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Abstract

Our goal is the productionof highly accuratephotore-
alistic descriptionsof the 3D world with a minimum
of humaninteractionandincreasedcomputationalef�-
ciency. Our input is a largenumberof unregistered3D
and2D photographsof anurbansite.Thegenerated3D
representations,afterautomatedregistration,areuseful
for urbanplanning,historicalpreservation,or virtual re-
ality (entertainment)applications.A major bottleneck
in theprocessof 3D sceneacquisitionis theautomated
registrationof a largenumberof geometricallycomplex
3D rangescansin a commonframeof reference.We
have developednovel methodsfor theaccurateandef-
�cient registrationof a largenumberof 3D rangescans.
Themethodsutilize rangesegmentationandfeatureex-
tractionalgorithms.We have alsodevelopeda context-
sensitiveuserinterfaceto overcomeproblemsemerging
from scenesymmetry.

1 Intr oduction

A typical3D modelingsysteminvolvesthephasesof 1)
Individualrangeimageacquisitionfrom differentview-
points,2) Noiseremoval andhole�lling for eachrange
image,3) Segmentationof eachrangeimage(i.e. ex-
tractionof lines,planes,etc.),4) Registrationof all im-
agesinto acommonframeof reference,5) Transforma-
tion of eachrangeimageinto an intermediatesurface-
basedor volumetric-basedrepresentation,6) Merging
of all rangeimagesinto a commonrepresentation(3D
model),7) Simpli�cation of the�nal 3D model,and8)
Constructionof CAD modelof the scene.This paper
dealswith thesemi-automaticregistration(fourth task)
of a large numberof complex 3D scansin the same
frame of reference.We presenta new andmore ef�-
cientrange-rangeregistrationmethodthatcomplements
our original work of [14]. Both of our algorithms(pre-
viousandcurrent)arebasedon theautomatedfeature-
matchingof linesthathavebeenextractedfrom arange

segmentationmodule. This matchingleadsto coarse
pairwisealignmentbetweenthescansthatis optimized
by an Iterative ClosestPoint (ICP) [3] procedure.The
algorithmsrun undera context-sensitive userinterface
that can be utilized in casesof incorrect resultsdue
to scenesymmetry. Our comprehensive solution al-
lows for mm-accurateregistrationof large scaleurban
scenes.Wepresentexperimentsfrom theregistrationof
threelargeurbanstructures.

Most methodsthat attackthe rangeto rangeregis-
tration problemutilize one of the many variationsof
the Iterative ClosestPoint algorithm[3, 15, 2, 11]. In
ICPtherigid transformationbetweentwo viewsis itera-
tively re�ned, while largersetsof correspondingpoints
betweenviews canbe extractedafter eachre�nement
step. All ICP-typemethodsrequirethe meshesto be
spatially closewith respectto eachother in order for
an initial setof closestpoint correspondenceto be es-
tablished.Global ICP-typemethodsthat computereg-
istrationsbetweenall acquiredscansincludethe work
of Pulli [10] and Nishino [9]. Recentlya non-rigid
ICP method[4] hasbeenproposed.Hebert[6] intro-
duced the idea of spin-images,where the initial list
of correspondingpoints is extractedby using a pose-
invariant representationfor the rangeimages. In the
approachof [8] a numberof roughlypre-registeredim-
agesarebroughtinto �ne alignmentby the utilization
of a signeddistancefunction that requiressamplingof
the3D space.We believe thatour methodis moreef�-
cient for large-scaledatasetsdueto thedatareduction
inducedby oursegmentationmodule.Also,ourmethod
doesnotassumeroughpre-registrationof theinputdata
sets.On theotherhandtheusershouldspecifywhether
two scansoverlapor not.

The featuresusedfor registrationare 3D lines ex-
tractedat the bordersof segmentedplanarareas,and
at theintersectionsbetweensegmentedplanarareas.A
solution to the registrationproblemis possibleif two
pairs of correctlymatchedlinesarefoundbetweenthe
two scans
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. Only theorientationandposition



of the lines areuseddueto the fact the endpointscan
never be exactly localized(this is an inherentproblem
of all line detectors).Using thesetwo matchedpairs,
aclosed-formformulaprovidesthedesiredtransforma-
tion ���	��

