagnitude,regardlessof whetherit
is ona foregroundsurfaceor abackgroundsurface(Fig. 3).
We therefore�nd andremove all backgroundedgepoints,
while addbackthoseforegroundedgepointsvotedoff by

valuev 2 (0; 1]. Theabsolutedifferencebetweenany two pointsis thus
dv 2 (0; 1]. Let ussetthethresholdto be5o � 0:0873. Sobeloperator
enlargesthedifferenceby afactorof atmost4,whichgives0:35 for gx and
gy . Sinceonly oneof themcouldreachthatmaximumvalue,thethreshold
of magnitudeis decidedto bethesamefor both.

a backgroundneighbor. To �nd thesepoints,we mapthe
2D edgepointsbackto 3D rangescanandlabela 3D point
P if its correspondingpixel p is anedgepoint. For anedge
pointP, letB1 andB2 beits two neighborsperpendicularto
its edgedirection.4 If Distance(P; B1)>> Distance(P; B2)
and Depth(B1)<< Depth(P), then B1 is a foreground
point, andP is a backgroundedgepoint. In that caseP
is labeledasnon-edge,andB1 is labeledasan edgepoint
(Fig. 3(a)). Notice that in the caseof Fig. 3(b), when P
alreadyhastwo otherneighborson bothsidesof B1 being
edgepoints,it is unnecessaryto addB1 to form athick edge
andconsequentlybe�tted to two lines.By symmetry, edges
of otherdirectionscanbeanalyzedandprocessedsimilarly.

Figure3: Occlusionedgeandits correction.Dashline: realoc-
clusionedge.Black points: foregroundedgepoints. Graypoints
below theedge:backgroundedgepointsto beremovedfrom edge
map. Graypointsabove theedge:foregroundpointsto beadded
asedgepoints.In (a),they areaddedinto edge;in (b), they stayas
non-edgesincetheedgeis alreadyconnectedandtraceable.

Another type of edgepoints to be eliminatedfrom ev-
erydirectionalvariationimagearethecornerpoints.These
pointsappearashigh curvaturepointsin 3D space.There
are two reasonsfor removing thesepoints: 1) By remov-
ing cornerpointswe breaktheconnectionsbetweenedges
of differentdirections,therebysimplifying edgelinking and
�tting (e.g.thecornerpointsconnectingedgesin Fig.5(a)).
2) Many delicatestructuresaredetectedasedgepoints,but
they donotprovideinformationonmajorgeometricshapes.
Theseclustersof highcurvaturepointssometimesshow in-
terestingpatterns.Althoughdiscardedin our currentalgo-
rithm, they couldbeutilized for region matchingin thefu-
ture(e.g. the rosettein Fig. 5(a)). We detectcornerpoints
by applyingHarriscornerdetectorto everyedgepoint,and
testingwhethertherearemorethanoneprincipledirections
formedby all edgepointsin its localneighborhood.

The next stepis the combinationof four edgemapsby
taking the union of all edgepoints. From the combined
edgemap,isolatededgepointsaredeleted,andshortgaps
(1 or 2 pixels)are�lled alongthelocaledgedirection.Then
continuousedgepointsarelinkedby tracingalongedgedi-

4In hereaswell aslaterin thispaper, “edgedirectionatapoint” means
the2D edgedirectionof its correspondingpixel.
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rections. The edgelinking utilizes the structuredgrid on
which the rangeimageis representedfor resolvingneigh-
bors. Only long edges(30 pointsor more)arebeingkept
for laterprocessing.The�nal combinededgemapis shown
in Fig.4(e).Fig.5 showsthedetailsin areasof acornerand
acircularwindow.

(a) (b)

(c) (d)

(e)

Figure4: Edgepointsof rangeimagesof Fig. 1(a).Notethatthe
color at eachpoint (red/green/yellow/magenta)indicatesits edge
direction (seetext), hencethe samepoint usually hasthe same
color in the four edgeimages.(a)-(d)Edgepointsdetectedfrom
Fig. 1(b)-(e)respectively. (e)Combinededgeimagefrom (a)-(d).

