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Abstract

Rang sensingednology allowsthephoto-ralisticmodel-
ing of large-scalescenessud asurbanstructues. A major
bottlene&in theprocesof 3D sceneacquisitionis theauto-
matedregistration of a large numberof geometricallycom-
plex 3D range scansin a commorframeof refeence The
genemated3D representationsafter automatedegistration,
are usefulfor urban planning historical preservation,or
virtual reality applications. Man-madeurban scenegro-
vide an abundanceof linear featuresthat can be usedfor
the solution of the problem. Many sceneghoughrequire
theutilization of non-linearprimitives. This paperprovides
a solutionof the registration problembasedon the robust
detectionand matding of circular featuresfromthe range
datasets.We presentesultsfromexperimentsvith comple
range scansfromtheinterior of a large-scaldandmarkur-
ban structue (Grand Central Terminal, NYC),wheee tra-
ditional methodswvould fail. Thiswork is part of a larger
rangeregistration systemhatis basedn extractedfeatures
of multiple geometrictypes.

1. Intr oduction

The photorealisticmodelingof large-scalescenessuchas
urbanstructuresrequiresa combinationof rangesensing
technologywith traditionaldigital photography Therange
sensingpartis critical for theaccuratggeometriaescription
of the scene.A systemati@ndautomaticway for register
ing 3D rangescansis thus essential. This paperpresents
a novel methodthat utilizes non-linearfeaturesof circular
natureextractedfrom rangeimagesto facilitate automated
registration.

Featuresof this type are very commonin mary archi-
tectural ervironments(considerthe rangescansshawvn in
Fig. 1 for anexample).Our approactbringspairsof range
scansinto very accurateinitial alignmentmaking no as-
sumptionsaboutthe relative position of the rangescans.
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Thepresentednethodhuscomplementsvork basednlin-
earfeaturesalone[9][10], or point signature48]. We en-
vision a larger systemthat detectsand matchedeaturesof
variousgeometricshapeglines, circular or elliptical arcs,
spheresgylinders,etc.).

(b)

Figure 1. Two rangeimagesof the interior of a GrandCentral
Terminal,NYC.

A robust methodthat extracts distinguishablefeatures
from rangeimagess veryimportantfor our method.Previ-
ousrangeimagesegmentatiortechniquesncludeedgede-
tection[1][2], region growing [3][4], and polynomial sur
face tting [3][5]. Most of thesemethodsprovide edge
maps and/or regions expressedas polynomial functions.
This is usefulfor object modelingandreconstructionput
may not be suitable for feature matching. Our method
detectspreciseedgesand extractsgeometricfeatureswith
concisedescriptorghat make themappropriatefor feature
matching.

Iterative ClosestPoint (ICP) is one of the mostpopular
rangeregistrationalgorithms[6][7]. ICP providesvery ac-
curateresultsbut requiresa good initial guessof the reg-
istration transformation. We, on the other hand, utilize
ICP asa post-processingtepafter our automatednethod
brings scansinto alignment. A methodthat doesnot re-
quire knowledgeof aninitial registrationtransformatioris
presentedn [8][11] (spinimages). The spin imagesap-
proachdoesnotrely onfeaturesof speci ¢ geometridype,



butis sensitveto varyingscarnresolutions Furthermorethe
extractedpoint signatureshave local support,the extent of

whichis speci edby theuser Ourapproactdetectircular
featuref ary sizeaslong asthey exist in therangeimage.
Thus,it doesnot suffer from limitationson featuresupport.
Approacheghat rely on linear featuresalone[9][10] pro-
vide accurataesultsin scene®f urbannature but will fail

in sceneghat do not containa sufcient amountof lines.
Our methodthuscomplementdine-basedapproaches.

We areintroducinga new rangeregistrationalgorithm
that extracts non-linearfeatures(circlesin this article) as
well aslines. The proposedilgorithmexpandsthe capabil-
ity of line-basedhlgorithmsto recognizenorecomplicated
geometricshapesn 3D scenes. The major stepsinclude
3D edgedetection3D line/3D circle extraction,andcircle-
basedeaturematching.Basedon our currentresearchye
proposea frameawork of registeringrangeimagesbasedon
avarietyof geometricshapesndotherfeaturedescriptors.