� [5, 12]. Thatmeansthatablind hypothesis-
and-testapproachwould have to considerall possible
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� pairs of lines, where
�

and � are the numberof lines from scans
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and
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respectively. Suchanapproachis impracticaldueto
the sizeof the searchspaceto be explored. For each
pairof lineswewouldneedto computethetransforma-
tion ���	�"
�� andthenverify thetransformationby trans-
forming all lines from scan

� �

to the coordinatesys-
temof scan

� �

. The algorithm[14], previously devel-
opedby our group,providesa solutionto the problem
of thislargeexplorationspace,by rejectingalargenum-
ber of line pairsbeforetheexpensive veri�cation step.
In our previouswork, theadditionalinformationof the
3D planeon which eachextractedline lies facilitates
thesearch.Also, thelengthof thelines,andthesizeof
the planesis usedin orderto discardinvalid pairsat a
preprocessingstep,andin orderto verify thequality of
thematchat latersteps.Thecentralideais theselection
of a robustpair of linesfor thecomputationof anexact
rotationandof anestimatedtranslationandof a second
pair of linesin in orderto evaluatethecomputedtrans-
formation.

In this papera new complementaryand more ef�-
cient algorithm is introduced. This algorithm is sup-
portedby a context-sensitive userinterface.Our regis-
trationsystem�rst extractsthreemajordirectionsfrom
eachrangeimage by applying a rangesegmentation
step[13] andby clusteringtheextractedlinearsegments
and plane normals. A local object-basedcoordinate
systemfor eachrangeimage is constructednext, by
computingthreemajor orthogonalaxes.Therotational
transformationbetweenpairsof scanscanbecomputed
quickly andaccuratelyby matchingthesemajor scene
axesbetweenthescans.Candidatetranslationsarethen
estimatedby matchinglinear segmentsbetweenpairs
of rotationally aligned range images. Finally, these
candidatetranslationsare clusteredusing an unsuper-
visednearest-neighborclassi�cationmethod.Thecor-
rect translationvector shouldbe in one of the major
clustersof translations(i.e. being the one appearing
most frequently). This maximizationcriterion though
can leadto wrong registrationwhenthe 3D sceneap-
pearssymmetriceitherrotationallyor translationally. A
userinterface(seeSec. 3) hasbeendesignedto deal
with thepreviouslymentionedcases.Theuserinterface
hasthefollowing characteristics:a) It promptsauserto
indicatewhethertheregistrationis corrector wrong;b)

It displaysotherpossiblerotationsbetweenpairsif the
automaticallycomputedone is incorrect;andc) It al-
lows for thedirectadjustmenton thetransformationby
rotatingoneimagescanandmoving it alongthe three
majorscenedirections.

2 AutomatedRegistration Method

All overlappingpairsof rangescansareconsideredand
thetransformationbetweenthetwo scansis computed.
Our new automatedregistrationprocessinvolvesthree
steps:1) line andplaneclustering,2) rotationestima-
tion, and3) translationestimation.Whenthe transfor-
mationsbetweenall pairsarecomputedandveri�ed by
theuser, anICProutineoptimizesthepairwisetransfor-
mations. Finally, a global registrationprocedurecom-
putesthe transformationof all scanswith respectto a
selectedpivot scanto stitchall scansinto acommonco-
ordinatesystem.Notethatthisproceduredoesnotopti-
mizethepairwiseregistrationsalreadycomputed.Fig.1
shows the�o wchartof our system.
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Figure1: Flowchartof rangeto rangeregistrationwith
userinterface.

2.1 Rotation Estimation

Man-madeurbanscenesarecharacterizedby setsof lin-
earfeaturesorganizedin a majorverticalanda number
of horizontaldirections. After the segmentationphase
[13], theextracted3D line directionsandplanenormals
are clusteredinto threemajor 3D directions(Fig. 2).
Theclusteringproceduregroupsall theline vectorsinto
clusters(a vectorbecomespart of the clusterif its an-
gle from thecentroidof theclusteris smallerthanangle
threshold).In mostcasesthis procedureextractsthree
majordirectionsthatareperpendicularto eachother. In
thecasesthatonly two majorclustersarefound,wecan
obtainthe third majordirectionasthecrossproductof
the extractedtwo. Thus, our main assumptionis that
our 3D scenecontainsat leasttwo major perpendicu-



lar directions. This is a reasonableassumptionthat is
commonlyusedin urbanscenesettings(see[1]).