3. 3D Cir cle Extraction
Eachlinked edgedescribesa curve in 3D space. For the
purposesof this work we areinterestedin circularfeatures,
which arenon-linearplanarcurves. Thereforewe �rst re-
move linearones,andthenkeeponly planaronesfor circle
�tting. For eachlinkededgefrom Fig. 4(e), its best-�t line

(a) (b)

Figure 5: Zoom-in on edgepoints. (a) Black points are cor-
nerpoints(to beremoved from consideration).(b) circularedges
alongthewindow frame.

directionV max andbest-�t planenormalV min arecom-
puted. A curve is consideredlinear if the line �tting er-
ror (averagedistanceof all pointsto the �tted line) is less
thana threshold0.03m(approximatedistancebetweentwo
neighboring3D rangepoints).For nonlinearcurves,theav-
erageperpendiculardistanceof all pointsto the�tted plane
is usedto discard3D curvesthatarenonplanar(agenerous
thresholdof 0.5mis used).For eachof theremainingplanar
curves,all pointsareprojectedontotheir �tted plane.After
thisprocess,the3D curvebecomesasetof 2D pointsin the
2D space� of the�tted plane.Circle �tting is donein this
space.

Taking the commonapproachof least square�tting 5,
we computethe center(a; b) andradiusr of the circle by
�nding an approximatenull-vectorof a n � 4 designma-
trix, wheren is the numberof pointson the curve. Con-
sider the circle function (x � a)2 + (y � b)2 � r 2 = 0.
It can be written as x2 + y2 � 2ax � 2by + a2 + b2 �
r 2 = 0. Let (x i ; yi ) be the 2D coordinatesof all points
pi (i = 1; :::; n) on the curve. Then the circle equation
for all points can be expressedas as a multiplication of
the n � 4 matrix M = [M 1 M 2 ::: M n ]T where
M i = [x2

i + y2
i � 2x i � 2yi 1] (for i = 1; :::; n),

with unknown vector[1 a b a2 + b2 � r 2]T . The null-
vector of the designmatrix, computedby SVD, provides
thesolution. Finally, thecircle �tting error is computedas

cer r =
q

� n
i (distance (pi � center ) � r )2

n : Theratio ( cer r
r ) must

fall below a threshold(0.02) to verify that the planar3D
curve is a circulararc.Finally, thecenterof the�tted circle
is convertedbackfrom � to the 3D space.We now have
threeparametersto representeachoriented3D circle: 3D
centerpoint, radius,andplanenormal.Fig. 6 shows all the
circles with radii between3.0m and5.0m. Theseare the
onesmostusefulfor matchingin the next step. In the ex-
ecution,we detectall circleswith radii between2.0mand

5A 3D houghtransformmethodwill be inef�cient, sincethe radii of
circlesareunknown andmayvary wildly.
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20.0m.

(a) (b)

Figure6: Circlesextractedfrom the rangeimagesof Figs.1(a)
and1(b), respectively. All edgepointsarein black,andall �tted
circulararcsarerepresentedwith coloredfull circles,with green
linesindicatingtheirnormals.Notethatthreecircularwindowsare
detectedin bothimages.Theimagesarerotatedto thebestangle
to observe all circles. Thereforesomeof themappearasellipses
dueto theviewing direction.

4. FeatureMatching
After the oriented3D circlesareextractedfrom rangeim-
ages,possiblematchingsbetweenthemare hypothesized.
The computedtransformationsare gradedusing surface
consistency[11] andaveragepoint distancein the overlap-
pingareabetweenthescans.