2. 3D EdgeDetection

EachrangescarR; isrepresentedsa2D arrayof 3D points
fP(k;);k = 1:::N;l = 1:::Mg. Within eachrange
imagewe consider3D edgesof the following two types:
(a) edgescausedby surface normal discontinuities(roof

edges)and(b) edgescausedyy depthdiscontinuitiegstep
edges) Stepedgesarefurtherdividedinto edgesausedy

onesurfaceoccludinganother(occlusionedges)andedges
causedy 3D surfaceboundariegboundaryedges).

We brie y summarizethe algorithmfor detectingedges
of varioustypes. First the surface orientationchangeat
eachpoint is decomposednto variationsalong four grid
directions. This grid is the 2D structuredgrid on which
eachrangeimageis organized(as mentionedin the pre-
vious paragraph).We thus obtainfour valuesat every 3D
point, thatwe call directionalvariationvalues.In the struc-
tured2D grid we form four 2D images.Theintensityvalue
at eachpixel is the surfacevariation (we de ne it properly
in the next paragraphsdf the corresponding@D point. We
call the four 2D imagesdirectionalvariationimages. 2D
Canry-basededgedetectionis performedon eachimage.
Finally the 2D edgesare combinedand projected backto
the 3D rangeimagespaceproviding the nal 3D edgesiue
to surfacenormaldiscontinuitiesor depthdiscontinuities.

Beforeproviding moredetailsletus rst de ne thenota-
tion in this paper During the edgedetectionproceson 2D
directionalvariationimages 3D informationsuchasrange
depthand3D distancébetweemrangepointsis oftenneeded.
To minimizeambiguity we usecapitallettersto denotefea-
turesin 3D spaceandlower caselettersfor 2D space.The

1Theindicesk; | de ne the positionandorientationof the laserbeam
which produceghe 3D point P (k; I).

2Eachpixel p(k; 1) in the grid-pointimagecorrespondso a 3D point
P(k;l).

featuresinclude points, circles, etc. For example,point P
refersto apointin 3D spaceandp refersto thecorrespond-
ing pixel in the2D grid image.

The directional variation imagesare obtainedas fol-
lows: At eachpoint P, let B; andB; be its two neigh-
borsalong one of the four grid directions(seeFig. 2(a)).
Thevectorfrom P toB; isV 1, andfrom P to B, is V ,.
The variation at eachdirection for point P is de ned as
Angle(V 1;V2)= . This providesa valuein (0; 1] asthe
intensityvaluefor this 2D directionalvariationimage.Note
that if the pixel p (correspondingo P) hasat leastone
emptyneighborpoint on the grid, the valueis setto 0, and
if p isitself anemptypoint, thevalueis setto 0:1 (to de-
tectboundaryedges).Each2D directionalvariationimage
thusemphasizesurfacenormalchangealongonedirection
(Fig. 2). The combinationof the edgesdetectedrom them
providesuswith acompletesetof edgepoints.Representa-
tive previousmethodsnvolve theestimationof surfacenor-
mals rst, followedby decompositiorof x/y directions[4]
or analysisof the anglebetweersurfacenormalsof neigh-
boring points[2]. We implementedhesemethodsaswell
but they are not asrobust for curved surfacesfor the fol-
lowing reasons:(1) Surfacenormal computationsmooths
out the orientationchange;(2) Decomposingo x/y direc-
tion causegoor resultsat diagonaledges;and(3) Thean-
gle betweemeighboringsurfacenormalsonly providesone
degreeof information, but the direction of changeis dis-
carded.