Figure2: Threemajor scenedirectionsextractedfrom
two segmentedrangescans(differentcolorscorrespond
to different segmentedplanes). A correctmatchbe-
tweenthedirectionsprovidesa uniquesolutionfor the
rotationaltransformationbetweenthescans.After obtaining three axes #�$
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from the right image,all
possiblevaluesfor the rotationalmatrix R that rotates
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any permutationof �210$
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� . Thereare 24
suchrotationmatricesthatrotatetheleft imageinto the
coordinatesystemof theright one.Howeverusingsim-
ple heuristics,thenumberof candidaterotationscanbe
signi�cantly reduced.

Thepositionof each3D point recordedrefersto the
rangescanner's inner coordinatesystem,which is de-
�ned asshown in Fig. 3. The lasergenerator/receptor
is the origin point of the local coordinatesystem.The
negative Z axis points towardsthe 3D scene. Let us
considerhow the coordinatesystemchangesfrom one
scanto another. In ouralgorithm,wealwayschoosethe
right imageas the pivot image,andtransformsall the
pointcoordinatesin theleft imageinto it. If therotation
matrix is:
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are the projectionsof %
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onto the
$ , % and & axes. During the scanningprocess,the
scanneris mostly moving on the ground level, with
at most FHGDI tilt-angle of the Y-axis. Sincethe Y-axis
doesnot changedramatically, we selecta thresholdfor
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that is at least0.7. Similarly, successive images
are likely to be from close-byviewpoints,so the �

7"7

and �

�"�

are restricted to have positive values.With
theserestrictions,the candidatesfor rotationbecomes

fewer than5, andin somecases,2 or 3. Thenwith the
assumptionthat successive imagesare close to each
other, we orderthesecandidaterotationmatricesby the
sumof the diagonalelements,� 7"7KJ �

�"�

J �

���

, and
choosetheonewith thelargestsumastherotationma-
trix. Theotherpossiblerotationsarekeptascandidates.
Note that theseassumptionscan be relaxed without
affectingtheactualoutcome,sincewecanchoosefrom
the candidaterotationsthe correctone. The described
heuristicis usedin orderto speedupour algorithm.

Figure3: Rangescanner's local coordinatesystemsat
two differentviewpoints.

2.2 Translation Estimation

Oncetherotationhasbeenautomaticallycomputed(see
Sec.2.1),or manuallyselected(seeSec.3), theaxesof
thetwo localcoordinatesystemsof thetwo scanscanbe
aligned. The next stepis the estimationof the transla-
tional vectorbetweenthetwo rangeimages.We search
for matchingpairsof 3D linear segmentsbetweenthe
two scans,sincetwo correctlymatchedpairsprovide a
uniquesolutionfor the translation.At a preprocessing
stage,thedistancebetweeneachpair of parallel linear
segmentsis computed.This distanceis thevectorthat
connectsthe midpointsof the two segments(Fig. 4).
Fromevery two lines in the left image ��LE?@��L�MD� andtwo
linesin theright image �,NO?D�9NPM@� , a candidatetranslation
is computedif andonly if:

1. All four lines are parallel to eachother, and the
distancebetweenl1 andr1 equals(within a length
andanglethreshold)the distancebetweenl2 and
r2 (Fig. 4(a)). In this case,theaverageof the two
distancesis recordedasacandidatetranslation.

2. Linesl1, r1 areparallelto eachother, andlinesl2,
r2 areparallelto eachother, but linesl1, l2 arenot
parallel. In addition the distancebetweenl1 and
r1 is equals(within a lengthandanglethreshold)
thedistancebetweenl2 andr2 (Fig. 4(b)). In this
case,anexact translationcanbecomputedby the
solutionof anover-constraintlinearsystemasex-
plainedin [12].



(a)

(b)

Figure 4: Two pairs of matchedlines. The vectors
connectingthemidpointsof thematchedsegmentspro-
vide approximationsto thetranslationbetweenthetwo
scans.(a)All four linesparallelto asameaxis.(b) Two
line pairsparallelto differentaxes.

The computedcandidatetranslationsare thenclus-
teredinto groupsof translationsthat arecloseto each
otherwithin certainthresholdsof lengthanddirection.
Intuitively, thecorrecttranslationis theonethatoccurs
mostfrequently. This is theonethatde�nes the largest
clusterof candidatetranslation. However in order to
takeinto accountmeasurementnoiseandscenesymme-
try, we considerthe N (N=10) largestclustersof can-
didatetranslations. The centroidsof theseN clusters
areconsideredasour �nal candidatetranslations.Fi-
nally, out of theseN centroidsthe onethat maximizes
the numberof line matchesbetweenthe two scansis
returnedasthe�nal translationvector1.