Similarity of radii, orientationandrelative positionbe-
tweenpairsof circlesis utilized in thematchingphase.In
particular, considera pair of circles(C1; C2) from scanR1

andanotherpairof circles(C0
1; C0

2) from scanR2. Thepairs
wouldbeconsideredasmatchingiff

1. Circles C1; C0
1 have equal radii within a threshold

(maximumdifferenceof 0.1m);

2. Circles C2; C0
2 have equal radii within a threshold

(maximumdifferenceof 0.1m);

3. Thedistancebetweenthecentersof C1; C0
1 equalsthe

distancebetweenthecentersof C2; C0
2 within athresh-

old (maximumdifferenceof 0.2m);

4. The anglebetweenthe normalsof C1; C0
1 equalsthe

anglebetweenthenormalsof C2; C0
2 within a thresh-

old (maximumdifferenceof 10o).

Furthermore,considera pair of circles (C1; C2) from
scanR1 andanotherpair of circles(C0

1; C0
2) from scanR2

thatcouldbeconsideredavalid matchaccordingto thepre-
viousde�nitions. A transformation(rotationR followedby
a translationT) canbe computedby converting the corre-
spondenceof a pair of orientedcirclesto a pair of 3D ori-
entedlines. This approachleadsto a robusttransformation

computation,sinceit is basedonrelativepositionandorien-
tationof thefeaturesratherthanexactpositionandorienta-
tion of eachfeature.In particular, two casesareconsidered:

Case1: Circles(C1; C2) haveparallelnormalsV 1 andV 2

(thesameis truefor thenormalsV 0
1 andV 0

2 of circles
(C0

1; C0
2)) (Fig. 7(a)).Let usconsidertheorientedline

D that connectsthe centersof (C1; C2) and the ori-
entedline D 0 thatconnectsthecentersof (C0

1; C0
2). If

D is not parallelto V 1 (thatmeansthatD 0 is notpar-
allel to V 0

1 ), thematchof theorientedline D with D 0

andV 1 with V 0
1 canprovidea reliabletransformation

(closedform formula[9]). Otherwise(D is parallelto
V 1 ) a reliabletransformationcannotbecomputed.

Case2: Circles(C1; C2) do not have parallelnormalsV 1

andV 2 (thesameis true for thenormalsV 0
1 andV 0

2
of circles(C0

1; C0
2)) (Fig. 7(b)). Then,thetwo pairsof

orientedlines(V 1 ; V 2 ) and(V 0
1 ; V 0

2 ) areusedfor the
computationof a reliabletransformation(closedform
formula[9]).

(a) (b)

Figure7: Two casesof matchingcircle pairs.Thedashline sep-
aratesscanR1 from R2 . Theradii andrelative positionof thetwo
circles from R1 mustbe similar to thosefrom R2 . (a) Case1:
two circleshave parallel normals. V1 ; D andV 0

1 ; D 0areusedto
computetransformation.(b) Case2: two circle normalsarenot
parallel.V1 ; V2 andV 0

1 ; V 0
2 areusedto computetransformation.

Fromeachvalid matchingcirclepairs,acandidatetrans-
formationis computedasdescribedabove. Eachtransfor-
mationis veri�ed for correctnessasfollows. Basedon the
fact thatoverlappingimagesarecapturedfrom nearbypo-
sitions, we discardall rotation matriceswith diagonalel-
ementssmallerthan0.7 (allowing 45o tilting of the range
scannerabouteachof its x=y=z axes). Note that this step
reducesthe numberof possibletransformationsand thus
speedsup the algorithm, but is not otherwisenecessary.
Thenwe testwhetherthetransformationcausessurfacein-
consistency (seenext paragraph).Finally, from all veri�ed
transformations,theoneachieving thesmallestaveragedis-
tancebetweenoverlappingrangepoints is chosenas the
best.6