2D edgedetectioris performedon eachof thefour direc-
tional variationimagesn Fig. 2. First, Gaussiarsmoothing
is appliedto suppressoise. Then, gradientsalongx and
y direction, g« and gy, are computedat eachpixel using
Sobeloperators. With gy and g, we computethe gradi-
entmagnitudeg. Edgedirectiondir ateachpixel is deter
minedby slopeangleangle = arctan(gy=g): if angle 2
[0; 51[ [4; 1.dir ishorizontal;if angle 2 (g; %), dir is
positive diagonal;if angle 2 [3-; 2], dir is vertical; and
if angle 2 (3;; &), dir is negative diagonal.

The traditional Canry edgedetectionthen carriesout
non-maximumsuppressiono obtaina thin edge,followed
by hysteresighresholdingto outputa speci ed amountof
edgepoints. In ouralgorithm,we reversethe orderof these
two proceduresgdueto thefollowing considerationsi) In-
steadof decidingthe numberof edgepoints by ratio, we
aim at nding all the pointswhoseneighborhoodgontain
moresigni cant changehanexpectedn thehighresolution
rangescanof large-scalairbanscenes2) Applying thresh-
olding in the last stepcausediscontinuousedges but we
preferto keepedgesascontinuousaspossible for the pur-
poseof accurateedgelinking andcircle tting in the later
phases.So, our algorithmusesa generousghreshold0.35
(allowing the anglechangeof 5 degrees in ary direction)

3We know that at eachnon-boundarypoint, the directionalvariation
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Figure2: Directionalvariationimages.(a) Four grid directions:
1-Horizontal,2-Vertical, 3-Positve Diagonal,4-Negative Diago-
nal. B1 andB areP 'sneighborsalongdirectionl. (b)-(e)Direc-
tionalvariationimagesof Fig. 1(a)in theabove four directionsre-
spectvely. Brighterpointshave largervariationvalues,anddarker
pointshave smallervariationvalues(seetext). Theintensitiesare
slightly scaledfor bestdisplay Notethateachtype of directional
variationimagerespondsstrongesto edgesperpendiculato the
directionof computingvariation.

for edgemagnitude,followed by non-maximumsuppres-
sion.

To this point, we have detectedll roof and stepedges.
However, occlusionedgeseedio beidenti ed andonly the
foregroundedgesshouldbekeptin orderto re ect thetrue
geometryof the scene(similar to the shadavs in 2D im-
ages). In our algorithm, non-maximumsuppressiorvotes
off edgepointsbasednmagnituderegardles®f whetherit
is on aforegroundsurfaceor a backgroundsurface(Fig. 3).
We therefore nd andremove all backgroundedgepoints,
while add backthoseforegroundedgepoints voted off by

valuev 2 (0;1]. Theabsolutedifferencebetweerary two pointsis thus
dv 2 (0;1]. Letussetthethresholdto be5°  0:0873. Sobeloperator
enlagesthedifferenceby afactorof atmost4, whichgives0:35for gx and
gy - Sinceonly oneof themcouldreachthatmaximumvalue,thethreshold
of magnitudes decidedto be the samefor both.

a backgroundheighbor To nd thesepoints,we mapthe
2D edgepointsbackto 3D rangescanandlabela 3D point
P if its correspondingixel p is anedgepoint. For anedge
pointP, letB 1 andB beitstwo neighborgperpendiculato
its edgedirection? If DistancéP; B;)>> DistancéP; B)
and Depth(B1)<< DepthP), then B; is a foreground
point, and P is a backgroundedgepoint. In that caseP
is labeledasnon-edgeandB is labeledasan edgepoint
(Fig. 3(a)). Notice thatin the caseof Fig. 3(b), whenP
alreadyhastwo otherneighborson both sidesof B ; being
edgepoints,it isunnecessarto addB ; to form athick edge
andconsequentlpe tted totwo lines. By symmetryedges
of otherdirectionscanbeanalyzedandprocessedimilarly.

Figure3: Occlusionedgeandits correction.Dashline: realoc-
clusionedge.Black points: foregroundedgepoints. Gray points
belav theedge:backgrouncedgepointsto beremovedfrom edge
map. Gray pointsabore the edge:foregroundpointsto be added
asedgepoints.In (a),they areaddednto edge;in (b), they stayas
non-edgesincethe edgeis alreadyconnectedndtraceable.