The above automatedprocedurecomputesa trans-
formationbetweenany pairof imagesthatoverlap.The
registeredimagepair is thendisplayedin theuserinter-
face(Sec.3). Theregistrationobtainedafter this stage
is very accurate,but still not quite satisfyingfor pho-
torealistic3D modeling. The inaccuracy comesfrom

1Thenumberof linesthatmatchassuminga rotationalmatrixand
translationalvectorcanbe computedafter both scansareplacedon
thesamecoordinatesystem.See[14].

several factors: a) The segmentationphaseintroduces
someerrorsin extractedline directionsandlengths,and
b) The clusteringmethodsfor rotationestimationand
translationestimationintroduceerrorsaswell. In the
clusteringof 3D linesthecentroidof eachclusteris se-
lectedastherepresentativemajordirection.Also in the
clusteringof candidatetranslations,thecentroidof each
clusteris selectedastherepresentativetranslation.That
is why, in order to minimize the registrationerror an
ICP algorithmneedsto beappliedasa post-processing
step. Given that the registration from the automated
routine and userinteractionis very closeto the exact
registration,the ICP algorithmis thenableto optimize
the overlappingpointsof two imagescans. In Sec.4
experimentalresultsshow that the registrationerror is
greatlydecreasedafter ICP optimizationandit reaches
thelevel of a few mm.

3 Context-SensitiveUser Interface

In order to visualizethe procedureof registration,as
well asto allow usersto correctwrongregistrationsdue
to 3D scenesymmetry, a context-sensitive user inter-
facehasbeendeveloped.For eachpair of overlapping
scansthesystemreadsthesegmentedplanarareasand
linear segments.The ef�cient range-rangeregistration
algorithmdescribedin theprevioussectionsis beingex-
ecuted�rst. After a few secondstheresultis displayed
(Fig. 5). If theuseris satis�ed with theresults/hecan
proceedwith thenext pairof scans.If ontheotherhand
thereis amistake thesystemdisplaysthefollowing op-
tions:

Figure5: Overview of theuserinterface.Two automat-
ically alignedrangescansareshown. Left window: raw
rangescans.Right window: thesamescansabstracted
aslinearsegments(differentcolorsareusedfor differ-
entscans).
(1) If theinitial rotationalcalculationwaswrongdueto



anerroneousmatchof axestheuseris presentedwith a
setof possibleorientations(Fig. 6). Theusercanselect
thecorrectorientation.Thesystemthenrecalculatesthe
translation(seeSec.2.2),ands/heis askedto verify the
result. (2) If the rotationalcalculationwascorrectbut
the result is still wrong, then the usermay chooseto
invoke the moreexpensive andcomplementaryrange-
rangeregistrationalgorithm describedin [14]. (3) If
no automatedalgorithmprovidesa correctresult then
theuserneedsto manually�x the resultedtransforma-
tion. Note that this casecanappeardue to symmetry
of theacquired3D scene.Fig. 7 shows thescreenthat
the usersees.(4) After the usermanuallycorrectsthe
transformationthe re�nement procedurethat searches
for matchingfeaturesbetweenall linescanbeinvoked.

We call this user-interfacecontext-sensitivebecause
theusercantranslateor rotatethe3D scansonly among
the major axes that form the object's local coordinate
systemasshown in Fig. 7. The threeaxesof the right
imageare displayedas red lines, along eachof them
thereis a translationdragger, and a rotation ball. By
draggingeachdragger, the translationon onedirection
is adjustedindependently, and thus overlappinglines
andpointscanbe easilyadjustedto the bestaccuracy;
the rotationball is usedto adjustrotationaroundeach
axis: by draggingthe ball along that axis, its transla-
tion is transformedinto a rotationaroundthat axis by
thecorrespondingangle,whichis appliedto theleft im-
age. By alternatively adjustingthe rotationandtrans-
lation, themanualregistrationbecomesa lot easierand
moreaccuratethanothermethodsof alignmentsuchas
picking threecorrespondingpoints from both images,
or translatingthe two scansalongaxesthatarenot re-
latedto thegeometryof thescene.