6Notethatanapproachsimilar to associationgraphs[12] wouldgener-
ateavery largesearchspace.
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Surfaceinconsistency betweentwo rangeimagesR1 and
R2 is decidedin summaryasfollows (methoddescribedin
[11]). After imageR1 is transformedto thecoordinatesys-
temof the imageR2, considera ray castfrom R2's center
of projectiontowardtheoverlappingareaof thetwo images.
Thefollowing two situationsshouldnot happen:(1) along
theray thereis a point from R1 but nopoint from R2 (Free
SpaceViolation); (2) alongtheray thereis a point from R1

signi�cantly in front of a point from R2 (OccupiedSpace
Violation). Wefollow thesuggestionin [11] andimplement
surfaceinconsistency detectionwith two z-buffers,onefor
eachscan.Thecoordinateson bothz-buffersarebasedon
the2D grid of scanR2 (999� 999points),but sampledinto
250� 250bins.Onepoint falls into onebin if theray from
R2's centerof projectiontoward the point passesthrough
that bin. For eachbin in R2's z-buffer, amongall points
thatfall into it, thesmallestdistancefrom thecenterof pro-
jectionis recorded.R1's z-buffer is �lled in thesameman-
ner, but with pointsfrom transformedR1. Now comparing
thesetwo z-bufferswe areableto detectcasesof FSV and
OSV. Only at thosebins wheredistancevaluesfrom two
imagesdiffer no morethana certainthreshold(2.0m), i.e.
overlappingregions,we recordthedifference,andtake the
averageof all suchdifferencesto evaluatethegoodnessof
thetransformation.We choosethethreshold2.0m,because
thisvalueis a looseupperboundfor pointdistance.Setting
thethresholdtoo low would limit thecomparabilityof two
transformations,sinceonly thosefew points alreadyvery
closeareusedfor distancecomputation.Thereforethedif-
ferencebetweengoodtransformationsandbadonesis not
obvious. In our experiment,we alsoseta loosethreshold
(10%) on overlappingareato �lter out invalid transforma-
tions.

5 Experimental Results

Our automatedmethodis usedfor registrationof the inte-
rior scansof GrandCentralTerminalin NYC (a large-scale
landmarkurbanstructure).The besttransformationof the
two corner scansof Fig. 1 provides a registrationerror
(averagepoint distancein the 55:7% overlappingarea)of
0.95cm. Within a few iterationsof ICP an optimal trans-
formation with a registrationerror of 0.90cmis obtained
(Fig. 8).

Also, weregisteredotherscansof thishall with thesame
technique.The entirehall is roughly in rectangularshape
with an archedceiling. Fig. 9 shows a few typical scans
on thefront wall ((a)(c))andthesidewall ((e)(g)),together
with circlesextractedfrom them.Notethatthe lower parts
of the walls (e.g.(c)(g))containlines and planes,and are
thereforeregisteredwith thelinear-featurebasedtechnique
of [10]. The upperregionswith very few linear features,
e.g.(a)(e),areregisteredwith their lowerneighboringscans

(a)

(b)

Figure8: Registeredimagesof Figs. 1(a) and 1(b). They are
coloredto highlight overlappingarea. (a) All imagepoints. (b)
Edgepointsat overlappingarea.

(c)(g) respectively, by matchingoverlappingcircular win-
dows.

In Fig. 10, registerededgepointsfrom 23 scansarevi-
sualized.Thereareanother14 scansnot shown for clarity
of presentation.Amongall 37 scans,20 of themarelower
partsregisteredwith lines, 13 of themare the upperparts
registeredwith their lower neighborscansbasedon over-
lappingcircularwindows. Threescansaremanuallyregis-
tered,becausethey arecylindrical ceiling patcheswithout
any distinguishinggeometricshapeinformation.In Table1
we reporttheperformanceof 13 registrationsbasedon cir-
cles. Whenregisteringthe last two pairs,a long execution
time is experienceddue to a large numberof valid trans-
forms from the preciselyextractedcirclesaroundthewin-
dow frame(asin Fig. 9(b)(d)). To avoid unnecessarycom-
putations,wesettheprogramto terminatewhentheaverage
distancefallsbelow 0.03cm(approximatedistancebetween
two neighboringpoints).Thevaluesin columnsRT, D mat,
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Timearethereforerecordedupto thepointwhenanaccurate
enoughresultis reached.In Fig. 11, morescreenshotsare
shown, includingregisteredscenes,edgepoints,andpartof
a3D modelconstructedusingtheregisteredrangepoints.