Anothertype of edgepointsto be eliminatedfrom ev-
ery directionalvariationimagearethe cornerpoints. These
pointsappearas high curvaturepointsin 3D space.There
aretwo reasondor removing thesepoints: 1) By remov-
ing cornerpointswe breakthe connectiondetweenedges
of differentdirections therebysimplifying edgelinking and
tting (e.g.thecornerpointsconnectingedgesn Fig. 5(a)).
2) Mary delicatestructuresaredetectedasedgepoints,but
they donotprovideinformationon majorgeometricshapes.
Theseclustersof high curvaturepointssometimeshaw in-
terestingpatterns.Although discardedn our currentalgo-
rithm, they could be utilized for region matchingin the fu-
ture (e.g. therosettein Fig. 5(a)). We detectcornerpoints
by applyingHarris cornerdetectorto every edgepoint, and
testingwhethertherearemorethanoneprincipledirections
formedby all edgepointsin its local neighborhood.

The next stepis the combinationof four edgemapsby
taking the union of all edgepoints. From the combined
edgemap,isolatededgepointsaredeleted,andshortgaps
(1 or2pixels)are lled alongthelocal edgedirection. Then
continuousedgepointsarelinkedby tracingalongedgedi-

4In hereaswell aslaterin this paper “edgedirectionata point” means
the 2D edgedirectionof its correspondingpixel.



rections. The edgelinking utilizes the structuredgrid on
which the rangeimageis representedor resolvingneigh-
bors. Only long edges(30 pointsor more) are beingkept
for laterprocessingThe nal combinededgemapis shavn
in Fig. 4(e).Fig. 5 shavsthedetailsin areasf acornerand
acircularwindow.

() (b)

(c) (d)

(e)

Figure4: Edgepointsof rangeimagesof Fig. 1(a). Notethatthe
color at eachpoint (red/green/yello/magentajndicatesits edge
direction (seetext), hencethe samepoint usually hasthe same
colorin the four edgeimages.(a)-(d) Edgepointsdetectedrom
Fig. 1(b)-(e)respectiely. (e) Combinededgeimagefrom (a)-(d).

3. 3D Circle Extraction

Eachlinked edgedescribesa curve in 3D space. For the
purpose®f this work we areinterestedn circularfeatures,
which are non-linearplanarcurves. Thereforewe rst re-
move linearones,andthenkeeponly planaronesfor circle
tting. For eachlinkededgefrom Fig. 4(e),its best- t line

@ (b)

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

directionV nax andbest- t planenormalV mi, arecom-
puted. A curve is consideredinear if the line tting er
ror (averagedistanceof all pointsto the tted line) is less
thanathresholdd.03m(approximatedistancebetweerntwo
neighboring3D rangepoints). For nonlinearcurves,the av-
erageperpendiculadistanceof all pointsto the tted plane
is usedto discard3D curvesthatarenonplanar(agenerous
thresholdof 0.5mis used).For eachof theremainingplanar
cunves,all pointsareprojectedontotheir tted plane.After
this processthe 3D curve becomes setof 2D pointsin the
2D space of the tted plane.Circle tting is donein this
space.

Taking the common approachof leastsquare tting °,
we computethe center(a; b) andradiusr of the circle by
nding anapproximatenull-vectorof an 4 designma-
trix, wheren is the numberof pointson the curve. Con-
siderthecircle function(x a2+ (y b? r2 = 0.
It canbe written asx? + y?> 2ax 2by+ a? + b?
r2 = 0. Let (xi;y;) bethe 2D coordinatesof all points

pi(i = 1;::;n) onthe curve. Thenthe circle equation
for all points can be expressedas as a multiplication of
then 4 matrixM = [M1 My Mn]" where

M = [x2 + y? 2Xi 2yi 1] (fori = 1;::n),
with unknovnvector[l a b a2+ ? r?]". Thenull-
vector of the designmatrix, computedby SVD, provides
thesoll&ion. Finally, the circle tting erroris computedas