4 Experimentsand Conclusions

We testedthe semi-automaticregistration systemon
two urbanstructuresof differentstyles. The Thomas
Hunter building (HunterCollege of CUNY) is a rect-
angularbuilding with �at sidewalls. TheShepardHall
building (City College of CUNY) hasa morecompli-
catedarchitecturethat resemblesa Gothic cathedral.
We alsotestedouralgorithmusingscansgatheredfrom
the interior of the ShepardHall building. Laserrange
scanswereacquiredby a Cyrax2500laserrangescan-
ner. Eachscanconsistsof a million pointswith anac-
curacy of 6mmperpoint. As a criterionof registration
performance,we recordthe numberof matchingline
pairsascomputedin Sec.2.2(Fig. 8), andwecalculate
theaveragedistancebetweenmatchingplanes.

Consideringthe ThomasHunter building data,we
registered14 rangeimagesby applying 15 pair-wise

Figure6: A setof possibleorientationsbetweenthetwo
coordinatesystemsis presentedto the userto choose
from. In this exampletherotationin theupperleft cor-
nercorrespondsto thecorrectresult.

Figure7: Theusercanmanuallytranslateor rotateone
scanwith respectto theother. This taskis mademuch
simplerdueto thefact that theusercantranslatealong
or rotateaboutthemajororientationsof the3D scene.



Figure8: Matchinglinesbetweentwo scans.White/red
lines are border lines, and yellow/blue lines are the
matchinglinesfrom two imagesrespectively.

registrations. Among thesepairs, 13 pairs were cor-
rectly registeredwith theautomatedroutineandre�ned
by the ICP optimization. Two pairsrequiretheuserto
adjustthe translationandrotationbeforea correctreg-
istration was obtained. The time for eachautomated
registrationis displayedin Table1 (top) (onaverage20
secondsperpair- 2GHzXeonProcessor- 2GbitRAM).
Table1 (top) alsoshows the averagedistancebetween
matchedplanes2 of registeredpairsof scans, as well
ashow muchtheICPoptimizationfurtherimprovedthe
accuracy of registration.Theaverageerroroverall pairs
of scansdecreasesfrom 21.17mm(beforeICP) to 1.77
mm (after ICP). The�nal registeredline andpoint im-
agesareshown in Figs.10(a),and10(b).

Table 1 (middle) shows the pair-wise registration
timeanderrormeasurementsfor ShepardHall (15pairs
shown). Sincethis building hasmoredelicategeomet-
ric features,thesegmentationproducesa largeamount
of shortline segmentsin variousdirections.Neverthe-
lesstheexperimentalresultsshow that thealgorithmis
quiterobust: amongthe24 pairsof scans,9 pairswere
automaticallyregistered,8 pairsneededmanualtrans-
lationaladjustmentdueto scenesymmetry, and7 pairs
requiredacarefuluseradjustmenton rotation.Because
of this, thetotal timeof theregistrationis aboutanhour
(this includesuserinteraction),althoughtheautomated
registration on eachpair takes less than one minute.

2Eachextracted3D line lies on theborderof a segmentedplanar
region. Thereforematchedlines betweenscansdictatematchedpla-
narregions.

Whentherotationneedsto bemanuallyadjusted,there-
sultedregistrationusuallyhasquitevisible registration
errors,asshown in Fig.9(a). In thiscase,ICPoptimiza-
tion greatlyimprovesregistrationaccuracy (Fig. 9(b)).
The �nal registeredline and point imagesof Shepard
Hall areshown in Figs. 10(c)and10(d). Theaverage
error over all pairsof scansdecreasesfrom 51.72mm
(beforeICP) to 3.23mm(afterICP).

We also performedexperimentsin the interior of
the ShepardHall and registered21 scans(Figs. 10(e)
and 10(f)). Out of 44 pairs the automatedprocedure
produced12 correctresults,whereas18 resultsneeded
translationaladjustmentdueto scenesymmetryand13
needmanualadjustmentof translationandrotation.The
averageerror over all pairs of scansimproves from
17.59mm(beforeICP) to 7.26mm(afterICP) (Table1
(bottom)).Notethatin mostcasesthenumberof match-
ing line pairsincreaseaftertheICPoptimization(this is
what is expectedwhenthe scansarebroughtcloserto
eachother).In somecasesthoughthenumberof match-
ing linesdecreases,withouttheregistrationqualityto be
sacri�ced. Onthecontrarywecanseefrom theaverage
planeerror that ICP further improved the registration
accuracy.