(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure9: Foursidewall scans,extractededgesand�tted circles.

6. Conclusionsand Futur e Work
We have introducednovel algorithmsandresultson regis-
teringrangeimagesbasedoncircularfeatureextractionand
matching.This work complementsrangescanregistration
systembasedon linear featuresor point signatures.The
edgedetectionprovidesprecise3D edges,andthecircle �t-
ting extractscircular edgesfeasiblefor featurematching.
Finally, the correct transformationis selectedfrom many

Circles RT D mat D opt Overlap Time
26x24 544 0.95cm 0.90cm 55.7% 6min
24x39 980 1.11cm 1.00cm 29.1% 9min
21x39 15 3.42cm 1.28cm 16.1% 1min
24x20 748 2.13cm 0.77cm 38.4% 7min
13x30 126 2.01cm 0.84cm 28.9% 2min
21x26 534 1.68cm 0.90cm 35.5% 6min
23x11 29 4.26cm 0.87cm 28.7% 1min
14x31 18 2.65cm 0.93cm 27.8% 2min
31x13 58 2.34cm 0.98cm 23.0% 2min
37x26 67 3.83cm 0.87cm 37.2% 2min
23x35 310 1.20cm 0.84cm 26.7% 7min
49x41 3054 2.81cm 1.02cm 38.7% 58min
50x38 931 1.83cm 0.92cm 44.6% 10min

Table1: Experimentalresults.Meaningsof columns:Number
of circlesfrom two imagesto register;Numberof candidatetrans-
formations;Averagepoint distancefrom besttransformation;Av-
eragepoint distanceafter ICP optimization;Overlappingareaof
two scans;Executiontime, includingcircle extractionandmatch-
ing (onaLinux-based2GHzXeon-Processorwith 2GB of RAM).

Figure10: Registerededgesof 23 scans,with color indicating
scansfrom upperparts(blue) and lower parts (red). The other
14 scansarenot displayedfor clarity of presentation;thesescans
composea sidewall closerto our point of view andsymmetricto
thewall beingdisplayed.

candidatesby point-basedveri�cation and distancemini-
mization.Theregistrationachievescm-level accuracy. The
computationtime is in theorderof minutes.

In the future, we would like to improve the estimation
of thresholdsin our algorithm. Although they arereason-
ably estimatedbasedon our rangescandata,it would be
a great advancementif they could be decidedfrom any
providedrangedataautomatically. Thresholdsdetermining
cornerpoints,straightlines,andcirclesareratherimportant.
They affecthow many edgepointsandfeaturesareusedfor
matching:too few maycauseinability to register, while too
many maydramaticallyslow down theregistrationprocess.
This is a commonproblemin featuredetection.
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All of our current achievementsare part of a larger
projectof rangeimageregistrationbasedon multiple geo-
metricfeatures.Sincetherearecertainlysceneswithout ro-
bustcircularfeatures,ournext stepwould involveincluding
moregeometricshapesinto oursegmentationanalysis,such
aselliptical curvesor sphericalandcylindrical surfaces.If
noneof thepreliminarygeometricshapescanbe detected,
we would considergeneratingstatisticaldescriptorsfor ar-
bitrary featureareasselectedeitherautomaticallyor manu-
ally.
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Figure11: Registrationresults. (a) Four out of the37 automat-
ically registeredscansshown for clarity. (b) Edgepointsof (a).
Four colorsrepresentedgepointsfrom four scans.(c) Eight out
of the37 automaticallyregisteredscansshown for clarity. (d) 3D
modelgeneratedwith Ball Pivoting Algorithm. Thesmoothceil-
ing impliestheregistrationis tight andseamless.
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