Corr = i (distance (pri] center ) r)2 : Theratio(ce%) must
fall below a threshold(0.02) to verify that the planar3D
cuneis acirculararc. Finally, the centerof the tted circle
is corvertedbackfrom  to the 3D space.We now have
threeparametergo representachoriented3D circle: 3D
centerpoint, radius,andplanenormal. Fig. 6 shawvs all the
circleswith radii between3.0mand5.0m. Thesearethe
onesmostusefulfor matchingin the next step. In the ex-
ecution,we detectall circleswith radii between2.0mand

5A 3D houghtransformmethodwill be inefcient, sincethe radii of
circlesareunknavn andmayvary wildly.
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Figure6: Circlesextractedfrom the rangeimagesof Figs. 1(a)
and1(b), respectiely. All edgepointsarein black,andall tted
circular arcsarerepresentedavith coloredfull circles,with green
linesindicatingtheirnormals.Notethatthreecircularwindows are
detectedn bothimages.Theimagesarerotatedto the bestangle
to obsere all circles. Thereforesomeof themappearasellipses
dueto theviewing direction.

4. Feature Matching

After the oriented3D circlesare extractedfrom rangeim-

ages,possiblematchingsbetweenthem are hypothesized.

The computedtransformationsare graded using surface
consisteng[11] andaveragepoint distancein the overlap-
ping areabetweerthescans.

Similarity of radii, orientationandrelative positionbe-
tweenpairsof circlesis utilized in the matchingphase.In
particular considera pair of circles(Cy; Cz) from scanR;
andanothepair of circles(C?; C2) from scanR,. Thepairs
would be consideredismatchingiff

1. Circles C1;CY have equal radii within a threshold
(maximumdifferenceof 0.1m);

2. Circles Cp; CY have equal radii within a threshold
(maximumdifferenceof 0.1m);

3. Thedistancebetweerthe centersof Cy; C? equalsthe
distancenetweerthecenterf C,; CS within athresh-
old (maximumdifferenceof 0.2m);

4. The anglebetweenthe normalsof C;; C?9 equalsthe
anglebetweerthe normalsof C,; C§ within a thresh-
old (maximumdifferenceof 10°).

Furthermore,considera pair of circles (Cy; C,) from
scanR; andanotherpair of circles(CJ; C9) from scanR,
thatcouldbeconsiderea valid matchaccordingo the pre-
viousde nitions. A transformatior(rotationR followedby
atranslationT) canbe computedby corvertingthe corre-
spondencef a pair of orientedcirclesto a pair of 3D ori-
entedlines. This approacHeadsto a robusttransformation

computationsinceit is basednrelative positionandorien-
tationof thefeaturesatherthanexactpositionandorienta-
tion of eachfeature.In particular two casesreconsidered:

Casel: Circles(C;; C,) haveparallelnormalsV ; andV ,
(thesamds truefor thenormalsV ¢ andV § of circles
(C; C9)) (Fig. 7(a)). Let usconsidetthe orientedline
D that connectgthe centersof (C1; C,) andthe ori-
entedline D °thatconnectghe centersof (C; C9). If
D is notparallelto V ; (thatmeanghatD °is not par
allel to V 9), the matchof the orientedline D with D°
andV ; with V § canprovide areliabletransformation
(closedform formula[9]). Otherwise(D is parallelto
V 1) areliabletransformatiorcannot be computed.

Case2: Circles(Cy; C;) donothave parallelnormalsV ;
andV , (the sameis true for the normalsVv ¢ andVv 9
of circles(CY; C9)) (Fig. 7(b)). Then,thetwo pairsof
orientedines(V 1;V ) and(V ?; V 9) areusedfor the
computationof areliabletransformatior(closedform
formula[9]).

@ (b)

Figure7: Two casesof matchingcircle pairs. The dashline sep-
aratescanR; from R,. Theradii andrelative positionof thetwo
circlesfrom R; mustbe similar to thosefrom R,. (a) Casel:
two circles have parallelnormals. Vi; D and V?; D %are usedto
computetransformation.(b) Case2: two circle normalsare not
parallel.Vy; V> andV; Vareusedto computetransformation.