Wehavepresentedasemi-automaticregistrationsys-
tem that incorporatesan automatedrange-rangeregis-
trationalgorithmwith acontext-sensitiveuserinterface.
Theuserinterfaceis beingutilized in all casesof regis-
tration errorsproducedby scenesymmetry. This sys-
tem complementsour original work of [14] and pro-
ducesef�ciently high-quality registrationresults. We
believe that we have built an arsenalof methodsthat
canbe utilized for the automaticregistrationof large-
scaleurbanscenes.Our future work includesthe de-
velopmentof a methodfor globaloptimizationafterall
pairwiseregistrationshavebeenachieved.Thiswill sig-
ni�cantly improvethe�nal result.We arealsoworking
on automatedregistrationin scenesthatdo not contain
a plethoraof linear features.Finally, we have utilized
matchingalgorithmsbetweenlines for thesolutionsof
3D rangeto 2D imageregistrationin urbanscenes[7].
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Figure10: Registrationresults. (a) & (b) ThomasHunterbuilding (14 scans).(c) & (d) ShepardHall building (24
scans).(e)& (f) Interiorof ShepardHall (21 scans).Registeredline andrangeimagesshown. Thelinesareextracted
from therangesegmentationmodule.Therangeimagescorrespondto thesourcescans.Thegrayvaluescorrespond
to thereturnedlaserintensity.



Figure9: ShepardHall. Closeup view of pairwisereg-
istration.(Top) With automatedregistrationbeforeICP
optimization.Rangescansdonot align perfectly. (Bot-
tom) After ICP optimization. Resulthasbeensigni�-
cantlyimproved.

BeforeICP After ICP
Pair Line Pairs Q

�

P err
�

P err

1 322x229 19 10 33.95 26 1.80
2 322x275 19 19 5.87 17 1.68
3 243x205 2 7 54.70 11 1.72
4 205x292 6 6 5.15 7 0.97
5 292x279 38 12 15.12 36 1.87
6 279x275 20 21 7.72 20 0.91
7 275x304 31 50 14.09 32 1.03
8 304x180 23 22 22.51 22 2.98
9 195x180 32 19 3.85 33 1.02

10 195x249 28 12 15.74 27 2.04
11 180x249 4 6 50.74 18 1.60
12 129x249 31 13 5.66 31 2.50
13 249x137 19 6 24.79 26 3.16
14 129x137 29 7 19.32 37 2.11
15 137x332 9 7 38.36 9 1.23

BeforeICP After ICP
Pair Line Pairs Q

�

P err
�

P err

1 625x211 21 3 52.64 8 11.94
2 546x539 43 34 78.05 88 1.80
3 546x638 56 8 42.60 9 3.20
4 546x211 31 3 97.26 42 2.64
5 539x638 45 27 85.71 31 3.51
6 638x642 62 113 4.78 112 1.95
7 638x360 17 30 57.39 28 2.42
8 642x360 28 17 9.49 16 2.81
9 708x237 8 8 16.93 8 3.79

10 734x334 14 12 83.59 8 0.52
11 334x149 6 4 47.02 18 1.71
12 149x176 3 7 51.48 37 1.18
13 649x501 33 23 21.33 21 3.28
14 501x203 10 24 9.59 24 5.05
15 203x281 4 8 117.90 11 2.63

BeforeICP After ICP
Pair Line Pairs Q

�

P err
�

P err

1 787x645 36 147 9.71 138 1.61
2 654x787 21 41 16.34 25 2.63
3 654x638 24 252 13.31 124 3.28
4 356x351 13 84 8.12 68 1.74
5 174x283 2 42 13.90 36 5.62
6 585x557 28 56 26.33 137 14.73
7 656x606 45 249 10.24 138 11.65
8 656x654 41 257 11.03 160 19.62
9 656x481 4 13 31.14 19 3.72

10 654x585 16 7 40.12 11 1.19
11 654x910 33 121 6.11 118 0.99
12 910x864 44 268 14.53 128 2.00
13 647x787 43 84 6.34 89 1.86
14 647x356 13 5 49.04 17 37.61
15 647x619 8 51 7.61 36 0.63

Table1: Experimentalresultson Thomas-hunterbuild-
ing (top), ShepardHall exterior (middle) and interior
(bottom). R : time of automatedregistration(beforeICP
optimization)in secs;

�

: numberof matchinglinesbe-
tweenthe two scans;S T�N�N : averagedistancebetween
matchingsegmentedplanarregions(in mm).
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