Fromeachvalid matchingcircle pairs,acandidatdrans-
formationis computedasdescribedabove. Eachtransfor
mationis veri ed for correctnesssfollows. Basedon the
factthat overlappingimagesare capturedfrom nearbypo-
sitions, we discardall rotation matriceswith diagonalel-
ementssmallerthan 0.7 (allowing 45° tilting of the range
scannerbouteachof its x=y=z axes). Note thatthis step
reducesthe numberof possibletransformationsand thus
speedsup the algorithm, but is not otherwisenecessary
Thenwe testwhetherthe transformatiorcausesurfacein-
consisteng (seenext paragraph) Finally, from all veri ed
transformationstheoneachieving thesmallestaveragedis-
tancebetweenoverlappingrange points is chosenas the
best®

6Notethatanapproactsimilarto associatiomgraphg12] would gener
ateavery large searchspace.



Surfaceinconsisteng betweertwo rangeimagesk; and
R; is decidedin summaryasfollows (methoddescribedn
[11]). After imageR; is transformedo the coordinatesys-
temof theimageR, consideraray castfrom R,'s center
of projectiontowardtheoverlappingareesof thetwo images.
The following two situationsshouldnot happen:(1) along
theray thereis a pointfrom R; but nopointfrom R, (Free
SpaceViolation); (2) alongtheray thereis a pointfrom R
signi cantly in front of a point from R, (OccupiedSpace
Violation). We follow thesuggestiorin [11] andimplement
surfaceinconsisteng detectionwith two z-hbuffers, onefor
eachscan. The coordinaten both z-buffersarebasedon
the2D grid of scanR; (999 999points),but samplednto
250 250bins. Onepointfallsinto onebinif theray from
R>'s centerof projectiontoward the point passeghrough
that bin. For eachbin in R,'s z-huffer, amongall points
thatfall into it, thesmallestdistancefrom the centerof pro-
jectionis recorded R1's z-hufferis lled in the sameman-
ner, but with pointsfrom transformedR1. Now comparing
thesetwo z-bufferswe areableto detectcasef FSV and
OSV. Only at thosebins where distancevaluesfrom two
imagesdiffer no morethana certainthreshold(2.0m),i.e.
overlappingregions,we recordthe difference andtake the
averageof all suchdifferencedo evaluatethe goodnes®of
thetransformation\We choosehethreshold2.0m,because
thisvalueis alooseupperboundfor pointdistance Setting
thethresholdtoo low would limit the comparabilityof two
transformationssinceonly thosefew points alreadyvery
closeareusedfor distancecomputation.Thereforethe dif-
ferencebetweengoodtransformationsandbad onesis not
obvious. In our experiment,we alsoseta loosethreshold
(10%) on overlappingareato Iter outinvalid transforma-
tions.

5 Experimental Results

Our automatednethodis usedfor registrationof the inte-
rior scansof GrandCentralTerminalin NYC (alarge-scale
landmarkurbanstructure). The besttransformatiorof the
two cornerscansof Fig. 1 provides a registration error
(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, weregistereddtherscanf this hall with thesame
technique. The entire hall is roughly in rectangulaishape
with an archedceiling. Fig. 9 shows a few typical scans
onthefrontwall ((a)(c))andthesidewall ((€)(g)),together
with circlesextractedfrom them. Note thatthe lower parts
of the walls (e.g.(c)(g))containlines and planes,and are
thereforeregisteredwith the linearfeaturebasedechnique
of [10]. The upperregionswith very few linear features,
e.g.(a)(e)areregisteredwith their lower neighboringscans

(@)

(b)

Figure 8: Ragisteredimagesof Figs. 1(a)and 1(b). They are
coloredto highlight overlappingarea. (a) All image points. (b)
Edgepointsat overlappingarea.

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

In Fig. 10, registerededgepointsfrom 23 scansarevi-
sualized.Thereareanotherl4 scansnot shavn for clarity
of presentationAmongall 37 scans20 of themarelower
partsregisteredwith lines, 13 of themarethe upperparts
registeredwith their lower neighborscansbasedon over
lappingcircularwindows. Threescansare manuallyregis-
tered,becausehey arecylindrical ceiling patcheswithout
ary distinguishinggeometricshapeanformation.In Table1
we reportthe performanceof 13 registrationsbasedon cir-
cles. Whenregisteringthe lasttwo pairs,a long execution
time is experienceddueto a large numberof valid trans-
forms from the preciselyextractedcircles aroundthe win-
dow frame(asin Fig. 9(b)(d)). To avoid unnecessargom-
putationse settheprogramto terminatewhentheaverage
distancealls belov 0.03cm(approximatedistancebetween
two neighboringpoints). Thevaluesin columnsRT, D_mat,



Timearethereforaecordedipto thepointwhenanaccurate
enoughresultis reached.In Fig. 11, morescreershotsare
shawn, includingregisteredscenesedgepoints,andpartof

a 3D modelconstructedisingtheregisteredrangepoints.

() (b)

(c) (d)

(e) ®

@) (h)

Figure9: Foursidewall scansgxtractededgesand tted circles.

6. Conclusionsand Futur e Work

We have introducednovel algorithmsandresultson regis-
teringrangeimagesbasedn circularfeatureextractionand
matching. This work complementsangescanregistration
systembasedon linear featuresor point signatures. The
edgedetectiorprovidesprecise3D edgesandthecircle t-

ting extractscircular edgesfeasiblefor featurematching.
Finally, the correcttransformationis selectedfrom mary

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 | 2.0lcm| 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

Tablel: Experimentaresults. Meaningsof columns:Number
of circlesfrom two imagedo register;Numberof candidaterans-
formations;Averagepoint distancefrom besttransformationAv-
eragepoint distanceafter ICP optimization; Overlappingareaof
two scansExecutiontime, including circle extractionandmatch-
ing (onaLinux-based®GHz Xeon-Processawrith 2GB of RAM).

Figure 10: Registerededgesof 23 scanswith color indicating
scansfrom upper parts (blue) and lower parts (red). The other
14 scansarenot displayedfor clarity of presentationthesescans
composea sidewall closerto our point of view andsymmetricto

thewall beingdisplayed.

candidateshy point-basedveri cation and distancemini-
mization. Theregistrationachiezescm-level accurag. The
computatiortime is in the orderof minutes.

In the future, we would like to improve the estimation
of thresholdsn our algorithm. Although they arereason-
ably estimatedbasedon our rangescandata, it would be
a greatadvancementf they could be decidedfrom ary
providedrangedataautomatically Thresholdsietermining
cornemoints,straightlines,andcirclesareratherimportant.
They affecthow mary edgepointsandfeaturesareusedfor
matching:too few may causdnability to register while too
mary maydramaticallyslow down theregistrationprocess.
Thisis acommonproblemin featuredetection.



All of our current achievementsare part of a larger
projectof rangeimageregistrationbasedon multiple geo-
metricfeatures Sincetherearecertainlyscenesvithoutro-
bustcircularfeaturespur next stepwould involveincluding
moregeometricshapesnto our sggmentatioranalysissuch
aselliptical curvesor sphericalandcylindrical surfaces.If
noneof the preliminarygeometricshapesanbe detected,
we would considergeneratingstatisticaldescriptordor ar
bitrary featureareasselecteckitherautomaticallyor manu-
ally.
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Figure11: Registrationresults. (a) Four out of the 37 automat-
ically registeredscansshavn for clarity. (b) Edgepointsof (a).
Four colorsrepresentedgepointsfrom four scans.(c) Eight out
of the 37 automaticallyregisteredscansshavn for clarity. (d) 3D
modelgeneratedvith Ball Pivoting Algorithm. The smoothceil-
ing impliestheregistrationis tight andseamless.



